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Abstract: The development and use of highly automated vehicles (HAV) in agriculture is a highly

important task because of the lack of machine drivers and unsatisfactory level of their qualifications,

reducing the impact of harmful factors on employees of agricultural enterprises. HAVs allow to avoid

these problems: increase productivity and the efficiency of seasonal use of equipment, and reduce

the impact of harmful factors on people. Modern HAVs in agriculture are based on the following

methods: parallel driving according to geo coordinates without automatic turning and without

obstacles tracking, and on technical vision without the use of a geographic information system (for

example Cognitive AgroPilot) and a digital field map, which makes it impossible to generate the

optimal path around the field. This paper describes the approach of trajectory generation of a HAV

based on waypoint information, considering automotive kinematics in simulation mode and for a

real UAZ Patriot vehicle. Authors propose the environment for simulating the movement of HAV,

considering task restrictions. Also, authors present the application of the Q-learning algorithm for a

HAV as an intelligent agent. The Q-learning algorithm belongs to the class of reinforcement learning

algorithms with an unknown model of the environment. Authors use the Q-learning algorithm to

generate the waypoint information in a simulated environment. The authors presented a description

of the tools and operations for modifying a UAZ Patriot into a HAV. In the article, the authors

described the resulting 3D models of units, circuit solutions and system architecture. The authors

also detailed experiments and key metrics to show the effectiveness and functionality of the adapted

vehicle.

Keywords: unmanned vehicles; autonomous vehicles; navigation; agriculture; q-learning;

Reeds-Shepp curves

1. Introduction

The agricultural market is one of the most profitable and important, along with the fuel and

energy resources extraction [1]. The need to reduce the cost of production increases as the increase

of production scale. Also, is the need to reduce the number of people engaged in hard or unhealthy

work. One of the most promising opportunities for increasing productivity is the development of

highly automated vehicles (HAV) [2]. Processing agricultural fields with HAV has the following key

advantages:

• Increasing the efficiency of processing because HAVs do not require breaks and rest and do not

need to stop working in the dark;
• Reducing the cost of maintaining a large staff of drivers [3];
• Reducing the cost of growing agriculture crops also allows to lower the price of the final product,

which means get a more competitive position in the market [4];
• Reducing harmful factors for drivers when processing a field with chemicals [4].

At the moment, the market for unmanned vehicles is rapidly growing in several industries:
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• passenger taxis and other types of passengers transporting,
• transportation of cargos inside closed areas,
• transportation of cargos between cities,
• mining dump trucks,
• vehicles for transporting cargos in areas with hard climates,
• self-propelled vehicles,
• agriculture, etc.

There are two approaches to creating an HAVs. The first of them is the development of a

completely proprietary automotive platform, initially designed for autonomous driving [5]. This

approach has the advantage that the vehicle systems are initially designed to be controlled without

the participation of the driver, and there is no need to repeat the driver’s actions (pressing the pedals,

turning the steering wheel, shifting the gearbox selector, etc.). But this approach has a significant

problem: in most times, it is difficult and expensive to organize large-scale assembly of vehicles. The

second approach is the conversion of an existing vehicle in the presence of universal methods and

tools for modification [6,7].

Authors describe in this article developed models and tools for software control of vehicle systems

based on the modification of the UAZ Patriot vehicle [8].

The main aim of this project is to increase the speed of development of the subsystem for path

following for HAV through the automated selection of the main parameters of the algorithm for

generating highly discretized oriented coordinates of the movement trajectory based on waypoints

generated automatically or manually in the map editor.

Often, a HAV is forced to vary from a pre-calculated route because of the detection of static or

dynamic obstacles or the vehicle operator taking over control [9]. The HAV must continue moving

and return to its original trajectory after avoiding obstacles or returning control. Calculating a new

trajectory is a difficult task.

To solve this problem, the authors developed the complex algorithm that combines methods of

generating waypoint information and trajectory generation, considering vehicle kinematics and the

possibility of optimally continuing the route after varying from it.

Using a real vehicle to test the developed algorithms generating waypoint information and

trajectory generation is extremely inefficient and time-consuming. It is much more convenient to use

various computer-aided design systems. The authors developed the vehicle simulator that allows to

simulate the trajectory of the vehicle movement by setting the target steering angle and the vehicle

speed.

The authors tested the operation of the algorithm in the developed simulator. The proposed

simulator allows to visualize the trajectory of a vehicle based on waypoint information through

integration with the HAV control system at the level of application software interfaces.

The article is organized as follows: Section 2 presents an analysis of the related works, Section 3

describes the proposed approach, Section 4 contains a detailed description of the HAV architecture

and the circuitry used solutions, Section 5 presents the results of experiments with the Q-learning

algorithm.

2. Related works

A HAV control system can be represented as an end-to-end solution [10] implemented based

on machine learning tools, such as reinforcement learning. However, neural networks have low

explanatory power in decision-making mechanisms, which is important when solving HAV control

tasks. It is important to discover the causes when engineers analyzing road accidents. Engineers must

understand the criteria for deciding in that situation. End-to-end solutions also cannot be widely used

because of the low performance of the computing modules used on a vehicle board [11].

The classical approach to the design of HAV involves the creation of models, methods, and

programs based on the management of data flows during the control cycle. So, it is necessary to

develop and use models for processing data generated by sensors at each stage of processing [11].
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One of the most important stages in the design of a HAV control system is the path following

subsystem. The path following subsystem accepts a list of low-sample path coordinates (oriented

waypoints), and information about the vehicle itself (dimensions, turning radius).

2.1. Algorithms for generating HAV movement waypoints

Waypoints can be got in several ways. First, they are specified manually in specialized trajectory

map editors for HAV [11,12]. Second, they can be generated automatically by path planning algorithms

based on the task features and information about the environment, for example, using Q-learning

algorithms [13], RRT algorithms [14], or their modifications [15–18].

The relevance of this work is determined by the need to build an intelligent system for HAV

control. Autonomous decision-making task to construct the optimal trajectory of movement with

context of the environment arise in the absence of constant contact between the operator and the HAV.

The theoretical basis for creating intelligent HAV control systems can be reinforcement learning

(RL). A detailed classification of RL algorithms is given in [19–21]. Reinforcement algorithms are used

only for waypoint generation and not for HAV control itself. Some researchers [19] have emphasized

the effectiveness of RL methods for a certain class of problems. For example, when there are a few

permissible environmental states. The SARSA method and the Q-learning method are often noticed

among such methods. They differ from each other in that the SARSA method uses control with a single

strategy, and the Q-learning method uses control with a separate strategy, which increases the stability

of the algorithm.

The works [20,22] note that the SARSA and Q-learning methods show similar results. Therefore,

the Q-learning method [23,24] is used in this paper to study the possibility of applying RL methods to

solve the of problem of generating a HAV trajectory based on the waypoint.

2.2. Algorithms for constructing a trajectory based on waypoints information

Various algorithms can generate the optimal HAV trajectory based on waypoints information.

Such algorithms are mainly based on:

• Bezier curves [25],
• Dubins Curves [26],
• Reeds-Shepp curves [27].

Bezier curves were proposed in 1962 and are mathematical curves defined by control points.

Bezier curves are the easiest to implement. The N control points are related to the P order of the curve

by the dependence N = P + 1.

A cubic Bezier curve is suffices to connect two points that are the origins of vectors on a plane.

If a cubic curve is defined by four points P0− P3 (Figure 1), then the curve can connect two control

points P0 and P3, feeling them toward intermediate control points P1 and P2, respectively [25].

Figure 1. Example of the cubic Bezier curve.

The advantage of moving along Bezier curves is only the relative smoothness of the trajectory.

The disadvantages are much greater:

• Ineffective with strong changes of direction.
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• The need to create algorithms capable of selecting intermediate control points optimally.
• Difficulty in considering the minimum turning radius of a vehicle.
• Possibility of movement in only one direction.

Dubins curves are more suitable for solving the problem. Dubins curves were proposed in

1957 [26]. Like Bezier curves, they can connect two points on a plane, each of which is given a travel

direction. An important input parameter of this algorithm is the maximum curvature of the trajectory.

Curvature of the trajectory is limited by the minimum turning radius of the vehicle.

Dubins curves comprise only two components: straight lines and sections of maximum curvature,

which are arcs of circles. The example of Dubins curves is shown in Figure 2.

Figure 2. Example of the Dubins curve.

The most important advantage of generating a trajectory based on Dubins curves is the ease of

considering the physical limitations of the vehicle on the minimum turning radius. In addition, Dubins

curves make it possible to generate trajectories with the optimal length.

The disadvantage is the impossibility of planning a path with a change of direction during

movement. Dubins curves make it difficult to use the reverse vehicle function.

Reeds-Shepp curves are also effective to achieve the shortest length of the resulting path.

Reeds-Shepp curves are introduced in 1990. These curves are like Dubins curves but allow to generate

of a trajectory considering the functions of a vehicle to move forward and backward.

The ability of the Reeds-Shepp curves to use the both directions of movement in various cases can

provide a significant reduction in the length of the resulting path. This advantage is clearly visible

in Figure 3, where the red line shows the path based on the Reeds-Shepp curves, and the black line

shows the path based on the Dubins curves.

Figure 3. Example of paths based on the Reeds-Shepp and Dubins curves.

Reeds-Shepp curves also have disadvantages. The main one is the probability of generating a

trajectory containing an excessive number of points at which a change in the direction of movement

of the HAV should occur. This leads to an increase in movement time in various cases compared to

Dubins curves. This occurs because the vehicle cannot immediately stop or start moving. The presence

of a gearbox on a vehicle also has a negative impact on the speed of changing direction.
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A less significant disadvantage is the relative complexity of the software implementation of

Reeds-Shepp curve generators.

3. Proposed approach

3.1. Q-learning algorithm for generating HAV trajectory waypoints information

Agent is a HAV model, which learns and decides about choosing the direction of movement in

a discrete 2D space. Environment is an agricultural field through which the agent needs to move.

Reward is a numerical value that is returned by the environment depending on a successful or not

successful agent action [28].

Agent and environment interact in time and form a sequence of steps t = 1, 2, ..., n. Agent receives

information at each t step about the state st ∈ S (observation result) of the environment as a reaction

to the performed action at ∈ A. At the next step t + 1, the agent receives a reward r(t + 1) ∈ R and

moves to the next state s(t + 1) ∈ S.

Figure 4 shows a simplified model of the environment for generating the HAV trajectory. The

initial state s0 and actions of the agent at = {a
up
t , adown

t , a
le f t
t , a

right
t } available in any state of the

environment are shown. If the agent is in a certain state (Figure 2) and chooses an action a
right
0 , then

the environment goes into the state s(t + 1) and the agent receives a reward r(t + 1).

Figure 4. Basic elements of an simulation environment: s0 is an agent initial state; St is an obstacle.

The formulation of the problem considers that the number of states of the environment is limited

and is calculated based on data on the dimensions of the width and length of the geometry of

an agricultural field which along the agent moves and the size of the grid. Parametrically, the

state is determined by the agent coordinates at a certain step in the formation of a learning episode

st =< xt, yt > (HAV movement trajectory).

The set of types of rewards R is determined as the following possible situations:

1. The current action takes the agent outside the boundaries (rout
t ∈ R) of the simulation

environment. This reward has a negative value, because is a penalty.

2. Changing the HAV coordinates (r
shi f t
t ∈ R).

3. The agent enters an area marked as an obstacle (rbarrier
t ∈ R). This reward is also a penalty.

4. The HAV arrives at the target route completion point (rt
target ∈ R).

The main aim of the proposed algorithm based on reinforcement learning is to generate the

optimal trajectory of the HAV. The HAV must avoid falling into zones marked as obstacles and reach

the end point of the route.
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The algorithm for generating the HAV trajectory is associated with the concept of an episode. An

episode is understood as a sequence of repeated interactions of the HAV with the environment. The

episode is a finite Markov process:

(s0, a0, 0)→ (s1, a1, r1)→ (s2, a2, r2)→ ...→ (sT , aT , rT),

where T is the moment of the episode completion.

The generated episode ends in the following cases:

• The trajectory of the simulated HAV crosses the area marked as an obstacle.
• The HAV reached the final point of the route and the algorithm generates the optimal trajectory.
• The episode length has reached its maximum..

The total income from time t to the end of the episode is calculated using the following equation:

Gt = rt+1 + γ · rt+2 + γ2 · rt+3 + ... + γT−t−1 · rT =
T

∑
k=t+1

γk−t−1 · rk,

where γ = (0, 1) is the discount factor for the received reward.

The Q-learning algorithm is based on the Q-table, which contains the optimal values of the action

quality function q∗(s, a), calculated using the Bellman optimality equation:

q∗(s, a) = ∑
ś,ŕ

p(ś, ŕ|s, a)(ŕ + γ ·maxáq∗(ś, á)),

where ś, ŕ is a next state and a reward received by the HAV, respectively. Expression p(ś, ŕ|s, a) specifies

the dynamics of the environment and determines the probability of transition to state ś and receive of

reward ŕ, then the HAV is in state s and chooses action a.

Table 1 shows the Q-table example.

Table 1. Q-table example.

a1 a2 a3 a4

s1 q∗(s1, a1) q∗(s1, a2) q∗(s1, a3) q∗(s1, a4)
s2 q∗(s2, a1) q∗(s2, a2) q∗(s2, a3) q∗(s2, a4)
s3 q∗(s3, a1) q∗(s3, a2) q∗(s3, a3) q∗(s3, a4)
sn ... ... ... ...

Table 1 shows four HAV actions:

• upward movement,
• downward movement,
• movement to the right,
• movement to the left.

The number of states is determined by the number of nodes in the discrete grid environment in which

the HAV exists.

Since the model of the environment is unknown according to the conditions of the current task,

the information about the environment of the HAV must be reached through repeated attempts to

construct trajectories (generate episodes).

The pseudo-code of the Q-learning algorithm for generating the HAV trajectory has the following

form:
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initialize a Q-table for each state-action pair

set α ∈ (0, 1], γ ∈ (0, 1]

for N episodes do:

st = initial_environment()

while st not the last state do:

at = ε_greedy(Q, st)

rt+1, st+1 = next_step_environment(at)

q(st, at)← q(st, at) + α · [rt+1 + γ ·maxa(st+1, a)− q(st, at)]

st = st+1

The algorithm begins from initializing the Q-table with zero values. Next, values of the learning

rate coefficients α and reward discounting coefficients γ received by the agent at each learning step are

assigned. The for loop generates a set of episodes. The initial state is initialized for each episode. HAV

always starts moving from the specified position.

The while loop of the algorithm sequentially forms a separate episode. The next action is

determined using an epsilon-greedy algorithm. With some probability ε the action of the HAV is

chosen randomly, otherwise as an argument of the function maxa (st, a).

After determining the action, the simulation system performs the next step, and the environment

returns the next state st+1 and reward rt+1. The behavior of the environment is deterministic in this

task. The Q-table values are updated according to the function given in the algorithm pseudocode.

Q-table contains the optimal values of the action cost function after the execution of the various

algorithms episodes N. So, it is possible to construct the trajectory of the HAV movement using a

“greedy” strategy. Table 2 contains an example of a completed Q-table.

Table 2. Example of a completed Q-table.

down up left right

(20,20) 9,8 -1,4 7 4,3

(20,30) 1,6 4,1 0 4,8

(30,30) 7,7 5,2 7 3,3

(30,40) 6,3 5,6 8 1,1

As you can see from Table 2:

Step 1. Let the initial state correspond to coordinates (20,20). The grid size is 10 units. The maximum

of the action quality function occurs to the ”downward movement” action for the initial

state. This action leads to the state (20,30). Y coordinate increases by one step, because

the origin (0,0) is in the upper left corner of the coordinate plane.
Step 2. The maximum of the quality function corresponds to the ”movement to the right” action for

the (20,30) state. There is a transition to the next state (30,30).
Step 3. The ”downward movement” action has the maximum value for the (30,30) state. The next

state is (30,40).
Step 4. Next, the ”movement to the left” action has the maximum value for the state (30,40). The

algorithm stops because the state (20,40) is a last point of the trajectory.

Thus, the waypoint information of the HAV movement across the field is formed after executing

the proposed algorithm as a vector of points, each of which corresponds to a geographic coordinate.

3.2. Algorithm for trajectory generation based on waypoint information and Reeds-Shepp curves

The authors develop the simulator that considering the basic parameters of the route (obstacles),

road width, and vehicle parameters (dimensions and turning radius) to determine the parameters of

the implemented algorithm based on Reeds-Shepp curves (rounding and sampling step).
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A receiving vector of highly discretized points describing the planned trajectory can be given to

the input of a route following algorithm, which is based on a method for minimizing the deviation

between the actual and calculated trajectories.

Since the HAV is assumed to move on the ground, it is suffices to use only two axes for modeling.

The resulting HAV model in a simplified form is described by the following five parameters: position

in the plane, speed on both axes, and rotation angle. Each parameter is recalculated on each frame,

and has a dependence on the previous one.

The rotation angle is calculated using the following equation:

α = α′ +
β

10

where α′ is the previous angle value; β is the vehicle turning ratio.

The velocities relative to the axes are calculated based on the resulting angle:

x′1 =

(

x′0 −
cos(α)− v

2

)

· 0, 7 ·
cos(α) · v

2

y′1 =

(

y′0 −
sin(α)− v

2

)

· 0, 7 ·
sin(α) · v

2

where x′0 and y′0 are the speed in the previous calculation for x and y, respectively.

The coordinates are received by adding the previous coordinates with the speed:

x1 = x0 + x′1

y1 = y0 + y′1

Figure 5 shows an example of how the proposed simulator works:

Figure 5. Example of proposed simulator work.

Waypoints information is converted into a specific route at intermediate stages of data processing,

considering the following HAV characteristics: turning radius, dimensions, and the ability to use

reverse gear (reversing). This route comprises highly discretized waypoints determined by the

algorithm parameters and vehicle maneuverability. The algorithm for constructing Dubins curves [26]

is used for the route on which the use of reverse gear is not expected, and the Reeds-Shepp

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 November 2023                   doi:10.20944/preprints202311.1885.v1

https://doi.org/10.20944/preprints202311.1885.v1


9 of 17

curves [27,29] are used for the route the movement of which requires reversing. The algorithm

for constructing Reeds-Shepp curves is the main one in this work.

The proposed algorithm takes the waypoint information as input and builds vectors on the plane

from the HAV to the first two unreached points in the sequence and determines the angle between the

course of the vehicle and the sum of vectors on the plane to the points depending on the proportionality

coefficient.

The vector on the plane is calculated using the following equation:

v̄ =
v̄1 · α + v̄2 · (1 − α)

2

where v̄1 and v̄2 are vectors from the HAV to the first point and from the first point to the second,

respectively; α is the proportionality coefficient.

After this, the angle between the heading and the resulting vector is calculated and multiplied by

the steering coefficient to correspond to the maximum angle of rotation of the HAV wheels.

Checking to reach the nearest points is performed by calculating the vehicle distance for this

point. If the point has approached the specified threshold value, then the point is marked as passed.

Figure 6 shows an example of how the proposed algorithm works in a simulation environment.

Figure 6. Example of the proposed algorithm work.

Purple illustrates the traveled path, red and blue illustrate the high-sample path planned using

the Reeds-Shepp algorithm, and gray illustrates the low-sample path set by the proposed Q-learning

algorithm.

4. System architecture and circuit solutions

SAE International classification of levels of autonomy for automotive engineers identifies five

levels of autonomy [30]. This paper describes models and methods for converting a zero-level vehicle

(without automation) into a third (conditional automation) or higher (high/full automation), while

high reliability and safety requirements are imposed on the system [31]. But not only controllers

are implemented for transmitting control actions to the vehicle but also a subsystem for centralized

control of the controllers, ensuring their coordinated operation, and tool for emergency stopping the

vehicle with an emergency [32]. The microcomputer centrally generates individual commands for the

controllers in automatic control mode, providing control over the execution of these commands for

safety [33].

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 November 2023                   doi:10.20944/preprints202311.1885.v1

https://doi.org/10.20944/preprints202311.1885.v1


10 of 17

Microcomputer in the developed system control signals are transmitted not to individual

components, but to a specially designed hardware controller of the HAV to avoid the issues of a

microcomputer freezing. This controller checks the correctness of control commands and tracks errors

in the system operation, and also implements the transition to manual or remote control mode and

performs various safety algorithms, including emergency stops. Thus, all important functions of the

autonomous control system are implemented at a low level and remain operational, even without the

participation of a computer.

Figure 7 shows the architecture of the command execution subsystem for the HAV.

In the developed command execution subsystem, there are three most important blocks:

1. The main unit includes a radio receiver for communication with the control panel, connectors for

communication with the thruster, and an emulator of the electronic gas pedal. The main unit

receives control commands from the HAV control system and ensures coordination of the actions

of other units besides controlling these modules.
2. The drive control unit contains drivers for regulating electric motors, which move the brake

pedal and shifting the gearbox selector.
3. The relay box equipped with eight relay modules, ethernet and CAN interface, and GPIO controls

automotive electronics, including the ignition switch, headlights, turn signals and horns.

Figure 7. Architecture of the HAV command execution subsystem.

Each unit is equipped with an ESP32 controller loaded with a specialized program. The connection

between these blocks is established through a router using an Ethernet interface. A similar approach is

used in popular self-driving electric vehicles from Tesla [34,35].

The drive control unit deserves special attention among all the components. Synchronous motors

were chosen for the drives because they are best suited for implementing vector control.

Field-oriented control (FOC) is a method of controlling synchronous and asynchronous motors,

not only generating harmonic phase currents (voltages) (scalar control), but also providing control of

the rotor magnetic flux [36]. The currents, voltages, and magnetic fluxes of a vehicle are expressed as

space vectors within a rotating reference frame (RRF). The operating principle of FOC is based on the

machine equations in this RRF. Let us consider the stator equations of an isotropic PMSM in RRF:

Uds = Rs Ids + (dΨds)/dt−ωsΨqs;

Uqs = Rs Iqs + (dΨqs)/dt−ωsΨds;

Ψds = Ld Ids + ΨPM;

Ψqs = Lq Iqs;

The equation for torque is:

Tem =
3

2
p(Ψds Iqs −Ψqs Ids);
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Stator current control can comprise two digital PI controllers, followed by some basic math to

calculate PWM duty cycles. A decoupling circuit is needed to achieve independent control of each

current component since the d and q axes are coupled. PI controllers can be tuned using the optimal

value criterion:


























Tn = T1,

Ti = 2K1Ttot,

Kp = Tn/Ti,

Ti = 1/Ti.

To rotate the motors, it was used three BTS7960 microcircuits (Figure 8), each of which contains

two MOSFET transistors forming a half-bridge, as well as the logic necessary to control it, including

a built-in dead time generator, protection from overloads, short circuits, high supply voltage, which

makes their integration, and also increases the reliability of the finished device. The permissible supply

voltage of the microcircuits is up to 27 volts, and the switching current is up to 40 amperes.

Figure 8. Block diagram of BTS7960.

An absolute encoder qy3806 is used for feedback to the motor interaction with it occurs via the

SPI interface.

4.1. Drive systems

Besides electronic components, to develop an unmanned vehicle, the conversion kit must also

include the drives themselves, which handle the movement of the vehicle control elements. Physical

control of one brake pedal (the gas pedal is completely electronic), the gear selector, and the angle of

rotation of the steering shaft are required in the HAV equipped with an automatic transmission. Thus,

three drives are required, and it is convenient to combine the selector and brake drives into one remote

module and place them in any convenient place in the HAV. The possibility of free placement of drives

appears because of the use of special automotive cables: a regular one is sufficient for the brake pedal,

but a pusher is required for the gearbox selector.

The possibility of unimpeded interception of control by the operator should be left in place when

developing control systems for vehicle controls. Synchronous motors were used as motors instead of

actuators for this purpose. A specific module was developed to control the brake and gearbox of a

vehicle (Figure 9). Its peculiarity is the ability to install the device itself not only directly next to the

controls, but for example under the seat or inside the trunk of the HAV, and because of the use of thin

cables. It remains possible to close all the standard interior covers of the HAV, preserving the original

condition of the HAV as much as possible (Figure 10).
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Figure 9. Drawing of a device with drives for the gearbox and brake pedal.

Figure 10. Refurbished interior of a UAZ Patriot.

The steering of the HAV undercast significant modifications by integrating an additional motor

that rotates the steering shaft, since most trucks and work vehicles are not equipped with factory

electronic power steering. Module with a serial EMS2 drive to rotate the steering shaft was developed

based on the standard UAZ Patriot steering column. The standard ability to adjust the steering wheel

in height and reach is kept (see Figure 11).

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 November 2023                   doi:10.20944/preprints202311.1885.v1

https://doi.org/10.20944/preprints202311.1885.v1


13 of 17

Figure 11. Drawing of a modified steering column with thruster.

5. Results of computational experiments

A modeling system has been developed to conduct computational experiments with proposed

Q-learning algorithm as a web application in Python language [37] using the Flask framework. Matrix

calculations were performed using the NumPy library. Figure 12 shows the main simulation window.

Figure 12. Main simulation window.

As you can see in Figure 1, a HAV model has initial coordinates (20,20). There are four obstacles

in the simulated environment: three of them have a radius of 50 units, and one has a radius of 30 units.

The grid size is 10 units. The dot at the bottom of the simulation window illustrates the final point of

route that the HAV must reach. Modeling window size is 450 x 280 unit.

The results of all experiments which are presented in this article were conducted with the following

algorithm parameters:

• Learning rate is 0.1.
• Reward discount factor is 0.9.
• Penalty for going out of bounds is -10.
• Penalty for enters an area marked as an obstacle is -100.
• Penalty for passing the simulation environment field is -1.
• Reward for finding the target is 100.
• Probability of choosing a random action is 10%.
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5.1. Experiment 1 (100 episodes)

Figure 13 shows the graph of changes in the total reward when modeling the HAV trajectory

for 100 episode. As you can see that the agent is undertrained and the trajectory contains random

movements, which are often exploratory.

Figure 13. Changes in total reward value over 100 episodes.

5.2. Experiment 2 (500 episodes)

Figure 14 shows the graph of changes in the total reward when modeling the HAV trajectory for

500 episode. The trajectory of the HAV is more stable compared with the previous experiment, with

few random movements.

Figure 14. Changes in total reward value over 500 episodes.

As you can see in Figure 14, there is a convergence to the positive values of the total agent reward.

However, there are still significant deviations from the optimal value.

5.3. Experiment 3 (1000 episodes)

This experiment shows that training the algorithm on 1000 episodes is quite suffices to reach

satisfactory results for a current task (Figure 15).
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Figure 15. Changes in total reward value over 1000 episodes.

As you can see from Figure 15, there is a convergence to the positive values of the total agent

reward with minimal deviations. The spike in the value of the total reward at approximately at episode

850 is associated with the random choice of the agent actions in 10% of decision-making.

6. Conclusions

This paper describes methods and tools for designing a HAV control system for movement along

waypoints. The waypoint information of the HAV movement across the field is formed after executing

the proposed Q-learning algorithm as a vector of points, each of which corresponds to a geographic

coordinate.

The main advantage of the proposed approach is that the intelligent agent learns without having

previously known information about the environment in which it is placed. It is shown that with a few

number of states of the environment, convergence of the learning algorithm is observed.

The authors develop the simulator that considering the basic parameters of the route (obstacles),

road width, and vehicle parameters (dimensions and turning radius) to determine the parameters of

the implemented algorithm based on Reeds-Shepp curves (rounding and sampling step).

A receiving vector of highly discretized points describing the planned trajectory can be given to

the input of a route following algorithm, which is based on a method for minimizing the deviation

between the actual and calculated trajectories.

The developed tools were tested in a simulation environment and in a real UAZ Patriot vehicle.

As the future work, authors will plan to develop path planning tools based on maps and a model

of the surrounding scene.
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