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PAPER

Autonomous Mobile Robot Prototype for Vegetative 
Furrows Following Based on Optimal Control over ROS

ABSTRACT
This study focuses on the development of autonomous reactive navigation strategies for 
mobile robots that must navigate between agricultural crop rows using optimal control tech-
niques. Therefore, we configured a differential-drive mobile robot that navigates the crop row. 
Designed, implemented, and tested a linear quadratic regulator (LQR) and linear quadratic 
Gaussian (LQG) controller for a mission related to the following of crop rows. Sensors such 
as a laser light detection and ranging (LiDAR) sensor for distance measurement, an inertial 
measurement unit (IMU) that measures orientation, and encoders that measure motor angu-
lar speeds are included in the robot. To integrate sensors, actuators, and control algorithms, 
the robot operating system (ROS) framework was used as middleware. There is a detailed 
discussion of the methodology for utilizing sensors and actuators and implementing optimal 
control algorithms. Results obtained in this study demonstrate the effectiveness of the LQR 
and LQG controllers in maintaining the robot’s trajectory and correcting deviations caused 
by disturbances.

KEYWORDS
precision agriculture, optimal controllers, autonomous mobile robot, laser light detection and 
ranging (LIDAR), inertial measurement unit (IMU), noise, RMSE, robot operating system (ROS)

1	 INTRODUCTION

Agriculture is one of the most critical sectors of the world economy, as it provides 
the food and raw materials needed to sustain the world’s population. However, the 
agricultural industry faces significant challenges, such as the need to increase pro-
ductivity, reduce environmental impact, and improve working conditions. These 
challenges are especially pressing in the context of global population growth, cli-
mate change, and the increasing demand for sustainable practices. In response, 
modern agriculture has turned to technological innovations, particularly robotics 
and automation, to address these issues and improve efficiency [1, 2, 3, 4]. Recent 
research has illustrated the diverse applications of these technologies. For instance, 
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[4] implemented IoT-based robotic greenhouse systems with zoned automation 
to optimize tomato cultivation. Furthermore, [5] underscored the significance 
of user-centered design in the development of mobile agricultural monitoring  
platforms. Additionally, [6] emphasized that the successful integration of such 
innovations by agri-food microenterprises is contingent upon training that is tailored 
to local needs and the digital literacy of the workforce.

The integration of robotics in agriculture, often referred to as agricultural robot-
ics, has the potential to revolutionize the industry. Robots can perform tasks such as 
planting, harvesting, and monitoring crops with precision and consistency, reducing 
reliance on manual labor and minimizing waste of resources [2, 3]. However, the 
deployment of agricultural robots requires advanced control systems to ensure pre-
cise navigation, obstacle avoidance, and task execution in dynamic, unstructured 
environments [1, 3].

According to [7], in agriculture, plant density refers to the number of plants per 
unit area of ground. Since plant density is affected by plant spacing, which, according 
to [8], is the arrangement of plants on the planted area. As part of vegetable crop 
production, plant spacing is crucial for ensuring all plants receive sufficient sun-
light, water, and nutrients, facilitating air circulation between plants, and enabling 
the detection of pests and diseases. In addition, it facilitates access to pest control 
measures such as handpicking and spraying, as well as intercultural operations 
such as weeding and pruning. From the point of view of a planting pattern layout 
scheme, planting in straight rows can be categorized into two categories: (a) vertical 
rows and (b) alternate rows. A row of vegetables is planted exactly perpendicular to 
its neighbors in the former pattern (square and rectangular systems) [7, 9]. In accor-
dance, in this approach, potted plants are arranged in a rectangular arrangement as 
shown in Figure 1.

Fig. 1. The field of experimentation

The main objective of this study is to design and implement optimal control 
methods, specifically linear quadratic regulator (LQR) and linear quadratic Gaussian 
(LQG), to control the navigation of a differential drive mobile robot capable of auton-
omously navigating crop rows. These control techniques have been selected due 
to their ability to minimize errors in trajectory tracking and disturbance rejection 
[10]. Additionally, the study examines the impact of laser light detection and ranging 
(LiDAR) sensor noise caused by leaves and stems of plants, on the performance of 
the robot.

In the robot mission, autonomous robotic reactive navigation plays an important 
role. According to [11], reactive navigation is a well-known paradigm for controlling 
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an autonomous mobile robot, which suggests making all control decisions through 
some light processing of the current or recent sensor data. Among the many advan-
tages of this paradigm are 1) the possibility to apply it to robots with limited and low-
priced hardware resources and 2) the fact of being able to safely navigate a robot 
in completely unknown environments containing unpredictable moving obstacles. 
In the line of reactive navigation for mobile robots and according to [12], wall- 
following behavior refers to moving along contours of walls or the edge of obstacles 
and keeping a constant distance between mobile robots and the wall. Wall following 
behavior is the basis of reactive navigation between agricultural crop rows. In this 
context, [13, 14] used this principle to achieve a reactive navigation system based on 
H∞ control and LiDAR readings on corn crops. In [15], a fuzzy controller was used 
to maintain a differential drive mobile robot in a path between crop rows using the 
robotic operational system (ROS). In [16] crop rows detection is documented using 
the Terrasentia robot.

This study distinguishes itself from prior research that applied optimal control 
to laboratory-scale robots by offering a practical comparison between LQR and LQG 
controllers [10], within a real agricultural context, specifically in vegetative furrows, 
utilizing the ROS framework [17, 18]. This integration of optimal control and agri-
cultural robotics offers novel insights into reactive navigation amidst natural 
disturbances, such as LiDAR noise induced by leaves and stems.

In Section 2, how the mobile robot has been configured for this study is 
described. Section 3 introduces the lateral distance measurement procedure for 
following crop rows. Section 4 describes the implementation in ROS. The closed 
loop optimal control system is discussed in Section 5, followed by results and 
conclusions.

2	 MOBILE ROBOT DESCRIPTION

A differential-driven mobile robot prototype was constructed. Figure 2 illustrates 
the robot’s dimensions in centimeters. Figure 2a illustrates a side view, Figure 2b 
depicts a front view, Figure 2c illustrates a top view, and Figure 2d illustrates an 
underside view. The mobile robot weighs approximately 1.5 kilograms, and it is pro-
pelled by two DC motors controlled by its caterpillar system. To carrying the vehicle 
devices, the mobile robot has been structured into three floors. The devices were 
distributed, as shown in Figure 3, as follows: 1) under the first floor, there are two 
DC motors; 2) on the first floor, there are two 12VDC batteries. One battery supplies 
power to a mini-PC, micro controller Board, inertial measurement unit (IMU), and 
LIDAR sensor, while the second battery supplies power to two H-bridges that control 
the two DC motors. The first floor also contains two H-bridges and one IMU BNO055; 
the second floor contains a minicomputer (mini-PC); the third floor has a LiDAR 
sensor; and finally, a caterpillar locomotion system is suitably assembled under the 
robot chassis.

An x86 fan-less computer was deployed over the robot structure, since a key soft-
ware element of this approach is the ROS [17, 18]. It corresponds to the Hyundai 
MiniPC, which is equipped with a Celeron N4020 processor running at up to 2.8 GHz, 
4 GB of RAM, and 128 GB of solid-state storage. Linux Ubuntu 20.04 was installed on 
the computer, as well as the noetic ROS distribution.

https://online-journals.org/index.php/i-joe
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Fig. 2. Mobile robot dimensions

A LiDAR sensor is mounted over the robot structure, whose model name is 
YDLiDAR X2. The sensor has been developed by Shenzhen EAI Technology Co., Ltd. 
LiDAR is a remote sensing technology that utilizes laser light beams with defined 
intensity and focus, with the reflected beam arriving time being measured by pho-
todiodes (PD) within the sensor [15, 19, 20, 21]. In addition to measuring distances, 
LIDAR sensors are capable of detecting obstacles in their surroundings [19, 20, 21]. 
A description of how to set up the YDLidar sensor for use with the Linux Ubuntu 
distribution is included in the YDLidar user manual, as are instructions on how 
to install ROS drivers. This manual specifies that YDLidar is compatible only with 
Ubuntu 18.04; however, we tested YDLidar on Linux Ubuntu 20.04 and obtained 
acceptable results [19].

The BNO055 inertial measurement unit (IMU) is described in [22, 23, 24, 25] as 
a nine-axis absolute orientation sensor that integrates a three-axis accelerometer, 
a three-axis gyroscope, and a three-axis magnetometer. This sensor is capable of 
measuring rigid body pitch, yaw, and raw angles. The mobile robot is equipped 
with an IMU whose readings can be read via I2C protocol. A microcontroller 
was used to transfer the data from the IMU to the main computer through USB 
communication.

https://online-journals.org/index.php/i-joe
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Fig. 3. Arrangement of components on the robot chassis: (1) DC motors; (2) 12VDC batteries; (3) H-bridges; 
(4) the IMU BNO055; (5) Mini-PC; (6) LiDAR sensor; (7) Caterpillar locomotion system

Robot locomotion is dependent on a caterpillar tracking system controlled by two 
DC motors whose commercial reference is GM25-370CA. This model is equipped 
with a gearbox and is manufactured by TT Motor (HK) Industrial Co., Ltd. Each 
motor is equipped with a quadrature encoder, which allows for the calculation of 
the rotational speed and the angular position of its axis.

In Figure 4, a block diagram depicts the data communication between the vehicle 
devices, in accordance the microcontroller reads the IMU sensor via I2C communi-
cation protocol, and sends the IMU measurements to the miniPC via USB connection. 
Also through the USB connection, the microcontroller receives commands from the 
miniPC to drive the DC motors. The LiDar sensor is equipped with a UART, which 
enables it to communicate with the miniPC via USB. Therefore, LiDar readings are 
transmitted to the miniPC, which interprets them by using Python libraries. Using 
a double L298 H-Bridge connected to the microcontroller, two DC motors can be 
driven. Angular speed is measured by Hall Effect quadrature encoders connected to 
the microcontroller on both DC motors.

As the main processor is an x64 computer running Ubuntu 20.04, it has been 
configured to run Python3 [26, 27] as well as the Noetic distribution of ROS [17, 18].

Fig. 4. Devices relations

3	 THE LATERAL DISTANCE MEASUREMENT

Since LiDAR measures distances to obstacles all around it, it reports corresponding 
angles also [19, 20, 21]. Based on experiments and approaches documented in [13, 14, 15],  
we found that using a fixed LIDAR beam pointing at a specific angle to calculate the 
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lateral distance to a furrow is not appropriate for determining the distance between 
plants since the beam will eventually pass through the separation between the plants. 
The phenomenon also occurs when several beams are used, as shown in Figure 5a, 
where some beams escape from the furrow. Also, it was noted that the orientation of the 
vehicle must be taken into account when calculating the distance from the mobile robot 
to the crop file (lm). For resolving these circumstances, five restrictions were considered. 
The five restrictions considered in the design of the lateral distance measurement algo-
rithm are as follows: 1) Sensor coverage, 2) Vehicle orientation, 3) LiDAR measurement 
region (LMR), 4) Filtering of invalid readings, 5) Validation of projected distances.

As a first restriction, it is important to keep in mind that the LIDAR measures 
distances to obstacles all around it, as well as the angle for each distance measured. 
Accordingly, the mode in which the angles are reported is depicted in Figure 5b, 
where for a LiDar side the angles are reported between 0 rads and π rads, while for 
the opposite LiDar side, the angles are reported between -0 rads and π rads.

Regarding the second restriction, the vehicle heading orientation (ψ) which is 
measured by an IMU (reference) must also be considered. We therefore use ψ to cal-
culate the current orientation error (eψ = ψd - ψ) where ψd corresponds to the desired 
vehicle heading during the robot mission.

A third restriction involves configuring a LMR that consists of high and low 
thresholds, as shown in Figure 5b. According to equations (1) and (2), the LMR will 
generate an observation window which is defined by an angle (α) in relation to π/2. 
Consequently, it is appropriate to indicate that the LMR remains unemployed in 
situations a1, a2, and a3 of Figure 5c. However, equations (1) and (2) allow the dis-
placement of the LMR in order to ensure that the measurement window during the 
robot mission remains orthogonally in relation to the ideal heading angle, as illus-
trated in Figure 5d, situations d1, d2 and d3, which represent the LMR correction for 
situations depicted in Figure 5a, situations a1, a2 and a3 respectively.
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As a fourth restriction, due to the fact that measurements reported as zero in the 
LiDar sensor correspond to distances so close or so far from the LiDar, those mea-
surements are discarded in the correct LMR and the remainder are projected. Let us 
illustrate this point by using Figure 5c, which shows a situation in which LMR has 
been corrected and some measurements have been extracted just to demonstrate 
how lm can be calculated. Consequently, we outlined the process in Figure 5c by tak-
ing only one set of LiDar measurements, such that each measurement corresponds 
to a LIDAR angle. In equations (3) and (4), lx represents each projection, and each 
measurement must be projected as described in the equations.
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The fifth restriction aims to distinguish valid measurements from invalid 
measurements. In Figure 5d, the furrows in our experiment field are separated 
by a distance of w. If lx is greater than w, then this projection must be rejected. 
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The remaining projections will be considered valid projections, which will allow us 
to compute lm using equation (5), where n indicates the number of valid projections.

	 l

l

n
m

n

x

� �1
. 	 (5)

Fig. 5. (a) Error measurement due to the beam passing through the separation between the plants;  
(b) Angular configuration of the LiDar sensor; (c) Definition of threshold for considered measurements;  

(d) Displacement of the LMR to ensure that the measurement window during the robot mission
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4	 ROS UNDERTAKING

The ROS Noetic distribution was used in this project, with ROS nodes configured 
in Python3 programming language. A library for utilizing the LiDar sensor from ROS 
was also required [19], a library for using the IMU sensor [25], as well as the serial 
library [17]. Referring again to Figure 4, we are able to correlate the information 
flux with the configured ROS nodes as shown in Figure 6. In accordance with the 
LiDAR sensor, angle and distance measurements are sent to the miniPC. In contrast, 
orientation measurements are sent from the IMU to the microcontroller, which in 
turn passes this data to the miniPC. In order to clarify, it is appropriate to specify 
that the controller and the LIDAR nodes reside on the miniPC, while the μcontroller 
node resides on the microcontroller. LIDAR node publishes all LIDAR measurements 
(distances and angles) to the topic laser_fan. In order to receive LIDAR measurements, 
the controller node subscribes to the laser_fan topic. It has a publisher that publishes 
the orientation measured by the IMU sensor heading to the topic ψ. The controller 
node has another subscriber who is subscribed to the ψ topic.

Fig. 6. ROS nodes and topics in the project

Considering that the controller node subscribes to the laser_fan and ψ topics, 
LIDAR measurements and vehicle orientation are processed by this node according 
to Figure 6 and equations (1) to (5), which allow the robot mission to be accomplished 
by calculating a control action. In the controller node, control actions are delivered 
through a publisher that publishes information to the topic u. The μController node 
subscribes to the topic u. Control actions are calculated using a closed loop control 
system strategy.

5	 CLOSED LOOP OPTIMAL CONTROL SYSTEM

A closed-loop and optimal control system deals with the robot’s mission, as 
shown in Figure 7. This figure depicts two levels of control, where the high-level 
control receives information from the LiDAR and the BNO055 sensors. The high-
level control calculates the control action (u) aiming at the accomplishment of the 
robot’s mission. The low-level control stage consists of a PID controller that guaran-
tees wheel velocities. Notice that the velocity reference is the control action given by 
the kinematic control plus a nominal angular velocity, which is set like ωn = 1.8 rad/s. 
Figure 7 shows the LQG approach, which consists of the feedback given by the 
Kalman filter estimation and the LQR control vector. In the graph, the robot is a 
non-linear kinematic model, and motors are the functions GR and GL for the right 
and left wheels, respectively.

https://online-journals.org/index.php/i-joe
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Fig. 7. Overall control system

5.1	 Optimal controller for high-level control system

Optimal control systems are based on a mathematical model of the plant to be 
controlled [28, Ch. 9 page 359, 29]. The adopted mathematical model corresponds to 
a differential drive, then under kinematic considerations is defined by equations (6) 
and (7), where y is the lateral speed of the robot, ωL and ωR are the angular speeds 
of the left and right robot sides respectively. In accordance to shown in Figure 8, r 
is the radius of the wheel which that tracks the caterpillar system and finally, b is a 
distance between the longitudinal axis of the robot chassis and a longitudinal axis of 
belt of the track system and finally, α is the angular speed of the mobile robot.

Fig. 8. Robot kinematic model
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In accordance with the kinematic model the vehicle angular speed depends on 
the angular speeds difference, the radius r and the separation b. Kinematic model is 
linearized around the set point α = 0 using the Taylors approach, getting the model 
expressed in space state as follows,
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5.2	 Linear quadratic regulator

Consider the discrete time linear mathematical model,

	 xi+1 = Fxi + Gui, i = 0, …, N – 1,	 (9)

Where, xi  n is the state vector, ui  m is the control action and F  nxn and 
G   nxm are parametrical matrices. The goal of the LQR is to find the sequence ui 
which minimizes the cost function indicated in the equation (10) subjects to the 
model in equation (9).

	 J x P x x Q x u R u
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N N

j
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i
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j j j
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j j
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The ponderation matrices with suitable dimensions P  0, Q  0, R  0 allows to 
get the optimal control law u Kx

i i

* � �  and the control vector K through the usage of 
the following recursive equations,

	 Pi = FT(Pi+1 – Pi+1G(Ri + GTPi+1G)-1GTPi+1)F + Qi,	 (11)

	 K = (Ri + GTPi+1G)-1GTPi+1F.	 (12)

In this research, we calculated for validation purposes an LQR control by the 
following matrices,

	 Q R�
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1000000 0

0 300000

10 0

0 10
, , 	 (13)

where the control vector is given by:

	 K �
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�

�
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�
�

20 07 16 25

29 07 16 25

. .

. .
. 	 (14)

5.3	 Linear quadratic Gaussian regulator

Consider the following discrete time linear mathematical model,

	 xi+1 = Fxi + Gui + Γγi+1, i = 0, …, N,	 (15)

	 zi = Cxi + vi,	 (16)
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Where, xi  n is the state vector, ui  m is the control action, �γ
i

mε R 2 is the distur-
bance, zi  Rp is the measured vector, vi  Rt is the noise vector, F, G, Γ and C are para-
metric matrices with suitable dimensions. In accordance with separation principle 
[28, Ch. 8 page 302], the LQG control aims to find the sequence ui that minimizes an 
expected cost function using the LQR in the same way as in equations (9) to (14), 
however, the state variables are estimated using a Kalman filter. This filter aims to 
find the optimal estimates of the states ˆ ˆ,* *x x

i i+1
 minimizing the following quadratic 

criterion.
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Subject to the model in equations (15) and (16). In this context, matrices Pn  0, 
Qn  0, Rn  0 are the a-posteriori covariance estimation, the noise covariance of the 
process, and the noise covariance of the observation, respectively. The updating of 
the matrix P

n i i, |
 0 is done by the Ricatti equation as follows,
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and the Kalman gain Li is given by,

	 L FP C R CP C
i n i i

T

n n i i

T� ( ) .
, | , |

� �
� �

�
1 1

1 	 (20)

The LQG control law is given by the following equations,
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In this study, we calculated for validation purposes an LQG control by the 
following matrices,
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where, the Kalman and control vectors are the next,
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In this study, the Kalman filter is instrumental in estimating the robot’s orien-
tation by integrating inertial data from the BNO055 IMU with feedback from the 
LQG control loop. Its application significantly mitigates the effects of sensor noise 
and short-term drift, thereby providing a stable, reliable estimate of the robot’s 
yaw angle during navigation between vegetative furrows. The strong compatibil-
ity between the Kalman filter and IMU sensors is well documented for improving 
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accuracy in dynamic, noisy environments, such as agricultural fields. Recent studies 
have demonstrated analogous benefits in real-time angle estimation using adaptive 
Kalman filters with forgetting factors [30], in robust localization based on GNSS–IMU 
data fusion via smoothed error-state Kalman filters [31], and in wearable motion 
tracking systems employing low-cost IMU sensors [32]. These findings support the 
suitability of the proposed LQG approach for improving orientation estimation and 
overall navigation performance in field robotics.

6	 RESULTS

The experimental tests were conducted in an open field environment using pot-
ted Duranta plants arranged to simulate vegetative crop rows. Each plant was placed 
in an individual grow bag. The inter-row spacing was approximately 60 cm, while 
the intra-row spacing between plants was 30 cm. The robot was programmed to 
navigate through the rows while maintaining a lateral reference distance of 30 cm 
from the right-side row of plants, which served as the control target. This setup 
enabled realistic testing of the system’s lateral tracking, LiDAR-based sensing, and 
robustness under irregular vegetation.

We perform two experiments to validate tracking control for vegetative furrows. 
The first experiment considers the LQR and the second the LQG controller. In the 
second test, the Kalman filter is incorporated to reject the disturbance and noise 
mainly due to errors in detecting leaves and seeds. Each test lasted 150 seconds, 
during which the robot navigated along the path and avoided colliding with the 
plant barrier. Figure 9 shows the experimental results of mobile robot tracking con-
trol for vegetative furrows. The experiments consider control tracking by an LQR in 
Figure 9a and an LQG controller in Figure 9b.

At the top of the graph is shown the regulation error for the vegetative furrows, 
in the middle top the angular position of the robot, and at the bottom, the control 
actions for the right and left wheels, respectively. The aim is to follow the line path 
between vegetative furrows. Notice that leaves and stems of plants produce noisy 
signals on the distance sensor, as shown at the top of the Figure 9. However, both con-
trol strategies achieve the regulation while moving forward on the path. Therefore, 
we employed the root mean square error (RMSE∆) and the mean value ∆ to evaluate 
the performance obtained by the controllers, as follows,
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Where, n is the total number of samples and ∆ represents the y and α variables 
for distance and angular position, respectively. The RMSE indicates the standard 
deviation of the measurements and the mean value of the robot’s ability to regulate 
both the lateral distance and the angular position. Results are summarized in Table 1 
and indicate that RMSEy is 0.13 m for the LQR test and 0.08 m for the LQG test. Also, 
RMSEα is 0.19 rad for the LQR test and 0.13 rad for the LQG test. Therefore, there are 
fewer measurement variations with the LQG approach and, consequently, less noise 
due to foliage vegetation. The mean value of distance error y is -0.06 m for the LQR 
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test and -0.01 m for the LQG test. In the same way, the mean value of the angular 
position α is 0.09 rad for the LQR test and 0.02 rad for the LQG test. Notice that in all 
tests, the LQG controller outperforms the linear quadratic regulator.

Fig. 9. Tracking control for vegetative furrows: (a) LQR test; (b) LQG test

Table 1. Comparison of experimental results using RMSE and mean values

RMSEy (m) y (m) RMSEα (rad) αα  (rad)

LQR 0.13 -0.06 0.19 0.09

LQG 0.08 -0.01 0.13 0.02

Figure 10 shows the signal dispersion of lateral position error and angular 
position error for the LQR and LQG tests using a box plot. Results show that the 
interquartile range is smaller when the robot uses the LQG controller, both for 
distance regulation and angular behavior. Also, the notches in each box indicate 
sample skewness, since the median is not centered in the box, which occurs in all 
tests but is most evident in distance regulation. We attribute the previous result 
to saturation in the control signals, a constraint imposed by the type of motors 
and gears used in the robot’s construction. At the bottom of Figure 10, the control 
actions from the selected controllers are shown, highlighting a limit on the nominal 
velocities of 2.3 rad/s.
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Fig. 10. Signal dispersion of lateral position error and orientation error for LQR and LQG test

In summary, the evidence in Figures 9 and 10, as well as the results in Table 1, 
shows that tracking the path within vegetative furrows is achieved more effectively 
with the LQG controller, since the robot’s angular position exhibits fewer variations 
than with the LQR test.

7	 CONCLUSIONS

In this study, we implemented an autonomous mobile robot prototype for vegeta-
tive furrows based on optimal control over ROS. We validate two kinematic control 
strategies based on a LiDAR that measures distance and an IMU that measures ori-
entation. The robot control actions are driven by a low-level control based on PID 
that guarantees the suitable nominal velocities of wheels. We consider an algorithm 
with five restrictions for the lateral distance measurement based on IMU and LiDAR 
measurements to regulate distance and the robot’s angular position. Experimental 
results show that the robot with the LQG controller achieves better performance 
than the LQR test. Although both control strategies showed distance and angle reg-
ulation, we plan to use other control techniques in future works to surpass the cur-
rent results. In the future, we will consider approaches based on Markovian control 
and non-linear control [33, Ch. 5 page 164], as well as video camera and convolu-
tional neural networks for perception. In consideration of our ongoing research, the 
authors affirm their willingness to provide information regarding the study upon 
reasonable request.
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