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Abstract

This dissertation explores decision-making under uncertainty in robotics systems
tasked with reconstructing a scalar field through sensing. In this task, each robot
must determine its next decision considering surrounding uncertainties, and environ-
mental and physical constraints. The complexity escalates in a multi-agent scenario,
as each robot must not only assess its course of action but also predict and consider
other robots’” movements and plans. This is crucial to avoid collisions and prevent
repetitive tasks among interacting agents. Our interest in this problem is motivated
by applications in precision agriculture, where robots are used to collect measure-
ments to estimate domain-relevant scalar parameters such as soil moisture or nitrates
concentrations. In particular, we focus on the implementation of budget-aware al-
gorithms, therefore casting our problem as an instance of constrained optimization,
whereby the goal is to collect good data, while being subject to constraints on the
available energy limiting the distance a robot can travel while fulfilling its mission.
This problem is formally called informative path planning (IPP) and is NP-hard.

For this approach to be efficient, it is necessary for robots to coordinate their
efforts to avoid unnecessary duplicate work or negative interference. As part of the
measurement collection task, sample locations can be provided in advance, chosen by
experts or randomly, or selected along the way in response to collected data. Central
to our work is the necessity to perform task allocation being aware of the distance a
robot can travel before its battery is depleted. From a practical standpoint, a robot
running out of energy in the middle of its data collection mission is a major problem,
as it will be necessary to manually recover it. Our task allocation strategy, therefore,
focuses both on avoiding duplicate work and on managing the energy constraints.

The purpose of this dissertation is to address each of these variations of the IPP
problem within the context of environmental map learning, in particular agricultural
field map learning. Different offline and online learning based solutions are provided
to address the IPP problem for single robot as well as multiple robots. The proposed
algorithms are analyzed on real-world datasets, and simulations are constructed and
shown to be efficient at guiding robots to sampling points under budget and environ-
mental constraints. The feasibility and performance of a single robot solution method
is evaluated and verified on a real Husky robot.
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Chapter 1

Introduction

1.1 Purpose

Over the past few years, there has been a steady increase in the use of collabo-
rative team of robots for gathering information across multiple domains. Examples
of applications include search and rescue to locate survivors [58], ocean exploration
to map underwater terrain and monitor water quality parameters such as pH and
chlorophyll [85], and data gathering in agricultural settings for pesticide spraying,
seed sowing, as well as farm monitoring and sampling [22]. Figure 1.1 displays the
Husky robot platform gathering leaf temperature data from a pistachio orchard using
a multi-spectral camera. The question arises as to why we need to collect samples
from farms and orchards?

In light of the expected rise in world population, food supply must be ensured in an
urgent manner. In order to accomplish this, agricultural yields and water productivity
must be increased worldwide. In spite of this, water is a limited resource, and global
population growth and climate change are putting unprecedented pressure on it. It
is therefore necessary to implement precision automatic irrigation technologies that
take advantage of control theory in order to ensure sustainable and rational use of
water in irrigated crops.

A few decades ago, irrigation was done in so many ways, such as basin irrigation
system or ood irrigation system. In basin method, water is ponded over the entire
surface of the soil [104]. These days, there is a need for a more rational approach
to irrigation optimization. For instance, an automatic irrigation system in which
water is applied directly to plants' roots by means of applicators (ori ces, emitters,
porous tubing, perforated pipes, etc). A sprinkler irrigation system applies water
under pressure through perforated pipes or nozzles to form a spray pattern [104]. In
automatic irrigation, the key concept is feedback which is a mechanism, process, or
signal that controls the irrigation system. In the eld of automatic irrigation, mea-
surements of soil (soil water potential), plant (stem water potential) and atmosphere
variables are used to determine the next irrigation dosage based on the consequences
of previous actions [66]. Physical sampling can be quite laborious and often vary
among di erent types of crops. Given the growing agricultural workforce shortages,
the labor-intensive nature of these measurements poses a severe limitation on how
many samples can be collected and analyzed, and restricts how growers and farm
consultants can assess local conditions and optimize operations in support of sustain-
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able crop production. This is particularly critical in high-value perennial crops, such
as avocados, citrus, almonds, nuts, and vines. Hence, robotics and automation tech-
nology can be employed to support physical sampling. In this context, the capability
of deploying a coordinated team of robots to collect data is instrumental, as a team
of robots can collect more data per time unit, and also o ers increased robustness to
individual failures.

For this approach to be e cient, it is necessary for robots to coordinate their
e orts to avoid unnecessary duplicate work or negative interference. As part of the
measurement collection task, sample locations can be provided in advance chosen
by experts, or randomly, or selected along the way in response to collected data.
Central to our work is the necessity to perform task allocation being aware of the
distance a robot can travel before its battery is depleted. In particular, we focus on
the implementation of budget-aware algorithms, therefore casting our problem as an
instance of constrained optimization, whereby the goal is to collegiood data(in a
sense to be formally de ned later), while being subject to constraints on the available
energy limiting the distance a robot can travel while ful lling its mission.

Figure 1.1: Robot moving autonomously at pistachio orchard.
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1.2 Overview of Contributions

The purpose of this dissertation is to address the challenges of decision-making
under uncertainty in robotics systems tasked with reconstructing a scalar eld through
sensing. A multi-robot informative path planning (IPP) method aims to select paths
and sequence of sampling locations for each robot that maximize the quality of the
reconstructed scalar eld while do not exceed the travel budget. In this setting, each
robot must determine its next decision considering surrounding uncertainties, and
environmental and physical constraints. The complexity escalates in a multi-agent
scenario, as each robot must not only assess its course of action but also predict and
consider other robots' movements and plans. This is crucial to avoid collisions and
prevent repetitive tasks among interacting agents. This dissertation is motivated by
improving agricultural e ciency, but the algorithms presented can also be applied to
a wide range of scenarios, such as warehouse robot navigation.

This dissertation and its related publications make ve major contributions. First,
informative path planning (IPP) within a prede ned budget in a stochastic environ-
ment for a single robot is discussed. Second, three o ine and online learning based
algorithms are presented, which are capable of solving these task planning problems
e ciently. These algorithms describe how to select the sequence of sampling locations
to yield an accurate Gaussian Process (GP) reconstruction as well as to determine
when the exploration should be concluded and move to nal docking point. Third, an
extension to multi robot IPP within a predetermined budget is discussed, and a set
of heuristic learning based algorithms are presented which provide distributed online
policies for task planning in di erent environments. Fourth, a strategy is proposed to
update sampling locations on the y to leverage data collected during the mission and
predict the next decision of other robots in the team to prevent multiple robots from
visiting and collecting data samples at the same location at the same time. Fifth,
a real-world experiments with a Husky robot are presented to verify the proposed
method.

In the remaining six chapters of this dissertation, di erent aspects of e cient task
planning solutions are discussed to solve the IPP problem. Chapter 2 provides a
summary of related literature for the specic types of problems discussed through-
out this dissertation. Chapter 3 describes an o ine Q-Learning solution to solve the
single robot IPP problem. Chapter 4 discusses a budget-aware, online method based
on Monte Carlo Tree search (MCTS) for solving the single robot IPP problem. In
Chapter 5, the IPP problem is extended to multi-agent scenario focusing on avoiding
collisions, revisiting the same locations while managing budgets. A real-world ex-
periments with a Husky robot are presented in Chapter 6. Finally, Chapter 7 o ers
concluding remarks on the methods presented in this dissertation and outlines a few
areas for future research.



Chapter 2
Related Work

2.1 Robots Application in Agriculture

There has been a labor crisis in American agriculture for decades, resulting in
the loss of $3.1 billion worth of food over the past decade [78]. According to the
USDA, farm labor employment has declined by 75 percent over the past 70 years [78].
In addition to being laid o by the pandemic, employees are likely to migrate to
industries that are highly attractive to them, such as technology or health care [26].
With this introduction, it is imperative that the agricultural industry be able to
address this issue in a more e cient manner.

Autonomous robots are nding more and more applications in agricultural indus-
try [99, 30]. Perhaps the most obvious tasks that would require ground robots for
automation are tasks that involve direct interaction with the plants and soil. One
such task that could be enhanced by robotics is the harvesting of fruit by robots [16].
Another application is pesticide spraying, which is a recurring task in nearly every
growing operation. Aside from spraying for pests, robots have been developed that
are capable of autonomously weeding orchards and vineyards where the robot can
remove weeds that are growing between vines and within rows without harming the
vine trunks [59]. Ground robots can also be used by farmers to sow seeds into the
ground [99]. Finally, ground robots can be used as part of a farm monitoring and
sampling system. Figure 2.1 shows the UC Merced, Robotics lab Husky robot which
has been retro t with a soil moisture sensor that can be inserted in the soil to collect
data at preassigned locations, or at locations decided by the robot on-the-y. These
samples must be collected over vast spatial domains and the utilization of robots
allows better use of the dwindling agricultural workforce. In these applications it
is often necessary to frequently collect data to monitor parameters such as water,
nitrates, nutrients, or to determine soil quality, or crop estimates [74].

Other non-agricultural information gathering can also be achieved with multi-
robots. Examples of applications include search and rescue to locate survivors [58],
ocean exploration to map underwater terrain [85].

Agricultural robotics and automation technology play an increasingly critical role
across several crop production stages to improve sustainability (e.g., water use op-
timization). Robotics has been applied for remote and proximal sensing, as well as
physical sampling [22]. The procedure of physical sampling and follow-on analysis of
plant specimens such as leaves or shoots, often constitutes the only accurate way to

4
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Figure 2.1: The Husky robot has been retro t with a soil moisture sensor that can
be inserted in the soil to collect data (the soil moisture probe is visible on the left).

measure some essential parameters that a ect crop production, such as stem water
potential (SWP) and nitrogen content which help determine a crop's need for water-
ing and can only be accurately measured through the physical collection and analysis
of specimens such as leaves or shoots.

However, both physical sampling and specimen analysis can be quite laborious and
often vary among di erent types of crops. Given the growing agricultural workforce
shortages [12], the labor-intensive nature of these measurements poses a severe limi-
tation on how many samples can be collected and analyzed, and restricts how growers
and farm consultants can assess local conditions and optimize operations in support
of sustainable crop production. This is particularly critical in high-value perennial
crops, such as avocados, citrus, almonds, nuts, and vines. Hence, robotics and au-
tomation technology can be employed to support physical sampling and specimen
analysis.

SWP is a metric frequently used by agronomists and growers to optimize irrigation
schedules for crops [28], with the intent of reducing water waste and maximizing
prots [97, 70]. The current industry standard for obtaining SWP measurements is
the Scholander pressure chamber method [71], which involves the insertion of a leaf
sample into a pressure chamber with its stem's excised end exposed (Figure 2.2 (a)).

After the sample is secured, a human operator slowly activates a valve to pressurize
the chamber while also observing the water expression at the end of the exposed stem
through a magnifying glass (Figure 2.2 (b)) [22].

The pressure necessary to force water out of the stem determines the SWP. The
process measures the capacity of the cells to retain water by pressurizing the leaf.
The less free water there is in the plant, the greater the pressure required to cause
the leaf to exude water.

When taken in pre-dawn conditions (i.e. performed before sunrise) and plant
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