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Abstract: Mapping is fundamental to the autonomous navigation of agricultural robots, as it provides
a comprehensive spatial understanding of the farming environment. Accurate maps enable robots
to plan efficient routes, avoid obstacles, and precisely execute tasks such as planting, spraying, or
harvesting. Row crop navigation is a challenging task, and mapping can help to optimize routes and
avoid obstacles in coverage path planning (CPP), which is vital in agricultural operations. This study
proposed a simple method to use Unmanned Aerial Vehicles (UAVs) to create maps for row crop
navigation. It also shows a case study to show the method’s viability and how the map can be used in
agricultural scenarios. The results from this study show that map creation is possible when inter-row
spaces are visible and not covered by the canopy created by plants from adjacent rows.

Keywords: mapping; agricultural robot; autonomous navigation; row crop navigation, unmanned
aerial vehicle (UAV)

1. Introduction
Robotic mapping is a very active and vibrant research field in mobile robotics [1]. Mapping plays

a crucial role in autonomous robot navigation, providing a fundamental understanding of the robot’s
environment. It involves creating a representation of the surroundings, which enables the robot to
perceive and navigate its environment effectively. There are several key reasons why mapping is vital
in autonomous robot navigation, such as -

• Environment understanding: Mapping allows the robot to understand its surroundings compre-
hensively. The robot can identify obstacles, structures, and features within its environment using
a map. This information is vital for the robot to plan its movements, avoid collisions, and make
informed navigation decisions.

• Path planning and optimization: The robot can plan optimal paths from its current location to
the desired destination with an accurate map. The map provides valuable information about the
environment’s layout, including distances, obstacles, and acces- sible areas. It enables the robot to
choose efficient, obstacle-free paths, saving time and energy.

• Obstacle avoidance: Mapping assists in obstacle avoidance by identifying potential hazards and
obstacles in the robot’s path. A detailed map allows the robot to ana- lyze its planned trajectory
and adjust to avoid collisions or navigate obstacles. This capability enhances the safety and
reliability of the robot’s navigation.

• Localization and positioning: Mapping is closely tied to localization, which determines the robot’s
position within the environment. The robot can accurately estimate its location by comparing
sensor readings with the known map. Localization is crucial for precise navigation, especially in
complex and dynamic environments.

Overall, mapping is an important task for the autonomous navigation of all types of robots,
including those used for farming operations. Navigation of ground-based mobile robots in outdoor
farm environments generally uses four main types of route planning approaches: sampling-based
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planners, graph search-based planners, numerical optimization planners, and interpolating curve
planners [2]. Route planning can be deterministic, where the entire path is generated prior to
navigation, or sensor-based, where the path is created using real-time sensor feedback. A global
optimum can be found in deterministic planning, but the execution depends on the local sensor’s
feedback information. Moreover, processing extensive data from sensors would require substantial
computational power, limited to small mobile robots. Hence, creating a map before the intended
operation is helpful for small robots to devise optimized routes rather than solely relying on local
sensor feedback.

The natural outdoor agricultural environment is diverse, and the crop field environment is
no exception. Moreover, the agricultural field environment is more complex than a conventional
city or urban environment. Row planting is a widespread practice in farming systems. Precision
agriculture has flourished through row plantation in recent years to maximize crop production and
cost-effectiveness by using different sensors, Geographic Information Systems (GIS), and Global
Navigation Satellite Systems (GNSS) [3–5]. The field environment of row crops such as corn, soybean,
wheat, or sorghum is complex for autonomous robots traveling through rows. Finding optimum route
planning is challenging, including non-deterministic polynomial-time (NP-hard) problems, among
others [6]. Hence, aerial map creation of a particular crop field before any robotic operations would
help to assess the field conditions and optimize operations in accordance with the capability of ground
robots before starting the operation by ground robots.

Drones are Unmanned Aerial Vehicles (UAVs), which have received special attention in recent
years as a low-cost platform for carrying imaging sensors during the last two decades [7,8]. UAVs can
gather images in visible, infrared, and thermal regions of the electromagnetic field with very high spatio-
temporal resolution [9]. It is imperative to implement autonomous methods for extracting features
from UAV images efficiently and affordably to meet the increasing need for sustainable and precision
agriculture (PA) [10]. Detecting crop rows in UAV images and subsequent automated extraction is
crucial for crop management, including rectifying sowing errors, monitoring growth stages, counting
seedlings, estimating yields, and facilitating crop harvesting [11]. Various approaches have been
previously employed to identify and extract crop rows from UAV images. The majority of these
approaches involve image processing, where RGB or multispectral images are converted into binary
representations of vegetation and non-vegetation using color indices and segmentation techniques
such as supervised and unsupervised clustering [12,13] or image transformation techniques [7]. Many
studies used the Hough transform and its different variations [11,14,15]. Some studies used Fast
Fourier transform (FFT) [16,17]. Recently, convolutional neural networks (CNN) have also shown
promising results [18–20].

Drones have one particular advantage: they can be operated high from the ground, allowing
them to have a large vision area, and that area can be varied by varying its height while taking
pictures. Those are more convenient for gathering data than custom satellite imagery of a particular
crop field, and they can collect images multiple times as needed to keep pace with the development of
crops’ growth. Cropping operations like weeding, watering, or spraying are performed at different
times/stages of crop growth and need different maps for the intended operations. For example,
weeding requires a map of weeds that are overgrown in inter-row or intra-row areas of the crop and
vary from time to time. When weeds are overgrown to a certain level, it will warrant site-specific
weeding; before weeding, a map would be helpful for the operation.

This paper shows a simple way of creating maps for row crop navigation of Unmanned Ground
Vehicles (UGV) for agricultural operations using some standard tools. The created map could be used
to optimize route plans, calculate robot energy budget, and plan farming operations such as weeding,
spraying, etc. A methodology has been proposed to use the created map for autonomous navigation.
Moreover, this method has the potential to be integrated with precision agricultural operations such as
site-specific application of fertilizer or pesticide by using small robots.
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1.1. Mapping For Robots

According to IEEE standards [21] for 2D map representation for mobile robots, there are two
main types of maps, namely metric maps and topological maps. A metric map is a type of map
that represents the environment in a way that allows the robot to measure distances and locations
accurately. It provides a geometric representation of the environment and is typically used for path
planning, localization, and obstacle avoidance in mobile robotics. Metric maps provide a geometric
representation of the environment, including the positions and shapes of obstacles, walls, landmarks,
and other relevant features. This representation is often in terms of coordinates (e.g., x, y, and
sometimes z) that allow the robot to measure distances and angles accurately. It is the most common
type of map we are familiar with daily, like city maps or maps of a specific area.

Topological map representations can be thought of as structures rooted in graphs, where separate
locations act as nodes linked by edges that specify viable routes for traversal. Unique places refer
to positions in the environment characterized by sufficient distinctive features, making it relatively
simple to determine their precise location. The typical approaches for creating topological maps often
stem from using Voronoi diagrams. Topological maps are structurally correct but do not give an idea
of whether a path is blocked or occupied.

Occupancy grid is one of the most crucial mapping methods for environmental modeling in
mobile robotics [23]. Occupancy grids portray the environment using gridded cells in two dimensions
or voxel-based cells in three dimensions. It is a discrete representation where each cell is assigned a
binary or probabilistic value to indicate its occupancy status. A binary occupancy grid uses a simple
binary representation (1 for occupied and 0 for unoccupied). In contrast, a probabilistic grid assigns
a probability value to each cell, indicating the likelihood of it being occupied or unoccupied. For
probabilistic occupancy grid cells, assigned values indicate the confidence level in whether they are
occupied or unoccupied. The probabilistic map operates under the usual assumption that the grid cells
are unrelated. Occupancy grid maps are beneficial for different kinds of mobile robotic applications as
they facilitate localization, path planning, navigation, and obstacle avoidance [1,24,25]. Occupancy
maps can be built using laser range finders [26], sonar sensors [27,28] and stereo vision [29]. Figure 1
shows a representation of these commonly used 2D maps.
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Figure 1. Types of maps. a) The original map shows the real environment, b) the metric map, c) the topological
map, and d) the occupancy grid map. Adapted from [22].

For mobile robotics, usually, maps are generated using either SLAM (Simultaneous Localization
and Mapping) or a prebuilt map is loaded into the robot beforehand for autonomous navigation
through an environment. SLAM is very useful for any autonomous navigation and is especially
suitable for navigation in dynamic environments such as city traffic, supermarkets, or hospitals where
humans, pets, and cars move alongside robots and in areas where no GPS signals or signals are
obstructed. In addition to that, in city areas, there is a wide range of moving objects like cars, bicycles,
trams with varying speeds, or stationary objects like road dividers, road barricades, etc. Therefore,
a prebuilt map is not suitable in dynamic environment.In contrast, in agricultural scenarios such as
in crop fields or greenhouses, there are very few moving objects compared to city areas; therefore, a
prebuilt map is more suitable than a dynamic mapping method like SLAM. Moreover, prebuilt maps
are helpful for energy budget calculation for small agricultural robots and optimize route planning to
perform specific tasks like crop scouting.

SLAM is suitable for dynamic environment but has one important disadvantage: it is generally
reliable in local regions but accumulates errors when mapping larger regions [30]. Although there are
some methods to avoid this error, such as feature matching, sensor scan matching, etc., mapping over
a large area is not error-proof. Hence, SLAM is not a good option for mapping vast expansion of crop
fields and pre-built map is more beneficial.

1.2. Related Work

Thinking of UGV and UAV integration in various tasks is not new and has been described by
several studies [31,32]. The authors mentioned a framework for collaborative work between ground
and aerial autonomous vehicles in the agriculture 4.0 scenarios with its pros and cons [33]. UAVs
have been used to create a map of obstacles and reconstruct the ground map for UGV navigation
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using the traditional A* algorithm [34]. Some authors used UAVs to create maps using various
image processing methods and developed a custom path-planning algorithm for UGV navigation [35].
Different procedures have been used to create maps from UAV images that depend on the target type
and environment [7,35]. There is one important study related to mapping for agricultural purposes in
which the authors used UAV for route mapping of orchards [36]. Some have used UAVs to detect crop
rows [7]. However, no studies have been found so far by the best knowledge of authors that propose
UAV-generated maps for crop row navigation by UGV.

2. Methodology

Our methodology for creating and using the map for navigation consists of five steps. A block
diagram of those steps is shown in Figure 2, and details of the each steps are given in the following
sections -

Step 1: Image acquisition using UAV
UAVs (Unmanned Aerial Vehicles) or drones would fly over the crop field through which the

robot will perform its intended operation, such as scouting, spraying, or weeding. The flight plan
would cover the whole area of the crop field. Mission planning of the UAV could be done using an
open-source mission planner like Mission Planner or QGroundControl. Flight parameters like altitude,
overlapping of the images, interval of taking pictures, etc., will be selected using the mission planner.

Step 2: Generation of orthomosaic image
Orthomosaic images are typically created by stitching together multiple individual images,

such as aerial or satellite images, to create a seamless, orthorectified representation of a larger area.
Orthorectification involves correcting the image for distortions caused by terrain variation and sensor
characteristics, ensuring that the resulting image has a consistent scale and orientation. Orthomoasic
images are essential for accurately measuring areas because images are corrected for perspective
views, camera angles, and lens distortion, usually present in images taken using UAVs. Open-source
orthomosaic image generation software WebODM or Agisoft (paid) would create an orthomosaic
image of the crop field from a series of overlapped images.

Figure 2. Steps in the proposed methodology.
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Step 3: Generation of occupancy grid map
An occupancy grid map would be created for autonomous robot navigation through crop rows

that divide the robot’s operating environment into a grid of cells. Each cell of the grid represents a spe-
cific area or region of the environment, and its occupancy status indicates whether the corresponding
region is occupied by an obstacle (like a pivot rut or big stone) or is free space to move. To create an
occupancy grid map, image processing techniques should be used to convert RGB or multispectral
images into binary images where vegetative and non-vegetative areas are separated through some
established methods to create an occupancy grid map (binary map) from images. The binary map
is then converted to .pgm format, which is used in the Robot Operating System (ROS) for storing
occupancy grid maps.

Step 4: Conversion of coordinates
After map generation, it is important to convert the GPS coordinates to actual distance be-

cause it is required to measure the traversable path for the robot. GPS coordinates, usually given
in latitude/longitude format, need to be converted to cartesian coordinates by the UTM coordinate
conversion method. UTM stands for Universal Transverse Mercator, a global coordinate system used
to represent locations on the earth’s surface. It is based on a two-dimensional cartesian coordinate
system, which makes it easier to perform accurate distance and angle calculations for relatively small
areas on the ground. As the generated map is for ground robot navigation, it is very convenient to
use UTM coordinates. UTM coordinates are widely used in cartography, surveying, and navigation.
It divides the earth’s surface into multiple zones, each spanning 6 degrees longitude. The zones are
numbered from 1 to 60, starting at the international date line in the Pacific Ocean and moving eastward.
The UTM coordinate system utilizes eastings (measured along the east-west direction) and northings
(measured along the north-south direction) to represent a location within a specific zone.

Step 5: Use of Nav2 framework of ROS
The generated occupancy grid map in .pgm (Portable Gray Map) format created earlier is fed

to Navigation 2 or Nav2 framework [37]. It is a powerful and flexible navigation stack designed to
facilitate autonomous navigation for mobile robots. Nav2 framework is an evolution of the original
ROS navigation stack, designed to provide more flexibility, modularity, and robustness for autonomous
robot navigation [38]. Nav2 is built on top of ROS2, the newer and more capable version of ROS,
which addresses some of the limitations of ROS1 and adds support for real-time and distributed
systems. Nav2 offers improved modularity, making it easier to customize navigation components
based on specific robot platforms and environment requirements. It also supports a broader range
of sensor inputs such as LiDAR, RADAR, sonar, depth images, etc., making it more adaptable to
robotic systems. It uses modern techniques like Adaptive Monte Carlo localization (AMCL) based on
particle filter for localization in a static map. It has another important feature - behavior trees (BT),
which can be conveniently used for complex decision-making processes for multi-mobile robots [39].
Behavior trees are better and more convenient than finite state machines (FSM) for decision-making in
complex scenarios [40]. To complete the navigable area’s coverage, open navigation’s “Nav2 Complete
Coverage”. package of Nav2 could be used. This package is an extension of the “Fields2Cover”
package [41], which is a package for coverage path planning (CPP) problems. CPP is especially
important for autonomous agricultural vehicles.

3. A Case Study
A small case study was conducted to test the validity of our method. Two popular row crops at

two different locations were picked up for the study: one is corn, and another is soybean.
Location 1:
This study was conducted on four-acre corn fields at the Kansas Research Valley experiment field,

Silver Lake, Kansas, USA, during 2020 and 2021. The experiment field had Eudora Silt Loam soil type.
The growth stage was V12 and row spacing was 30 inches. Corn was planted in a row direction from
west to east.
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Location 2:
This study was conducted on seventeen-acre soybean fields at the Clay Center, Kansas, USA,

during summer 2022. The experiment field had Silt Loam soil type. The growth stage was R4 and row
spacing was 30 inches. Soybeans were planted in a row direction from south to north.

3.1. Map Creation

The navigational map creation process consists of two parts: orthomosaic image creation from
a series of drone images and occupancy grid creation from that created orthomosaic image. The
description of the two processes is as follows -

3.1.1. Orthomosaic Image Creation

A quadcopter, Matrice 100 (Shenzhen DJI Sciences and Technologies Ltd.), was used to collect
aerial imagery. It has a payload capacity of 1 kg with a maximum flight time of 40 minutes. RGB (red,
green, and blue) or true color images were collected using a Sony Alpha (α) 5100, which has a CMOS
sensor with an effective pixel density of 24 megapixels. For taking photographs, the UAV was flown
at 50 m altitude with a speed of 3 m/s, which provided a ground sampling distance of 1.5 cm/pixel.
Multiple flights were conducted throughout the study, but only flights representing the clear sky days
and good-quality images were considered for analysis.

The UAV was flown on autopilot mode guided by a fixed route of waypoints, commonly known
as a flight mission, generated using the mission planner. Forward and side overlaps between images
were kept at 85 percent to meet image stitching requirements and smoothly develop orthomosaics. As
recommended by the mission planner, the camera was triggered after 1 second depending on flying
altitude and image overlap. Since the UAV was not directly compatible with the mission planner,
a web-based platform (Litchi, VC Technology Ltd) was used to transfer missions from the mission
planner to the UAV. Images were geotagged using the integrated module within the camera. Flights
were conducted around solar noon since shadows on the side of plants before and after solar noon
can cause errors in imagery. Captured images were stitched into orthomosaics following standard
workflow from Metashape Professional by Agisoft (Agisoft LLC, St. Petersburg, Russia). Real-Time
Kinematic (RTK) corrected GPS coordinates of 16 ground control points (GCPs), distributed evenly
throughout the field, were measured using Topcon GR-5 (Topcon, Tokyo, Japan) GNSS receivers with
centimeter-level positioning accuracy. These coordinates were then used in Agisoft to provide images
and orthomosaics with very high positioning accuracy. Before generating orthomosaics, images were
calibrated to account for lighting conditions during the acquisition period. For this calibration, images
taken before and after the UAV flight of a calibration panel (provided by the camera manufacturer)
were used in Agisoft. For each flight date, the final product used from Agisoft was multispectral
orthomosaics with cm-level positioning accuracy. Any raster-based mathematical operations were
performed using the Raster calculator tool of ArcMap 10.6.1 (ArcGIS, ESRI, Redlands, CA, USA).

The created orthomosaic images of the corn and soybean field and zoomed-in view of the
associated rows are shown in Figures 3 and 4, respectively. The figures show that the canopy is very
dense, and the leaves of plants between adjacent rows heavily cover the inter-row spaces with random
patterns, as in the case of corn. In contrast, the soybean’s canopy is not dense like corn, and inter-row
space is discernible with much better clarity than the corn field.
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Figure 3. Orthomosaic image of corn field and zoomed-in view of crop rows.

Figure 4. Orthomosaic image of soybean field and zoomed-in view of crop rows.

3.1.2. Occupancy Grid Creation

Image processing was used to create a binary map that can be used as an occupancy grid map for
the autonomous navigation of robots. The image segmenter app of Matlab R2023a was used to do all
the processing tasks. The following image processing operations (with default options) were used to
extract the crop rows –

• Two thresholding (global and adaptive) operations.
• Morphological operations (dilation, erosion, opening, and closing) with different structuring

elements (disc, diamond, and square).

After thresholding and converting to binary images with the app, the RGB images turn into
images that could be used as occupancy grid maps that can be fed into the ROS navigation stack for
the robot’s autonomous navigation.

4. Results And Discussion
The segmentation method shows promising results for soybeans when the crop rows are visibly

well-defined with no significant overlap, as shown in Figure 5. However, in the case of corn, when
leaves overlap most of the rows, segmentation fails to efficiently differentiate rows (see Figure 6) unlike
soybeans. The two figures also show that global thresholding yields better result than the adaptive
threshold in soybeans, whereas the adaptive threshold shows a slightly better result than the global
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threshold in corn. After segmentation, morphological operations (dilation, erosion, opening, and
closing) with different structuring elements (disc, diamond, and square) were applied but the processes
did not significantly improve the segmentation results and not worthy to mention.

Figure 5. Binary map created with global (left) and adaptive (right) thresholding for the soybean field.

Figure 6. Binary map created with global (left) and adaptive (right) thresholding for the corn field.

The reasons behind the output differences in global and adaptive thresholding lie in the fact that
global thresholding sets the threshold value based on the histogram of the entire image’s pixel intensity
distribution. In contrast, adaptive thresholding calculates a threshold value for each small image
region, allowing each region to have a distinct threshold value. Therefore, when a row is distinctive,
global thresholding shows promising results. When a row is not distinguishable, adaptive thresholding
shows better results as the threshold value is calculated based on local intensity variations.

This proposed method shows the feasibility of extracting crop rows for mapping purposes except
in the case when the crop canopy covers most inter-row spaces. In the scenarios of complete coverage,
conventional segmentation algorithms are insufficient to extract the navigable spaces. However, when
the canopy doesn’t cover the inter-row spaces, this simple method works well, as shown in the case
of soybeans. Although this method has not been tested in the early stages of crops, it is logical to
assume that the process will yield better results when crops are in the early stages of development. It is
expected that the very early emerging stage might not be optimum because, at this stage, the physical
shape of crops changes too rapidly, and canopy coverage changes accordingly, ultimately dictating the
interrow distances. The optimum picture-taking time mainly depends on the intended purposes (e.g.,
weeding, spraying) and the duration of the map usage by robots. When there is a significant change in
the physical size of crops, it is always better to update the map just before the robot’s operation.

5. Use Of The Generated Map
The generated map can be used for different robotic operation tasks like -
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• Coverage path planning (CPP): Coverage path planning, or CPP is a crucial aspect of autonomous
robot navigation and refers to the process of generating a path or trajectory for a robot to traverse
in order to cover an entire area or region of interest. The primary objective of coverage path
planning is to ensure that the robot can systematically explore and survey the target environment
efficiently and effectively, minimizing redundant or unnecessary movements. Several algorithms
are used for coverage path planning, such as grid-based methods [42], cell decomposition
methods [43] , Voronoi-based methods [44], potential field methods [45], and sampling-based
methods [46]. However, all the methods need to find the navigable area for the robot first; hence,
this kind of map would be indispensable.

• Energy budget calculation: Autonomous mobile robots operating alone or in fleets need to
know their energy consumption before starting operations to calculate when to go to the nearest
stations for manual refueling or recharge their batteries (in the case of electric vehicles). Moreover,
estimating the energy budget is very important when selecting the installation location for
charging stations.

• Global path planning: Global path planning is a fundamental aspect of autonomous mobile
robot navigation. It involves finding a high-level path from the robot’s initial position to the
goal location, considering the overall environment and the robot’s capabilities. This path is
typically represented as a series of waypoints, or key poses the robot must follow to reach its
destination. The global path is planned before the robot starts moving, and it provides a general
roadmap for the entire navigation task. The environment is usually represented as a map, either
in a grid-based format or using continuous representations like occupancy grids or point clouds.
The map contains information about obstacles, free spaces, and other relevant features. Various
algorithms are used to compute the global path and these algorithms find the shortest or most
optimal path from the starting point to the goal, considering the map’s obstacles and terrain.
Global path planning may consider high-level constraints, such as avoiding specific areas (e.g.,
pivot ruts), considering different terrain types, or optimizing for specific criteria like energy
consumption or time. Once the global path is generated, the robot follows it until it encounters
local obstacles or deviations from the planned trajectory.

• Obstacle avoidance: The robot could use the map to detect obstacles such as pivot ruts, large
boulders/rocks, or big ditches on its path. By comparing the planned trajectory with the occu-
pancy status of grid cells along the path, the robot can identify potential obstacles or collisions
and adjust its route to avoid them. Global planning algorithms use map information to generate
safe, smooth-motion trajectories that avoid obstacles/collisions.

6. Limitations And Future Work
The height of the flight was 50 meters from the ground, usually used for precision agricultural

purposes. However, lower height might give better results, which has not been tested here. Therefore,
there is room for optimizing height to extract the best quality row information for the map creation.
We did not optimize windspeed, cloud cover conditions, temperature, etc., while taking pictures by
UAV which are important for taking crisp images. We used only RGB images without any color model
conversion. Other bands, like the red edge band or infrared band, might give better segmentation
results for the map creation. We used a simple and straightforward way to create a binary map from
orthomosaic image rather than lengthy, complex or custom-developed algorithms. Custom algorithms
or machine learning techniques might give better results for occupancy grid creation from UAV
imagery. But they were not tested here because we aimed to keep the process very simple and quick.

7. Conclusions
Mapping is an essential task for autonomous agricultural robots. A predefined map is helpful for

global or coverage path planning. Acquiring current imagery of crop fields using satellites for map
creation is either difficult or expensive whereas image gathering using UAVs is convenient and cheap.
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Moreover, custom cameras can be easily attached, which is impossible in satellite imagery. UAV height
can be easily controlled for desired coverage or image resolution. As crop density varies from crop to
crop and from time to time, updating the map several times during the growing period is required,
and using UAVs is an excellent option for this task. This study shows a simple methodology with
which maps can be created using UAVs and utilized for row crop navigation by UGVs. We did a small
case study to show the suitability of the map creation method, and there is scope for improvement
of the procedures, such as optimization of UAV’s height with map coverage, proper timing of flight
operation to extract best quality row information, and robust algorithm development. This work paves
the ground for map generation for autonomous navigation of agricultural robots through crop rows.
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