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Abstract. This paper describes the development of small low-cost cooperative robots for sustainable broad-acre agriculture to increase broad-acre crop
production and reduce environmental impact. The current focus of the project is
to use robotics to deal with resistant weeds, a critical problem for Australian
farmers. To keep the overall system affordable our robot uses low-cost cameras
and positioning sensors to perform a large scale coverage task while also avoiding obstacles. A multi-robot coordinator assigns parts of a given field to individual robots. The paper describes the modification of an electric vehicle for autonomy and experimental results from one real robot and twelve simulated robots working in coordination for approximately two hours on a 55 hectare field
in Emerald Australia. Over this time the real robot ‘sprayed’ 6 hectares missing
2.6% and overlapping 9.7% within its assigned field partition, and successfully
avoided three obstacles.
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Introduction

The current trend in agriculture is to increase the farmer’s productivity by using larger
machinery combined with controlled traffic farming, which is where the vehicles
traverse exactly the same paths using precision guidance. However, the growth in
complexity, size and weight of agricultural equipment, combined with repeatedly
traversing the same path, has led to concentrated soil compaction damage as well as
longer disruptions due to single machine failures. Soil compaction and single points
of failure ultimately decrease yield and productivity. The goal of this project is to
create a new class of machines for sustainable agriculture that will increase broadacre crop production and reduce environmental impact; small, light, inexpensive robots that coordinate as a team to manage the fields and work 24 hours a day. This
represents a movement back towards a time when large numbers of human workers
would tend the fields and provide individualised plant treatment.
This project is focussed on an immediate problem facing farms in Australia – resistant weeds. Zero-tillage agriculture, where soil disturbance is kept to a minimum, is
considered best practice farming in Australia to reduce topsoil erosion. However, to
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Fig. 1. The small robot platform (green) shown next to a typical farm spray machine (red) with humans for scale. While the robot shown here is a research
platform it is approximately the size envisaged by the work in this paper.

compensate for removing a mechanical means of weed destruction, farmers typically
use more herbicide to manage weeds which has led to the emergence of resistant
weeds. The magnitude of the issue in Australia is that the agricultural cost of weeds
alone is in the vicinity of $4 billion per annum [1]. Our solution to combat increasing
weed resistance is to introduce multiple lighter machines that are able to be deployed
into the field rapidly after a rain event as they are less prone to being bogged, cause
less soil damage, and operate as a system that is more robust to individual machine
failures. See Fig. 1 for a comparison in size between existing farm machinery and the
robot platform used in this study. While the robot shown in the figure is a test platform this is approximately the size envisaged for the approach described in this paper.
Since our approach is based on multiple robots, to keep the overall system affordable, the goal is to use relatively low cost sensors for obstacle detection and pose estimation. Cameras are preferred over lasers as they provide rich and informative snapshots of the surrounding environment at high rates. This paper describes a study into
using this system to ‘spray’ a large field using one real robot and twelve simulated
robots using low cost sensors to track pose and detect obstacles typical to a farm.
Coverage planning is a topic that has a rich history in the robotics community [17].
Recent work has studied coverage in the agriculture context in simulation and addressed the problem of choosing an optimal track orientation [18–20]. In this paper,
the existing planting patterns determine the track orientation in advance and therefore
basic methods of coverage may be applied. Our work involves simulation to illustrate
the behaviour of many robots, but our focus instead is on the whole-system aspects,
including navigation and perception, that allow these results to be applied in practice.
The next section describes the prior art in robotics related to farm automation. Section 3 describes the design of the robot system. Section 4 describes the experimental
setup for the experiments in this paper and then section 5 has the results of the experiments. Section 6 has a discussion of the results and section 7 has concluding remarks.
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Literature

The chief application of intelligent technology in agriculture has been to increase the
accuracy with which a vehicle is guided through a field which allows the principle of
controlled traffic farming [2]. Precision guidance has been improved using GPS [3]
and vision techniques such as for row following [4, 5], however, these by themselves
are not enough for driverless farming as they lack a full navigation system which
includes obstacle avoidance.

Early work in developing autonomous farm machinery is described by Ollis and
Stentz [6] who use vision for following the boundary between cut and uncut crop and
demonstrated harvesting over 48 hectares of crop [7]. To detect obstacles they use
probability density functions to threshold novel regions in the images demonstrating
preliminary results. Stentz et al. [8] describes a semi-autonomous tractor, which waits
for human advice when detecting an obstacle in the path of the robot. A human trains
the system by driving the relevant routes and the robot uses pure pursuit [9] to follow
the path. To detect obstacles they combine a neural network processing single images
with a stereo camera system. Torii et al. [10] reviews a number of approaches including using neural networks, genetic algorithms, and fuzzy logic for robots capable of
tillage, planting and plant care.
Since then there have been numerous approaches to the robotics farm with a significant focus on adding a variety of sensors to existing tractors. Johnson et al. [11] describe a complete multi-robot system demonstrated working over a long period of
time. To detect obstacles the tractor has colour cameras, infrared cameras and a nodding laser which generates tagged 3D data. Recent long term work in an orchard, with
a similar set of sensors added to an existing tractor, demonstrates substantial productivity improvements of 30% over human operated machinery [12].
Some groups have focussed on the development of custom platforms. Bakker et al.
[13] describe a systematic approach to the design of an autonomous platform for robot
weeding considering a large range of issues such as: methods to detect the weeds and
destroy them, guidance technique, energy sources and vehicle type. The result of their
design process is a four wheel driven and steered mechanical weeder guided by vision
and GPS. Another example is the BoniRob [14] which can vary its height and track
width to suit different fields and was designed for sensing the state of the crop. Hortibot [15] and Armadillo [16] are designed as custom generic flexible tool carriers.

3

System Design

The overall system, shown in Fig. 2, consists of a centralised multi-robot planner that
takes regions for spray coverage and assigns each robot a section to cover. The multirobot planner sends each robot the perimeter and a list of waypoints that define each
pass. The robots regularly send back their global locations. The system is designed to
allow each robot to operate autonomously within its assigned section of the field,
independent of the multi-robot planning system, for extended periods of time. The
system uses a 3G mobile data connection to communicate over the internet between
the multi-robot planner and the robots. Mobile data may dropout, in particular in rural
areas, however the system is designed to gracefully handle long and regular periods of
communication drop out. The following sections describe the robot system including
its sensors, and then describe each of the main software components.

Fig. 2. System architecture. The farmer interacts with the multi-robot coordination module which then communicates with the rest of the system over
a 3G mobile data connection via the internet.

3.1

Robot platform

The agricultural robot platform is based on a John Deere TE Gator modified for autonomous operation. The Gator is an Ackermann steered 48V 4.6kW electric vehicle,
approximately 2.6 meters long and 1.5 meters wide, with a ground clearance of 0.18
meters. The vehicle has a nominal 8 hour battery life and 12 hour recharge time. The
Gator is fitted with an automation conversion kit supplied by RoPro Design. The
computer controls the vehicle over a Controller Area Network (CAN) bus by intercepting the control lines that feed into the Gator’s standard motor controller and adding a smart motor to control the steering wheel and another smart motor to control the
brake. Via a single switch the vehicle can be changed between autonomous and manual human driven modes. For emergencies, a pneumatic emergency brake has also
been fitted to the robot and can be released via local estop buttons or wirelessly. The
robot has been fitted with a 200L spray tank, 5 meter wide boom with spray nozzles
and a commercial plant detection system, WeedIT. The robot receives Real Time
Kinematic (RTK) precision correction data from the SmartNet Australian Continually
Operating Reference Station (CORS) network. The robot has several sensors.
 Two forward facing iDS UI-5240CP Power over Ethernet GigE cameras
with wide field of view lens (~US$1,400 each).
 Two quadrature encoders S63B-37ADQ-OCCP4-AF mounted on the rear
wheels providing a resolution of 6mm (~US$250 each).
 A CH Robotics UM6 Inertia Measurement Unit (IMU) (~US$200).
 A Skytraq S1315F-RAW GNSS with Tallysman TW3100 (~US$300).

Fig. 3. The agricultural research platform, used to test the sensors and algorithms,
shown on a sorghum stubble field. The base vehicle is an electric John Deere TE Gator. The strobe light was used for night time studies not described in this paper.

3.2

Software and Hardware details

The robot runs the Robot Operating System (ROS) [21] framework which uses a topic-based publish and subscribe model. Local and remote nodes communication over
topics using pre-defined messages. The robot has two standard off the shelf computers
running Ubuntu 12.04 and ROS Fuerte, one that runs the traversability node and the
other for localisation, path planning and vehicle control. The traversability node sends
information about obstacles using a ROS PointCloud message. The path planner
communicates the desired motion using ROS ackermann_msgs. The path planners use
the ROS move_base and costmap framework. Most of the nodes on the robot operate
at 10 Hz.
A separate laptop is used to run the multi-robot planner and communicates with the
rest of the system over 3G. Potential problems with 3G include narrow bandwidth,
delays and network failures; however, this isn’t a problem as the communication between the multi-robot planner and the robots is limited to sparse commands and status
updates. To handle communication failures and provide namespace separation, there
are two ROS masters, one is on a laptop computer, and another is on the robot. These
communicate using custom messages over a ROS actionlib interface and relevant
topics are connected using ROS foreign_relays.
3.3

Multi-Robot Planner

The task of weed management through controlled herbicide delivery is algorithmically an instance of the coverage problem [22]. This section describes the planning subsystem for multi-robot coverage of large fields.
The goal of coverage is to plan a path such that the robot(s) eventually visit (cover)
all points within a defined area. Finding an optimal coverage path is related to the

well-known Travelling Salesman Problem (TSP) and is NP-hard [23]. However, this
application is a restricted case of coverage where robot motion is constrained to travel
parallel to pre-existing rows within a field. In this case, cell-decomposition algorithms
work well in practice.
Following [22], we apply the boustrophedon decomposition, where the coverage
area is exactly partitioned according to a back-and-forth (lawnmower) pattern. For a
single field with crop rows at a known row orientation, the boustrophedon decomposition is computed using a sweep-line moving perpendicular to the rows. This method
partitions the paddock into cells of approximately-equal area measured by the sum of
row lengths. One robot is allocated to each cell. The robot's path within its cell is
determined by the existing row pattern which can be obtained from satellite data or
from the farmer. The number of cells within a field is determined by the number of
available robots. The initial decomposition and allocation of cells to robots is computed offline given the field boundaries. For this, the system calculates a list of waypoints located at the start and end of each pass. Then, each robot performs rowfollowing and obstacle avoidance within its allocated cell using the algorithms described in the following sections. Cells may also be allocated to simulated robots that
operate simultaneously with real robots, although the simulated robots drive directly
to waypoints without obstacle avoidance.
3.4

Coverage planner

This node, which runs on each robot, is responsible for ensuring the robot follows the
coverage plan waypoints provided by the multi-robot planner. It sequentially provides
the next goal waypoint located at the end of each row. The node also sends a funnel
field to the costmap to ensure that even while avoiding obstacles the robot will stay
close to the row. The funnel field strength is proportional to the distance from the
desired path and so forms an inverted triangle. So that overall progress can be tracked,
this node regularly sends the multi-robot planner the global location of the robot.
3.5

Pose Estimation

For localization, a particle filter combines sensor information from several low-cost
sensors, specifically a single-channel GPS, IMU and velocity from the robot’s wheel
encoders. The particle filter allows the robot to determine its pose based on a series of
noisy readings and allows the robot to continue to operate even if GPS drops out for a
period of time. GPS position calculations are performed on the robot’s PC using the
free software library RTKLIB [24] which applies RTK corrections to the raw GPS
satellite observations to dramatically improve the robot’s global accuracy. The robot
receives corrections from the CORS network via a 3G internet connection.

3.6

Traversability

This node is responsible for determining the traversability of the area in front of the
robot using only vision. Currently, the node detects obstacles, which is a subset of
traversability which would include determining the terrain type.
The node firstly determines novel regions in the left camera image and then processes these novel regions using stereo vision. To determine novel regions the node
maintains a model of the typical appearance of the field, under the assumption that
obstacles typically deviate significantly from this appearance model. Candidate obstacles are detected in image space by looking for novel image regions with respect to
this model. Novelty detection uses a weighted variant of Parzen windows [25] where
samples lose weighting over time. Fast inference on this model is performed using the
Fast Library for Approximate Nearest Neighbours (FLANN). Candidate obstacle
image regions are then passed through stereo matching in order to generate a metric
point cloud of the candidate obstacles. Stereo matching was performed using
LIBELAS [26]. The point cloud is filtered based on their height and distance from the
camera, and the remaining points are obstacles.
This two-step process has advantages over purely stereo matching-based obstacle
detection. The first advantage is that stereo matching typically performs poorly in
agricultural fields due to its highly repetitive nature, hence stereo matching alone
generates significant false positives. Empirical results indicated that stereo matching
is more robust on obstacles over stubble (based on the assumption that their appearance deviates from the typical), since obstacles provide strong edges which are useful
for stereo matching. The novelty pre-processing then implicitly encodes an understanding of the image regions in which stereo matching performs well, and significantly reduces false positives while having negligible impact in terms of false negatives. The second advantage is that since stereo matching is only performed on a subset of the image regions, it typically has a reduced computational load for equivalent
performance.
3.7

Costmap

The costmap maintains a 2D representation of the environment surrounding the robot
and the global lattice planner and local pure pursuit planner use it to generate paths.
As is typical, the map encodes the cost of the robot occupying particular cells. To
ensure that obstacles are avoided and the robot remains on the desired row, the obstacles are given high values and the funnel from the coverage planner is given low to
medium values. Specifically, each cell is 0.2 meters squared and the costmap is 100
meters squared centered on the robot. The costmap is aligned with the known direction of the crop rows to allow the system to plan smooth straight paths.
3.8

Global lattice planner

This node plans a long-term path to the coverage planner’s goal pose through the
costmap. This node uses the Search Based Lattice Planner (SBPL) [27] to generate

collision free paths around obstacles. SBPL incrementally searches for the best path
considering the cost of motion primitives and the cost of traversing the costmap cell.
Obstacles have high cells costs. The funnel provided by the robot’s coverage node,
provides increasing costs perpendicular to the desired row, and therefore ensures that
SBPL will generate paths that, after avoiding an obstacle, will guide the robot back
onto the correct row. SBPL constructs the path using motion primitives specific to the
Gator vehicle. These motion primitives represent the Gator vehicle’s kinematics, in
particular the minimum radius of curvature, and include travelling straight and turning
left and right. These plans extend in the direction of the goal and are clipped to the
extent of the costmap.
For typical row following without obstacles this approach is more complex than
required however provides flexibility for the future functionality such as moving between fields. The global lattice planner recalculates a new path every 10 seconds, or
when the goal changes or when the local planner rejects the plan.
3.9

Local pure pursuit controller

This node is responsible for ensuring that the robot tracks the long-term lattice path
using a pure pursuit controller [9]. The node has two proportional integral controllers
to minimize the error in the distance between the robot and the lattice path and between the robot’s heading and the lattice path orientation. The pure pursuit controller
plans the path of the robot forward several seconds checking for collisions between
the robot footprint and obstacles in the costmap. If a collision is detected then the
local controller rejects the global path and the robot slows down while the global
lattice planner generates a new path. In practice, as the global lattice planner quickly
generates paths, the robot does not slow down notably.
3.10

Vehicle Controller

The vehicle controller node manages the low-level state of vehicle including the forward velocity of the robot, the steering wheel angle and the state of the brake. The
controller interfaces with the vehicle over a CAN bus to smart motors and relays. The
node has a hand-tuned proportional-integral-feedforward velocity controller based on
feedback of the robot’s velocity from the wheel encoders.
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Experimental Setup

The user defines the boundary of the field by manually selecting appropriate latitude
and longitude coordinates as shown in Fig. 4. The area represented by the coordinates
in this experiment are slightly smaller than the actual field to avoid the headland
which is where the large farm machinery turns around at the end of each row. The
area defined for this experiment is 55 hectares of broad-acre sorghum stubble field
located in Emerald, Australia. In the section of the field assigned by the multi-robot
planner to the real robot there are three obstacles typically found on a farm and in-

Fig. 4. A 55 hectare sorghum stubble field with the boundary for coverage by
the multi-robot system marked in black. Imagery © 2013 Nearmap.

Fig. 5. Three obstacles typically found on a farm: an adult human (left), a utility vehicle (middle) and an electricity pole (right).

Fig. 6. The boundary assigned to the real robot by the multi-robot planer showing
the location of the obstacles and the ridgeline. Imagery © 2013 Nearmap.

clude as shown in Fig. 5: a grey electricity pole which is a permanent fixture, a small
utility vehicle, and a human. The boundary, locations of these obstacles and a contour
bank are shown marked on the field in Fig. 6.
The robot’s forward velocity was limited to 5 km/hr for this experiment which is
the speed specified by the farmer as optimum for spraying weeds. This speed is lower
than the large manned spray vehicle, however they drive faster than they would like
so as to increase their own productivity at the cost of suboptimal spraying. With a 5

meter wide spray boom travelling at 5 km/hr it would take one robot approximately
26 hours to traverse this 55 hectare field. For this experiment the multi-robot planner
was configured to use 1 real and 12 simulated robots.
The goal is to cover the entire field only once while minimizing the missing and
overlapped areas. Therefore, the pass-to-pass error is calculated based on the perpendicular distance to the previous vehicle pass, ignoring the turning regions at the ends
of the rows and avoiding obstacles. The user configured the multi-robot planner with
a pass-to-pass distance of 5 meters to generate the waypoints for the robots. The coverage results are based on a 5.5 meter wide boom due to the side spray from the nozzles on the ends of the boom. A high-performance Novatel multi-constellation GNSS
with tactical grade IMU and dual antennas provides ground truth data, and its positions are used for calculating coverage results and for plotting the paths.
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Results

Fig. 7 illustrates the performance of the path planning nodes in avoiding one of the
obstacles detected using only vision. The costmap shows the obstacles added at the
correct location. Some detection of obstacles is made at 10 meters away while robust
detection occurs at 5 metres. The combination of the funnel and the obstacle means
that the global lattice planner determines a path that avoids the obstacle and guides
the robot back onto the original row path. The obstacle detection and path planning
results are similar for the other two obstacles.

Fig. 7. Demonstration of the robot avoiding a human during the coverage task.
The camera image showing the position of the human and highlighted regions
of the image that the traversability node has detected as novel (left). The costmap and path planner outputs are shown on the (right). The dark blue shows the
output from the traversability node showing that the human is added as an obstacle and that the stubble detected as novel is not added as an obstacle. The
funnel gradient, in greyscale, can be clearly seen biasing the robot’s path back
onto the row. The green outline represents the robot’s footprint. The red line is
the global lattice path and the small cyan line is the pure pursuit plan.

The paths taken by the real and simulated robots to cover the assigned area are
shown as different colours in Fig. 8. All of the robots completed their assigned section
in 1.8 hours. Unsurprisingly, the simulated robots precisely traverse between waypoints and cover their sections exactly. The coverage for the real robot is shown in
Fig. 9 showing the area that is covered, missed and overlapped. The extra overlap
where the robot transitions onto the next pass is due to a slightly asymmetric bulb
turn.
The three large deviations shown in the path and the coverage are the successful
avoidance of the true positive obstacles. The robot also slightly deviated from the path
to avoid a false positive obstacle shown as a small red region in Fig. 9. This false
obstacle was detected just as the robot was driving down the far side of a contour
bank. The traversability node detected a small region of stubble as novel and because
the stubble was higher in the world it was briefly determined to be an obstacle. Table
1 shows the final coverage results. The real robot covered 6 hectares in 1.8 hours and
missed 2.7% of the area and overlapped 9.7% of the area. The RMS pass-to-pass error
was a low 0.18 m.

Fig. 8. Coverage of the entire 55 hectare area using 1 real and 12 simulated robots
shown in different colours. The result shows that each robot was assigned approximately the same distance to travel. The multi-robot planner assigned the real robot the
top section (blue). The real robot’s three large deviations are due to true obstacles and
the small deviation is due to a single false positive obstacle.

Fig. 9. This plot shows the coverage for the real robot (grey) within its assigned
boundary (red) including the parts of the field where the spray would be overlapped (black) and missed part of the field (white). The top three large missed
and overlapped areas are true positive obstacles that were successfully avoided.
The small area towards the bottom in the middle was where the robot slightly
deviated to avoid a false positive obstacle.
Table 1. These results represent the overall performance of the real robot for
the coverage task.
Result

Metric

Missed percentage
Overlap percentage
True positive obstacles avoided
False positive obstacles avoided
Real robot run time
Area covered
RMS pass-to-pass error

2.6%
9.7%
3
1
1.8 hours
6 hectares
0.18 meters
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Discussion

The robot autonomously ‘sprayed’ 97.4% of its section of the field while avoiding
obstacles typical to the farm environment. The real robot was shown to work alongside many simulated robots to perform complete coverage of a large area. The robot
was able to globally localise to perform the coverage task with a precision only marginally worse than provided by commercial agricultural solutions. This was achieved
using a particle filter to fuse inexpensive odometry, IMU and GPS sensors combined
with the open source RTKLIB and a correction signal. The missed and overlapped
percentages can be traded depending on the cost of herbicide and the loss due to
missed areas by changing the desired pass-to-pass value relative to the spray width.
The results demonstrate that the obstacles were successfully added to the costmap.
In the sorghum field, by themselves the stereo vision and novelty detection methods

generated many false positive obstacles. However, using the novelty detector to identify regions for stereo matching overcame problems with ambiguity in the appearance
and ground plane. The contour banks were higher than the system was designed to
handle resulting in a false positive obstacle. While the robot briefly deviated from the
row to avoid a false obstacle, the system was tuned to ensure detection of true positive
obstacles at the expense of some false obstacle detection.
The navigation system generated suitable paths to avoid obstacles and guide the
robot back onto the correct row. In particular, the combination of the lattice planner
generating kinematically suitable paths around obstacles and through the funnel
proved successful. A simpler navigation system could have been used for the exact
experiment described in this paper. However, the benefit is that this system allows for
a wide range of flexibility for adding future functionality, changing sensors or handling increasingly complex navigation challenges.
The robot platform, while sufficient for this experiment, will be unsuitable for
commercial deployment in broad-acre fields. Due to the existing large machinery, the
terrain is rugged and the gator bounced around during turns and while avoiding obstacles. To address the rugged terrain for this experiment the tire pressure was lowered
which increased the cost of transport, and so is not a suitable long term solution.
There are several areas for future work. The multi-robot planner will be updated to
adaptively handle robots that are unable to complete their assigned sections due to
robot failure or very large obstacles. A vision based docking system will be added to
so that the robots can autonomously recharge power and herbicide. Lastly, there will
be continued development of more robust techniques for detecting traversability and
estimating the robot’s pose.

7

Conclusion

The paper has described a new approach to increasing broad-acre agricultural productivity with small affordable autonomous robots. This will lead directly to improved
productivity through reduced soil compaction and specifically for weed management,
reduced herbicide usage through smarter local application, providing direct environmental benefits. The technology will lower production costs through more timely
interventions and the increased robustness and incremental scalability inherent in
multiple small machines.
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