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Abstract: In recent years, autonomous robots have extensively been used to automate several
vineyard tasks. Autonomous navigation is an indispensable component of such field robots.
Autonomous and safe navigation has been well studied in indoor environments and many algorithms
have been proposed. However, unlike structured indoor environments, vineyards pose special
challenges for robot navigation. Particularly, safe robot navigation is crucial to avoid damaging the
grapes. In this regard, we propose an algorithm that enables autonomous and safe robot navigation
in vineyards. The proposed algorithm relies on data from a Lidar sensor and does not require a GPS.
In addition, the proposed algorithm can avoid dynamic obstacles in the vineyard while smoothing
the robot’s trajectories. The curvature of the trajectories can be controlled, keeping a safe distance
from both the crop and the dynamic obstacles. We have tested the algorithm in both a simulation
and with robots in an actual vineyard. The results show that the robot can safely navigate the lanes
of the vineyard and smoothly avoid dynamic obstacles such as moving people without abruptly
stopping or executing sharp turns. The algorithm performs in real-time and can easily be integrated
into robots deployed in vineyards.

Keywords: vineyard robots; autonomous robots; navigation; feature extraction; collision avoidance

1. Introduction

In recent years, autonomous robots have extensively been used to lower the burden of
farmers. In several countries, demographic changes are a major factor behind this trend.
For instance, the proposed research was carried out in vineyards in Japan where there is an
increase in the old-age population in Japan. Moreover, the number of farmers is steadily
decreasing. This makes it difficult to sustain agriculture and related industries. Figure 1a
shows the population and average age of farmers in Japan from year 2000 to year 2014
based on a survey by Japan’s Ministry of Agriculture, Forestry and Fisheries (MAFF) [1]. It
is clear that the farming population in Japan is steadily declining from 2.4 million in the
year 2000 to 1.68 million in the year 2014. On the contrary, it is also evident that the average
age of the farmers is steadily increasing. The average farmer’s age in Japan was 62.2 years
in the year 2000, which was already an alarming situation. The situation worsened in the
year 2014 when the average farmer’s age reached 66.8 years. Figure 1b shows the gender
wise comparison of the farming population in Japan. A similar trend can be seen from
this figure. Most of the male and female farming population is concentrated around the
65∼69 years age-group. What is alarming is that a significant farming population can be
seen in the 70∼74 years age-group and above. In Japan, the younger population is reluctant
to engage in laborious farming activities and instead prefer office work. The situation
becomes graver as Japan faces fierce competition from low-cost products from abroad, and
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is often forced to either reduce costs or to find a way to add value to their products. This
trend is seen in other countries too, where there is also a problem of shortage of farmers. It
should be noted that apart from the aging population, there are several other factors that
necessitate the incorporation of field robots in agriculture. However, since this research
was conducted in Japan, which faces severe demographic challenges, this effect has been
emphasized.
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Figure 1. (a) Population and average age of farmers in Japan. Data from Japan’s Ministry of
Agriculture, Forestry and Fisheries (MAFF) [1]. (b) Census of agriculture in Japan [1].

A major concern with agricultural activities is that they involve mostly labor-intensive
tasks. Such tasks are difficult to perform for old people. Robotic technology has a large
potential to support agricultural activities by automating many tasks. Such efforts to lower
the burden of farmers by automating tasks to reduce labor are highly desirable as they
directly lead to an increase in production and sustainable agriculture. In recent years,
autonomous agricultural robots have shown remarkable progress to support different
activities autonomously or semi-autonomously. However, many challenges still remain
as open problems. In order to autonomously perform tasks in the farms, autonomous
navigation is a quintessential component of robots. Generally, GPS is used in outdoor
farms to localize the robot and enable it to navigate autonomously. Lidars have also been
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used extensively. Both GPS and Lidar have their own merits and demerits. The cost of
these sensors generally vary a lot depending on various factors such as precision, accuracy
and robustness. Accurate GPS (centimeter level precision) is expensive. On the other hand,
an inexpensive GPS generally has an error in the order of tens or hundreds of centimeters,
which is unfit for robot navigation in a vineyard with a lane width of approximately 2.5 m.
Three-dimensional Lidars such as Velodyne VLP-16 and VLP-32 are expensive; however,
a 2D Lidar is relatively cheaper with good accuracy. Since our research is focused in
Japan, the QZSS (Quasi-Zenith Satellite) system, also called ‘Michibiki’, that launched in
2018 is worth mentioning [2,3]. The QZSS is a four-satellite regional time transfer system
and a satellite-based augmentation system development by the Japanese government
to enhance the United States-operated Global Positioning System in the Asia-Oceania
regions, with a focus on Japan. QZSS is a Japanese satellite positioning system composed
mainly of satellites in quasi-zenith orbits (QZO). QZSS (Michibiki) has been operated as
a four-satellite constellation from November 2018, and three satellites are visible at all
times from locations in the Asia-Oceania region. QZSS can be used in an integrated way
with GPS, ensuring a sufficient number of satellites for stable, high-precision positioning.
Although the price of these sensors is currently high, the cost is expected to decrease in the
future. To keep the current cost of the system down, the developed system mainly relies on
Lidar sensors. However, integration of GPS is feasible for better results.

To navigate accurately, a robot needs a map of the environment, which marks the
obstacles and free areas. It also needs to localize itself on the map. Then, given the start
and goal locations, the robot can navigate through the free areas avoiding the obstacles
using path planning algorithms. To realize this, mobile robots are equipped with sensors
to perceive the external world. These include sensors such as Lidar, cameras, RGBD (RGB
color and Depth) sensors, IMU, GPS, and external sensors [4]. In addition, robots are also
equipped with a SLAM (Simultaneous Localization and Mapping) [5,6] module, which
uses data from these sensors to build a map of the environment and localize its position
in the map. The SLAM module extracts features from the sensor data, which are used as
landmarks to accurately build the map and localize itself in it. Failure to robustly extract
landmarks results in a wrong map and localization errors, which eventually affects tasks
performed by the mobile robot.

Robotics for vineyards have been well studied for different applications in both
academics and industries [7]. Both single [8,9] and multi-robot scenarios [10] for localization
with trunk recognition have been proposed. Other researchers have focused on autonomous
pruning [11] and total yield estimation [12,13]. Similarly, managing the irrigation in
vineyards has been studied in [14]. In all these works, autonomous safe navigation is
assumed to be available with the robot and algorithms have been proposed [15]. In
many works, robotics approaches have been coupled with IoT-based approaches for
vineyards [16–24]. It should be noted that all of these works implicitly depend on the
navigation module of a mobile robot. Particularly, tasks such as vineyard monitoring [23,25–27]
cannot be successfully executed without safe autonomous navigation. Dynamic obstacles
must also be considered for navigation. A wireless sensor network for vineyard monitoring
that uses image processing is proposed in [25].

Figure 2 shows the standing of the proposed research (yellow block) in vineyard field
robots. As mentioned above, researchers have focused on automation of several tasks
in vineyards such as grape harvesting, weed removal, monitoring, and yield-estimation.
From a system development point of view, it can be suggested that these are high level
applications, which assume the availability of certain core modules. The core modules
include 2D and 3D mapping, robot’s localization, robot control, and path planning with
obstacle avoidance. The core modules support the high level applications. For example,
the robotic grape harvesting application requires a 3D map, which marks the grapes and
stem that comes from a mapping module. Similarly, the robot needs to localize itself
in the vineyard to perform harvesting at appropriate areas. This requires a localization
module. Moreover, a path planning module is required to move the robot while avoiding
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obstacles to appropriate areas of the vineyard that need harvesting. Similarly, a path
planning module with obstacle avoidance is indispensable for weed removal, monitoring,
and yield estimation applications. Our previous work [28] focused on the development of
a monitoring system for vineyards using mobile robots. Vineyards have large areas and
manual monitoring consumes a lot of time and effort. Hence, autonomous mobile robots
equipped with side facing monocular cameras were used to record the images and transmit
them to the farmers who can monitor the vineyard on their mobile or tablet. The recorded
images are labeled by area and pillar numbers for the farmer to monitor specific areas of the
vineyard. This inherently depends on a reliable navigation module. For yield estimation
applications, appropriate sensors such as multispectral and hyperspectral cameras can be
fixed on the robot. Similarly, a manipulator and gripper mechanism can be mounted on the
robot for harvesting. Weed removal may require a special cutting mechanism. However,
the core module for the mobile base on which these sensors will be mounted will remain
unchanged.

Figure 2. Standing of proposed research (yellow block) in Vineyard robots. Path planning and obstacle avoidance is a core
module of mobile robots that supports top-level applications such as harvesting, weed removal, monitoring, and estimation.

This work is an extension of our previous work [28], which focused on developing a
monitoring system for vineyards using autonomous mobile robots. Our previous work
relied on detecting pillars from cameras through image processing. However, it had
the drawbacks that pillar detection relied on good light conditions, and only the pillars
adjacent to the robot were detected with no depth information. Moreover, the focus
was on numbering the pillars and generating semantic data for monitoring purposes.
However, this paper focuses on the navigational aspects of the autonomous mobile robots
in vineyards. Moreover, it uses Lidar data to extract the position of pillars in the vineyard
for navigation. In addition, Lidar sensor data are also used to estimate the position of
obstacles in the vicinity. It should be noted that cameras can also be used to detect the pillars
and the obstacles. Monocular cameras have also been used for obstacle detection in many
works [29,30]. The accuracy of monocular camera-based depth estimation is typically lower
than direct estimation from Lidar or stereo cameras for real-time scenarios. Recently, depth
estimation from monocular cameras using deep learning techniques has been proposed
in [31–33]. However, the accuracy of depth estimation in such methods is lower than direct
estimation using Lidar. Monocular cameras have the advantage of full-body pose and
orientation recognition, which can be useful for obstacle avoidance. Hence, a combination
of cameras and Lidar sensors is expected to produce better results and is considered for
future works. At the current stage, the proposed work uses a straightforward method of
pillar and obstacle detection using a Lidar sensor.

The rest of the paper is organized as follows. Section 2 explains the algorithm for pillar
detection from a Lidar sensor. Section 3 explains the algorithm for trajectory smoothing
while avoiding the obstacles. Section 4 highlights the results of experiments in an actual
vineyard. Finally, Section 5 concludes this paper.
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2. Pillar Detection from Lidar Sensor Data

Navigation requires precise localization of the robot in the map. In order to localize
the robot in the vineyard, robust feature detection is very essential. Many outdoor robots
use GPS for localization. However, GPS is expensive and its induction adds to the overall
cost of the system. Accurate localization without GPS requires extraction of robust features
in the vineyard. Cameras can be used for feature localization, however, they suffer from
the problems of occlusion and changes in pixel intensities at different times of the day. In
this regard, this research proposes to use only Lidar for feature extraction. Most of the
vineyards have stationary pillars, which are fixed to support the grapes and the plant.
These pillars are good features to track for navigation in the vineyard.

The algorithm for pillar detection from Lidar is given in Algorithm 1. The algorithm
directly applies a symmetric derivative on Lidar data d as,

L′ =
d[i + 1]− d[i− 1]

2
, (1)

where i is the ith Lidar data point. The symmetric derivative (L′) gives a falling and rising
edge from which the pillar is localized in the center position.

Algorithm 1: Safe Navigation with Feature (Pillar) Detection from Lidar
Data: L : Lidar data

1 on_cylinder = False // True if ray on cylinder
2 ray_idx = { } // List of ray indexes on cylinder
3 ∑idx = 0 // Sum of ray indexes on cylinder
4 ∑d = 0 // Sum of depth value of rays on cylinder
5 result = { } // Result: tuple (ray index, distance)
6 marked = {False} // True if ray processed
7 for each idx of layered distance scan do
8 Take derivative of distance data
9 if derivative < −δ && not marked[idx] then

10 on_cylinder = True
11 marked[idx] = True
12 tidx = idx
13 while on_cylinder do
14 ray_idx.append(tidx)
15 ∑idx + = tidx
16 ∑d + = L[tidx]
17 if Strong postive derivate then
18 on_cylinder = False
19 result.append( average(∑idx), average(∑d))
20 tidx+ = 1
21 Navigate the robot to the center of the lane

This is explained in Figure 3, which shows three different scenarios of pillar detection
in a vineyard. Figure 3a shows the simplest case with one pillar. The blue lines indicate the
Lidar rays given as ray_idx in Algorithm 1. Figure 3b shows the symmetric derivative (L′

in red) of the Lidar data (d in blue). The derivative has two peaks on the left and right side
indicated as L and R, respectively. The center of the two peaks marks the position of the pillar.

Similarly, Figure 3c shows the scenarios of two pillars on the left and right side of the
Lidar sensor. The symmetric derivative is shown in Figure 3d. The derivative has two
rising and falling edges indicated as (L1, R1) and (L2, R2), respectively. The two pillars are
detected in the centers of these edges.

Figure 3e shows the scenarios of two pillars in which one pillar (P2) is behind another
pillar (P1) in the front. Here, the pillar P1 needs to be detected. The symmetric derivative is
shown in Figure 3f. The derivative has two falling edges and one rising edge indicated as
(L1, L2) and (R), respectively. The two pillars are detected in the center of the edges L2 and R.

Figure 3g–i shows the aforementioned three scenarios in an actual vineyard. Figure 3g
shows the scenario in which there is only one pillar on the left side of the robot. This is
a particular section of the vineyard where there is no vegetation on the right hand side.
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Hence, detection of a single pillar is also important, and the robot must navigate while
tracking the single pillar. Figure 3h shows the scenario of two pillars on the left and right
side of the Lidar sensor. Similarly, Figure 3i shows the actual scenario of two pillars in
which one pillar is behind another pillar in the front. Here, the pillar in the front needs to
be detected.

P1
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L
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R
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P1 P2
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L L

R R
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Figure 3. Three different scenarios of pillar detection in a vineyard. The Lidar data and its symmetric derivate are shown on
the right. (a) Single pillar case. (b) Two pillars on either side. (c) Occluded pillars. (g–i) show the actual pictures of the three
scenarios in a vineyard.

It should be noted that the presence of obstacles (ex. weeds) in front of the pillars
could induce noise in the Lidar data and the symmetric derivative could contain short
falling and rising edges. However, this noise can easily be filtered by setting a threshold
value, such that only those edges are recorded whose strength lies above and below a
certain threshold. The threshold is shown in Figure 3 in the derivative graphs as dotted
blue lines. The value of the threshold is determined empirically. Figure 4 shows the picture
of actual weed in a vineyard. Although the type of weed may vary from region to region,
in the context of the current research undertaken in a vineyard in Japan, the maximum
height of the weeds was approximately 20 cm, while the lidar was set at a greater height.
Hence, noise from the weeds did not affect the accuracy of pillar detection. Although it
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should be mentioned that very tall weed will adversely affect the detection, which is a
limitation of the proposed method.

Figure 4. Grape stem, weed, and pillar in a vineyard. The Lidar sensor is setup at a height greater
than that of the weeds. Hence, noise from weeds does not affect the accuracy of pillar detection.

Figure 5 shows the result of pillar detection in a simulation environment. The blue
curve shows the Lidar data with random noise, whereas the orange curve shows the
derivative with rising and falling edges. The pillar is detected between the edges and
shown in red color.

Figure 5. Simulation result of pillar detection. Lidar data are shown in blue, whereas its symmetric
derivative is shown in orange color. The detected pillar is shown in red circle between the rising and
falling edges of the symmetric derivative.

Once the pillars have been detected, the robot starts navigation in the lanes. Each lane
is characterized by pillars on the left and right side, and the robot navigates the center
of the lane keeping a maximum distance from grapes on either side. Robust detection of
pillars makes navigation easy as the robot only needs to keep track of the pillars on the
left and right side of a lane in the vineyard. The end of a particular lane is marked by the
absence of pillars. Once the robot has finished traversing a particular lane, it will turn into
another lane at the end while detecting the pillars. The Lidar attached to the robot will
also sense the presence of static and dynamic obstacles. Upon obstacle detection, the robot
must change its trajectory and avoid it. This is explained in the next section.
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3. Obstacle Avoidance with Path Smoothing

In this section, we explain static and dynamic obstacle avoidance while maintaining
a smooth (i.e., no abrupt stoppage, and no sharp turns) trajectory. Obstacle avoidance
incorporated with smoothing has been proposed in many previous works such as [34–37],
and a review of all the works can be found in [38–41]. A modified algorithm [42] suited for
vineyards in the context of robot navigation using extraction of pillar positions is briefly
explained here. Path planning is basically divided into two stages of global and local
planning. Global planning is performed using algorithms such as Dijkstra’s algorithm [43],
A-star path planner [44], D-star path planner [45,46], PRM [47], or RRT algorithm [48–50].

These algorithms generate a path with sharp turns, which is not good for the robot.
The necessity and advantages of robot’s path smoothing or smooth trajectory generation
is a well-studied problem in robotics, and an excellent review can be found in the review
work [38], which summarizes the state-of-the-art. In terms of kinematic feasibility, a
robot may not execute these sharp turns suddenly. In terms of navigational safety, such
sudden stops and sharp turns are not favorable and may even cause accidents. This
is because from an external person’s point of view in the same vineyard, such erratic
robot motion is unnatural, and it is difficult to predict the robot’s next position to avoid
collision. If a robot navigating in front of a person suddenly stops, the person coming from
behind might dash into the robot causing injury. The same is true for sudden and abrupt
changes in trajectories, which can be unexpected for farmers working in the vineyard. In
fully automated vineyards, robots will be expected to carry tasks, such as weed removal,
harvesting, and moving harvested grapes from the field to the local storage facilities.
In such scenarios, a smooth navigation is preferred over trajectories with abrupt stops,
suddenly lowering velocities, or sharp turns.

Path smoothing is performed in the next step, which involves local planning in which
the local obstacles are avoided. Our approach directly builds upon the path generated by
the global planner. The robot only needs to maneuver itself to the start of a lane using any
of the global path planners. From there, the detected pillars can be used to localize the
robot, center itself in the lane, and navigate. Obstacle avoidance is also performed while
keeping a safe distance from both the crop and the obstacle.

Figure 6a shows a scenario where an obstacle (shown as light blue box) is kept in
one of the lanes of the vineyard. Using traditional algorithms such as A-star or PRM, the
generated angular path SABCG with sharp turns at point A, B, and point C are shown. The
coordinates of A (x1, y1), B (x2, y2), and C (x3, y3) are also shown.

Although the entire path needs to be smoothed out, we only explain smoothing a
section of the path for the sake of simplicity. Here, we explain the smoothing of the sharp
turn across the point B. First, we check if the distance between the point B and the crop (dc)
is greater than a threshold safe distance (δs). If not, then the point B is shifted until a safety
distance is reached.

action =

{
smooth the turn, if dc ≥ δs

shift the point, otherwise.

In order to smooth the turn at point B in Figure 6a, two points P1 and P2 are found
such that the line joining the two points P1P2 is at a safe threshold distance (δthresh) from
the obstacle. We find point P1 on the line BA at a fixed small distance from the point B.
Similarly, point P2 is marked on the line BC such that, BP1 = BP2. The line joining the two
points P1P2 is at a safe threshold distance (δthresh) from the obstacle.

The slope of lines AB and BC are (Figure 6a),

mAB =
y2 − y1

x2 − x1
, mBC =

y2 − y3

x2 − x3
. (2)
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The lines P1O and P2O are perpendicular to the lines AB and BC, respectively. Therefore,
the slopes of lines P1O and P2O are,

mP1O =
−1

mAB
, mP2O =

−1
mBC

. (3)

The center of the circle whose arc generates the smooth path is the point of intersection
of lines P1O and P2O (point O(cx, cy) in Figure 6a). The general equation of a line of slope
m passing through a point (x1, y1) is,

y− y1 = m(x− x1)

=⇒ y = mx−mx1 + y1.
(4)

Lines P1O and P2O intersect at O(cx, cy), therefore,

cy = mP1O(cx − px1) + py1 = mP2O(cx − px2) + py2,

=⇒ mP1O · cx −mP1O · px1 + py1 = mP2O · cx −mP2O · px2 + py2

=⇒ mP1O · cx −mP2O · cx = mP1O · px1 −mP2O · px2 + py2 − py1

=⇒ cx · (mP1O −mP2O) = mP1O · px1 −mP2O · px2 + py2 − py1.

Thus, the x-coordinate of the center of the circle is

cx =
mP1O · px1 −mP2O · px2 + py2 − py1

(mP1O −mP2O)
. (5)

Similarly, the y-coordinate of the center of the circle is,

cy = mP1O · cx −mP1O · px1 + py1. (6)

The radius of the circle r is,

r =
»

(cx − px1)2 + (cy − py1)2, or r =
»

(cx − px2)2 + (cy − py2)2. (7)

The arc P̄1P2 between points P1 and P2 shown in Figure 6a is the robot’s smooth path.
The curve P̄1P2 is tangential to the robot’s original path, which guarantees G1 geometric
continuity. Moreover, the curve is smoother for the robot to navigate.

For obstacle avoidance, the robot must first shift in one direction and cross the obstacle,
and then resume its position in the center of the lane. Since smooth path generation requires
a set of three points, obstacle avoidance requires a set of six points (or two sets each of three
points). These points can be generated in real-time for both static and dynamic obstacles.
One of the points can be the starting position of the robot itself, i.e., the current position.
The other two points need to be generated considering the width of the vineyard lane (W)
and the safety threshold (δs). For safety, it is ideal for the robots to navigate the center of
the vineyard lane (x = W

2 ), keeping ample distance from grapes on both the sides. Hence,
one of the points is (x = W

2 , y). The three points of the first set for the robot to shift in either
direction are given as,

P =

ß
A :
Å

W
2

, y
ã

, B :
Å

W
2

, y + ψ1

ã
, C :
Å

W
λ

, y + 2ψ2

ã™
. (8)

Here, the point A = ( W
2 , y) and B = ( W

2 , y+ψ1) are on the center of the lane. Assuming
that the robot is shifting towards the left for collision avoidance, the point C =( W

λ , y + 2ψ2)
lies on the left side of the corridor. The parameter λ controls the distance of the trajectory
from the left lane of the vineyard. Considering the width of the robot, we set λ to 4, which
generates a trajectory at a distance of W

4 from the left vineyard lane. The parameter ψ1
determines the starting point of the turn on the current trajectory, while the parameter ψ2
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controls the turning point after the robot has crossed the obstacle. After that, the robot
must maneuver to resume the center of the lane. This requires the generation of the second
set of three points which are given as,

P′ =
ß

D :
Å

W
λ

, yt

ã
, E :
Å

W
λ

, yt + ψ2

ã
, F :
Å

W
2

, yt + 2ψ2

ã™
. (9)

Figure 6b shows the six points A, B, C, D, E and F. Figure 6b shows the scenario of a
vineyard lane with grapes on either side shown by small circles. A person is shown as an
obstacle. The smooth trajectory for collision avoidance is shown in red color. It should be
noted that a total of four circles needs to be fitted in the trajectory for collision avoidance.
The first segment is fitted using points A, B and C. The other three segments are fitted
using points {B, C, D}, {C, D, E}, and {D, E, F}, respectively.

(a) (b)

Figure 6. Smooth obstacle avoidance. (a) Generation of smooth trajectories at turns using segments of circular arcs.
(b) Obstacle avoidance using smooth trajectories shown in red color keeping a safe distance from the crop.

The overall algorithm for obstacle avoidance is given in Figure 7. First, Algorithm 1 is
used to detect the pillar positions. Next, the robot centers itself in the center of the lane
and stars navigation. If an obstacle is detected, Lidar data are used to estimate its position,
whether the obstacle is dynamic or static, and its relative speed if the obstacle is dynamic.
Since the robot navigates the center of the lane, it decides the direction of turn (i.e., left
or right) to avoid the obstacle. This is typically the opposite direction of the obstacle’s
position. Next, for the first maneuver, a set of three points (P) are set and the robot executes
the turn on the smooth trajectory. The robot then moves in a straight line keeping a safe
distance from the grapes. Once the robot has crossed over the obstacle on the straight path,
a set of three new points (P′) are generated, as given in Figure 7. The robot then executes
another smooth turn to come back to the center of the lane. Once this has been performed,
the robot continues its navigation through the center of the vineyard’s lane.
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Figure 7. Flowchart of obstacle avoidance algorithm.

Estimating the position of a person is straightforward with a 2D Lidar sensor. The
robot has a SLAM (simultaneous localization and mapping) module, which gives the
current coordinates of the robot (xr

t , yr
t ) at time t. If (xp

t , yp
t ) are the coordinates of the

person, then the distance between the robot and the person is
»

(xr
t − xp

t )2 + (yr
t − yp

t )2. If
v is the robot’s velocity and θ is the heading of the robot, then in time ∆t, the coordinates
of the robot are (xr

t + ∆t · vcos(θ), yr
t + ∆t · vsin(θ)). At time t = t + ∆t, the coordinates

of the person estimated from the Lidar sensor are (xp
t+1, yp

t+1). From the current robot’s
and person’s position, distance, and velocity is estimated. Moreover, static and dynamic
obstacles are differentiated.

4. Experiment and Results

The algorithm was first evaluated in a simulation environment. The results of
simulation are shown in Figure 8. Figure 8a shows the effects of the parameter λ on
the curvature of the generated trajectories. The robot’s starting position is in the center of
the lane at x = 150. The red circles indicate the detected pillars in the vineyard in the lane.
An obstacle was placed at around x = 200, y = 180. Different trajectories were generated
with different values of λ = 2.5, λ = 3, λ = 4, λ = 6, λ = 8, and λ = 12. These trajectories
have been marked as A, B, C, D, E, and F, respectively. Similarly, Figure 8b shows the effect
of ψ on the generated trajectories.
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(a) (b)

Figure 8. Effects of parameters λ and ψ on trajectories generated. (a) Different trajectories generated with different λ values.
(b) Trajectories generated with different ψ values.

It can be seen that the different trajectories maintain different safety clearance from
the obstacle and the crop. This is shown in Figure 9. The clearance of trajectories marked
as A, B, C, D, E and F (in Figure 8) from the pillars (and therefore grapes/crop) is shown
in Figure 9a. Similarly, the clearance of trajectories marked as A, B, C, D, E and F from the
obstacle is shown in Figure 9b. It is evident that the trajectory with the largest λ value of
12 shown in black color is the closest to the crop. On the other hand, the trajectory with
the smallest λ value of 2.5 shown in magenta color is the farthest away from the crop. The
safety clearance of the trajectories is inversely proportional to the value of λ. As seen from
Figure 8b, the parameter ψ controls how far the curved trajectory extends from the robot
while maintaining a constant λ. Thus, appropriate trajectories that keep a safe distance
from the grapes and the obstacles can be generated.
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(b)

Figure 9. Safety distance of robot from the crop and the obstacle in case of simulation in Figure 8a.
(a) Distances of different trajectories from the crop. (b) Distances of different trajectories from the
obstacle.

The proposed algorithm was also tested on an actual robot in the vineyard. Figure 10
shows the robot used in the experiment. Robotnik’s Summit-XL robot was used in the
experiment. It was equipped with UTM-30LX Lidar, a camera, and control PC with



Agriculture 2021, 11, 954 13 of 17

Ubuntu Linux operating system running ROS (Robot Operating System) [51]. The proposed
algorithm was developed in Python language on the top of ROS middleware.

Figure 10. Robotnik’s Summit-XL robot used in the experiment with UTM-30LX Lidar, camera, and
control computer.

Figure 11 shows the straight navigation of the robot by detecting the pillars and
traversing the center of the vineyard’s lanes. It can be seen that the robot smoothly
traverses the center of the lane without coming close to the crops.

(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 11. (a–h) shows the successive snapshots of autonomous robot navigation in the center
of vineyard’s lane using the proposed algorithm. The video of the experiment is provided in the
supplementary section.

The algorithm was also tested with dynamic obstacles. The timely snapshots of the
experiment are shown in Figure 12. In the experiment, the robot initially navigates the
center of the vineyard’s lane, as shown in Figure 12a–c. A person approaches the robot
walking from the opposite direction, as shown in Figure 12d–i. The algorithm estimated
that the person is approaching from the right side of the lane from the point of view of
the robot. Hence, a left turn was decided. A smooth trajectory was generated using the



Agriculture 2021, 11, 954 14 of 17

proposed algorithm and the robot started executing it, as shown in Figure 12g–j. Once the
robot has crossed the person (Figure 12k), the robot then generates a trajectory to resume
the center of the lane. This is shown in Figure 12l–o. The robot then resumes navigation in
the center of the lane, as shown in Figure 12p–t. The total execution time of pillar detection
and smooth trajectory detection was within 70 milliseconds.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

(p) (q) (r)

(s) (t)

Figure 12. (a–t) Timely snapshots of dynamic obstacle (incoming person) avoidance in the vineyard
using the proposed algorithm. The video of the experiment is provided in the supplementary section.



Agriculture 2021, 11, 954 15 of 17

It should be noted that there could be scenarios when there are obstacles on both
sides of the lane, or lane traversal is not possible. Although this case was not tested in the
experiments, the algorithm has a feature that, for such cases, the robot stops its navigation
for safety and waits until the obstacles have cleared.

5. Conclusions

In this paper, we proposed an algorithm for autonomous and safe navigation of mobile
robots in vineyards. A robust obstacle detection is inherent to mobile robots in vineyards
for different applications such as harvesting and monitoring. The algorithm detects the
pillars fixed in the vineyards from Lidar data using a symmetric derivative. Compared
to image processing-based detection algorithms, the proposed algorithm is not prone to
changing the brightness of the environment and can also be used in low light. The robot can
navigate the center of the lane from the extracted pillar positions. An algorithm for smooth
collision avoidance for static and dynamic obstacles was also proposed. The parameters of
the algorithm can be adjusted to keep the robot safe from both the grapes and the obstacles.
The proposed algorithm was tested in both simulation and actual environments. In the
future, we plan to test the algorithm in more complex scenarios with different applications
such as weed detection and harvesting. Using different sensors such as a camera and
Lidar sensor for improved pillar and obstacle detection in the presence of tall weeds is also
considered as future work.

Supplementary Materials: Video of the proposed monitoring system: https://www.dropbox.com/
s/jw6vr85fb404ll5/safe_vineyard_navigaiton_ravankar.mp4?dl=0.
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