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Abstract

AlphaGarden: Leveraging Simulation in Developing an Autonomous Real-Sim-Real
Pipeline for Polyculture Gardening

by

Rishi Parikh

Master of Science in Electrical Engineering and Computer Science

University of California, Berkeley

Professor Ken Goldberg, Chair

The AlphaGarden is an automated testbed for indoor polyculture farming which combines
a first-order plant simulator, a gantry robot, a seed planting algorithm, plant phenotyping
and tracking algorithms, irrigation sensors and algorithms, and custom pruning tools and
algorithms.

AlphaGardenSim is a custom, fast, polyculture garden simulator which was used to learn
various planting, irrigation, and pruning policies which were later evaluated in real.

Using an overhead camera and soil sensors to collect data from a physical scale garden
testbed, the autonomous system utilizes a learned Plant Phenotyping convolutional neural
network and a Bounding Disk Tracking algorithm to evaluate the individual plant distribu-
tion and estimate the state of the garden each day. From this garden state, AlphaGardenSim
selects plants to autonomously prune and how much to irrigate each plant. A trained neural
network detects and targets specific prune points on the plant.

The pruning pipeline is experimentally evaluated through four controlled 60-day garden
cycles. Results suggest the system can autonomously achieve 0.94 normalized plant diversity
with pruning shears while maintaining an average canopy coverage of 0.84.

Last, this thesis systematically compares the performance of the AlphaGarden to professional
horticulturalists on the staff of the UC Berkeley Oxford Tract Greenhouse, adding closed
loop variable irrigation. The humans and the machine tend side-by-side polyculture gardens
with the same seed arrangement. We compare performance in terms of canopy coverage,
plant diversity, and water consumption. Results from four 60-day cycles suggest that the
automated AlphaGarden performs comparably to professional horticulturalists in terms of
coverage and diversity, and reduces water consumption by as much as 44%.
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Chapter 1

Introduction

In 1950, Alan Turing considered the question “Can Machines Think?” and proposed a test
based on comparing human vs. machine ability to answer questions. Comparing how ma-
chines do on predefined tasks compared to humans improves our understanding of said tasks
and serve as a rule of thumb for when the task is ripe for large-scale automation. This thesis
considers the question “Can Machines Garden?” based on comparing human vs. machine
ability to tend a real polyculture garden. Precision polyculture agriculture can reduce pesti-
cides and water usage but requires more labor than monoculture farming. With the current
state of world hunger, drought across cities worldwide, and a growing population, there is
a pertinent need to sustainably produce enough food for everyone, even with limited water
resources. Could robots help?

Polyculture farming is the practice of growing multiple crop types or plant species in
a single area, rather than monoculture farming where only a single crop type is grown.
Additionally, polyculture gardens reduce the depletion of soil nutrients while exhibiting
many benefits compared to monoculture gardens, such as reduced demand for fertilizers,
soil support, and crop support. A robot could change the way agriculture is practiced by
increasing yield and improving resource efficiency.

This thesis outlines key components to automating polyculture farming in an indoor set-
ting and compares the robot policy versus professional horticulturalists on three key metrics:
plant coverage, plant diversity, and water use. AlphaGarden combines a custom first order
POMDP simulator AlphaGardenSim and a real world test bed AlphaGarden built on top of
a farmbot gantry robot.

The AlphaGarden tackles four challenges to successful automation:

1. Simulation: The AlphaGardenSim is a fast, first order simulator, that incorporates
parameterized individual plant growth models, companion plant effects and inter-plant
dynamics.

2. Real to Sim: To interface with AlphaGardenSim, we explore computer vision models
and algorithms to translate between the physical garden and simulation.
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Figure 1.1: Overhead Garden Image The above is a photo of the latest garden cycle taken at day
60. The red line splits the garden in half, where one side was tended by human experts, and the other by
AlphaGarden. Each side started off with initial symmetric configurations reflected against the center line.
Can you guess which side is which?

3. Sim to Real: To enact both learned and analytical policies from AlphaGardenSim into
the real world, this thesis presents custom hardware and action planning algorithms.

4. Real World Experiments: We present 8, 60 day garden cycles, where we compare
different pruning and irrigation policies versus expert human horticulturalists.

Chapter 4 summarizes AlphaGardenSim as well as dives into detailed modifications and
experiments conducted in simulation. Chapter 5 and 6 detail algorithms designed to bridge
the real-sim-real gap. Sensor readings from the physical garden test bed are converted to a
state representation for the simulator, which allows us to use a lower fidelity simulator policy
on the high fidelity image data. Next, sim-real algorithms are used to translate simulator
policy to the real garden test bed. Chapter 7 discusses analyzes the results of 8, 60 day
garden cycles carried out.

Chapters 8 and 9 describe the current limitations of deploying AlphaGarden at scale and
future work and project direction.

In this thesis, I present work based on the following papers:

1. Learning Seed Placements and Automation Policies for Polyculture Farming with Com-
panion Plants [1]

2. Simulating Polyculture Farming to Learn Automation Policies for Plant Diversity and
Precision Irrigation [2]
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3. Automated Pruning of Polyculture Plants [3]

4. Can Machines Garden? Systematically Comparing the AlphaGarden vs.
Professional Horticulturalists [4]

My primary contributions to this project have been: formulation and assessment of
new policies in simulation [2], a computer vision model to detect plant type from overhead
images [1], [3], and integration of the real to sim portion of the autonomous pruning pipeline
[3]. Last, this thesis will focus on [4], which I was a co-first on and is currently a finalist
for outstanding paper at IEEE ICRA 2023. In this paper I helped develop new policy
in simulation including staggered planting and variable irrigation, and aided in debugging
physical experiments against expert horticulturalists.
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Chapter 2

Related Work

2.1 Polyculture Farming

Polyculture farming, where multiple plant species are intercropped simultaneously and in
close proximity, is a form of agricultural cultivation used for centuries that has been shown
to enhance pest control, reduce weeds, limit soil erosion, and provide better use of light,
water and soil nutrients [5, 6, 7, 8]. It is known that specific mixtures of cultivated plant
species can result in higher overall yield [9]. Examples of mutually beneficial polycultures
developed prior to industrial agriculture include maize-bean mutualisms, where maize pro-
vides a structural scaffold for the nitrogen-fixing leguminous vines [10], and intercropping
of deep rooted native shrubs into grain cultivation, which improves water availability in
arid regions [11]. More contemporary examples include shade-grown coffee, where species
diverse agroforestry practices that can included cacao and banana intercropping provide not
only canopy shade for coffee, increasing yields, but also provides needed habitat for birds,
butterflies and other species [12].

Monoculture farming, as typically practiced in large-scale, industrial applications, is often
characterized by heavy agrichemical inputs, such as chemical fertilizers and pesticides [13,
14], and increased vulnerability to disease and pestilence. The lack of long-term sustainability
of industrial agriculture [15], and its implications for human food security, has sparked
renewed interest in polyculture [16, 17, 18]. However, the advancements and automation
seen in modern day monoculture farming have not yet scaled to its polyculture counterpart.
One form of polyculture farming is indoor farming is a class of Urban Agriculture where
crops can be grown inside a building [19], [20]. There is also increasing commercial interest
in indoor farming [21].

One drawback is that polyculture farming requires more human labor than monoculture
farming. In a polyculture setting, experts carefully select placements of seeds to optimize
for companion growth, overall diversity, and coverage. Plants are irrigated to ensure optimal
water uptake for overall plant health. Lastly, plants are carefully pruned to ensure smaller,
slower growing plants have room to grow, remove dead or dying leaves, and promote plant
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growth.

2.2 Automated Agriculture

Modeling and simulation can allow us to simulate plant growth and test many potentially
useful policies at a much faster rate than natural growth. While monoculture plant simulators
are well known [22] [23] [24], in prior work we presented the AlphaGardenSim [16], a
polyculture plant simulator that uses first-order models of single plant growth, simulating
inter-plant dynamics and competition for water and light. This thesis customizes and tunes
the original implementation of AlphaGardenSim for real world applications.

Prior work has used the Farmbot, a robot gantry system, to interface with humans to
help with seed planting, watering, and plant monitoring routines [25]. Robotic systems
have also tended gardens such as work from Correll et al. [26], who designed a distributed
autonomous gardening system with mobile manipulators that detect plants, irrigate, and
grasp fruit. Botterill et al. studied pruning of grape vines using a six degree of freedom
robot arm [27]. Also, Hernandez et al. [28] developed an autonomous urban garden that
monitors soil moisture, temperature, and humidity. Some previous work has also compared
the performance of a robotic system designed for agriculture to that of a human. Hayashi
et al. developed a strawberry harvesting robot and indicated that its execution time, while
better than previous studies [29, 30], took 2.5-3 times longer to harvest than a human [31]

Corbett-Davies et al. leveraged classification and search algorithms to make pruning
decisions on simulated vines and indicated their system outperformed a human pruner with
a skill level above the typical vineyard worker on this simulated domain [32]. However, to the
best of our knowledge, there is no systematic comparison between an autonomous robotic
system and horticulturalist(s) tending two identically planted gardens.

The current state of polyculture agriculture implements several strategies to promote
more natural and optimal plant growth such as relay planting and intercropping, which is
planting the next cycle of crops before the end of the first cycle and adding plants in empty
spaces of the garden [33]. In AlphaGardenSim, we build on this by dynamically predicting
vacancies in the garden created either through pruning or decay of plants and determining
which seed to plant to promote coverage and diversity.

While in traditional farming, both rainfed and irrigated agriculture is discussed [34],
in indoor farming, most of the focus has to be on irrigated agriculture. Moreover, in the
face of drought in parts around the world, irrigated agriculture is still the world’s major
water user, using more than 70 percent of global water. Therefore, there is research into
sustainable irrigation for agriculture [35]. In AlphaGardenSim, irrigation simulation is also
being improved to further optimize coverage and diversity while reducing water usage. We
present some of our ongoing work with irrigation in this paper.

Closed-loop robotic irrigation allows for better water management. There exists prior
work using mobile robots for irrigation. For example, Zhen et al. prototyped a wireless net-
work for closed-loop drip irrigation that used soil sensors as input [36]. We apply closed-loop
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drip irrigation in a polyculture setting by interfacing a custom Arduino board (Farmduino
[37]) on the Farmbot with soil moisture sensors through a wireless server.
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Chapter 3

Automated Polyculture

3.1 Real to Sim to Real

AlphaGarden is an autonomous system that leverages simulation to tend to a real world
polyculture garden. The pipeline consists of 5 components: Sensors, State Estimation,
Simulation, Action Planning, and Execution as shown in fig 3.1.

Finding an optimal policy is a challenging task as the long time constants for real-world
experiments makes this a data limited regime. A recent paradigm in robotic tasks is using
simulation to model real world behavior and learn policy in a lower fidelity setting. This
thesis presents a real-sim-real pipeline that leverages simulation to learn policies and real
world algorithms to enact them.

Figure 3.1: AlphaGarden Autonomous Pipeline. The leftmost box encompasses the Real2Sim phase,
while rightmost shows Sim2Real. The overhead Sony camera and TEROS-10 soil moisture sensors gather
data. This is followed by a state estimation process to identify individual plants and translate them to the
simulator representation. AlphaGardenSim determines appropriate actions in real time, which is followed
by an action planning and execution on the physical garden.
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Chapter 4 details AlphaGardenSim, a first order simulator tuned with real world data
to learn policy from a low fidelity representation of plant data. Chapter 5 and 6 describe a
sequence of algorithms to translate between simulation and real as shown in fig: 3.1. At a
high level sensors including an overhead camera and soil moisture sensors are used to extract
a garden state. This garden state is then translated from a high fidelity state of pixels and
sensor readings to a simulator representation. Custom pruning and irrigation tools are then
used to enact the simulator policies into the real world.

3.2 Problem Statement

In each garden cycle, several plant types are planted over a specified number of days with
the goal of increasing coverage, plant diversity, and reducing water usage. The problem
statement below is consistent with [3], but adds water usage measurements and comparison
with human experts.

Each garden has a total of n plants, placed within a planter bed of size (w, h), in cm. For
each plant i ∈ [0, n), the plant has its center coordinates (xi, yi), current radius ri, both in cm.
Each plant also has a corresponding plant type, pi, which dictates the estimated germination
time gi, maturation time mi, and maximum radius Ri. The lifecycle of each plant i is defined
by five stages: germination, vegetative, reproductive, senescence, and death similar to [16].
Each stage corresponds to a target volumetric water content (VWC). A garden state on day
t includes all information described above for every plant i ∈ [0, n) at day t. Thus, a garden
state is defined as:

s(t) = [pi : ((xi, yi), ri), ...], i ∈ [0, n)

We define coverage, c(t), as the sum of all plant types canopy coverage, c(t) =
∑

i ci(t),
over total area w · h at day t for each plant type i. We define garden diversity as:

v(t) = [ci(t) · (R/Ri)
2, ...],∀k

d(t) = H(v(t))

where H(·) is an entropy function, v(t) is a vector of normalized plant types coverage, and R
is the average maximum radius over all plant types. Multiplying ci(t) by (R/Ri)

2 normalizes
each plant type’s canopy coverage. We normalize because smaller, less dominant species
are less likely to have the same coverage as much larger, faster-growing species. We aim to
minimize water consumption while maximizing c(t) and d(t) through irrigation and pruning
actions.

3.3 Physical Setup

FarmBot Gantry Robot: AlphaGarden is a 3.0m × 1.5m raised planter bed located in
the UC Berkeley greenhouse. A commercial FarmBot [37] gantry robot is installed over the
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planter bed frame. This CNC robot may travel to any location in the garden from the soil
level to 0.4m above. The FarmBot also features a magnetic universal tool mount (UTM) on
its Z-axis that can automatically swap between tools stored on the west side of the bed.

Overhead Camera We mounted a Sony SNC-VB770 digital camera [38] with a 20mm
Sony lens [39] 2m above the garden bed to monitor AlphaGarden. The camera’s major
requirements include (1) resolution, (2) image distortion, (3) power delivery, and (4) remote
data accessibility. The VB770 satisfies these needs. It has a DSLM 35mm sensor with
a maximum 4240×2832 resolution (1.4x higher than 4K) image mode. The 20mm lens
minimizes distortion and allows us to capture the entire garden. We vetted the 20mm lens
for characteristics including barrel distortion and lateral and axial chromatic aberrations.
Together, the lens and sensor capture the entire garden bed with high clarity. This minimizes
two problems that normal lenses introduce: occlusion and changes in relative size. Using
a normal lens, plants at the edges of the field of view would often be occluded by plants
in the center and distortion would affect how a plants center and radius is computed. The
combined camera and lens automatically records photos every hour.

Onboard Camera A snake inspection camera [40] is located adjacent to the UTM on the
Z-axis. It allows for close-up images of plants and soil. The onboard camera integrates with
the FarmBot OS.

Soil Moisture Sensors To measure soil moisture and model soil dynamics, we distributed
six TEROS-10 soil moisture sensors [41] throughout AlphaGarden. These measure the Vol-
umetric Water Content (VWC) of the soil with a 430mL volume of influence. The sensors
connect to a ZL6 Data Logger [42], which publishes readings every 30 minutes.

Drip Emitters Shrubbler drip emitters can be used to vary the water supply to a zone
of the garden or to individual plants. They allow the adjustment of how much water each
plant receives by varying the number of turns on the emitter head and for how long water
flows through the emitter. More turns are equivalent to a higher flow rate and running for
a longer time means each zone or plant receives more water. In moving from sim to real,
we take advantage of this unique property of Shrubbler drip emitters and scale the water
requirement for each plant from our experiments in simulation to ensure plant growth. A
solonoid valve is used to turn on and off the drip emitters.

Custom Pruning Hardware

Rotary Pruner We built a custom pruning tool, dubbed the Rotary Pruner, that is
lightweight, integrates with the FarmBot universal tool mount, and mounts automatically.
Inspired by the traditional weed whacker, our first generation model utilizes thin, flexible
blades rotating at high speeds to cut plants. We selected an SM Tech 775 Brushed 24V DC
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Figure 3.2: Pruning tools. Left: Physical model of Rotary Pruner with a high speed motor and trimming
blades. Right: Physical model of Pruning Shears with three servos to control closing, tilt, and orientation.

motor capable of 12000 rpm to achieve this. The motor’s high power needs (>5V) mandated
an external voltage source separate from the Farmbot’s power rail. Thus, we designed a
spring pin mechanism that allows the external power rail to automatically connect to the
tool. We also designed a motor housing that inter-operates with the FarmBot UTM. The
electrical control includes a relay circuit that governs motor power and uses GPIO to integrate
with the FarmBot OS. The FarmBot does not rotate along the Z-axis, so we designed two
such rotary pruning tools with different orientations: one that cuts along the X-axis and
another that cuts along the Y-axis.

The Rotary Pruner that is chosen has a cutting direction that is closest to being orthog-
onal to the vector from the plant’s center to the prune point, and is autonomously mounted
using the tool rack and FarmBot UTM. To estimate the height of the plant and find the
distance to the target leaf d, we mounted a Sharp infrared distance sensor [43] adjacent to
the FarmBot UTM pointing towards the soil surface. After arriving at the prune coordi-
nates and measuring d, the Rotary Pruner is then toggled on, and the FarmBot is lowered
to d + 5cm; the system overestimates the depth of the leaf in order to ensure a cut. The
Rotary Pruner is then toggled off and returned to its home position.

The Rotary Pruner faced fundamental limitations, primarily with its aggressive method
of operation (the high speed blades would cause debris to fly), which could pose a danger to
objects and people around the garden.
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Pruning Shears Although the Rotary Pruner proved useful for many of the initial pruning
actions, it spotlighted a few shortcomings that we wished to fix with a redesigned pruning
attachment. Firstly, since the Rotary Pruner uses two separate attachments, the autonomous
system had to regularly switch these attachments, adding unwanted power consumption
and increasing the likelihood of mechanical failure. Secondly, due to the Rotary Pruner’s
relatively aggressive method of operation, it would frequently damage the target leaf (as well
as surrounding plants) when attempting a prune action. This caused a reduction in plant
health and an increase in water consumption.

For a quieter, more precise and delicate pruning tool, we motorized a pair of Japanese
topiary shears. A pair of Niwaki Topiary Shears [44] were fastened directly to the FarmBot’s
gantry rails. A YANSHON Digital 360◦ servo motor is able to close the shears by winding a
high strength steel cable attached to one handle of the shears onto a spool; the shears reopen
with a spring mechanism when the cable is unwound. This assembly is mounted to a 2-axis
servo gimbal (using BETU Digital 270◦ servo motors). The gimbal is able to position the
shears vertically, horizontally, or at any intermediate angle as well as rotate the shears a full
180◦ to account for any leaf direction, allowing the FarmBot to trim with greater precision
as well as reach the tops of plants. The servos connect to the FarmBot PWM header and
integrate seamlessly with the FarmBot OS.

Control of the shears is executed through the three servos: one for tilt, one for cut angle,
and one for shear closure. The Pruning Shears are at default open and stored horizontally to
avoid collisions with plants below. The shears require calculating the orthogonal vector to
the vector spanning from the center of the plant to the prune point. The servo that controls
cut angle is then activated to position the shears along the orthogonal vector. The tilt servo
then swivels the shears to a vertical position. The shears are then lowered to d + 5cm and
activated. Once a cut is complete, the shears return to their default positioning.
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Chapter 4

AlphaGardenSim

AlphaGardenSim is a custom simulator for polyculture plant growth that has been calibrated
using real-world measurements obtained from a physical test bed. The goal of the simulator
is to accurately model the dynamics and relationships between various plant species and their
surrounding environment. This simulator is designed to operate as an open-source platform,
which allows users to access and modify the code base as required, in order to tailor the
simulation for their specific needs. This section presents AlphaGardenSim 2.0 which builds
from the original simulator presented in [16] and modified in [2] [1].

4.1 Polyculture Garden as a POMDP

AlphaGardenSim is designed to model a lush and diverse polyculture garden at a fraction
of natural growth time. This is accomplished by representing the garden as a discrete HxW
grid, which contains N plants that are sampled from a set of k plant types. The objective

Figure 4.1: Plant Life Cycle Above is snapshots from a garden simulation across different stages in a
plant lifecyle. At each stage, the plant interacts with its environment differently. AlphaGardenSim is able
to simulate thousands of garden cycles in the time it takes to grow just one.
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of the simulation is to cultivate the garden over a given growing period T while minimizing
the need for irrigation.

This objective can be formulated as a Partially Observable Markov Decision Process
(POMDP), which is defined by a tuple (S,A, T ,R,O). This framework provides a systematic
way of modeling the decision-making process required to cultivate the garden successfully.

State (S) The state space S represents the set of possible garden configurations. The
parameters of the state s(t) at timestep t are plant type, plant health, water amount, vacancy,
and seed location.

Actions (A). Action a(t) ∈ A is an action selected from the set of feasible actions that
can be taken at each time t. At each timestep, an agent can decide what plants to prune,
how much water to irrigate, and whether or not to seed new plants. Hueristic and learned
policies are described in Section 4.3

Transitions (T ). At each timestep t, AlphaGardenSim executes a sequence of updates
across the garden: irrigation, lighting, water use and plant growth according to the models
described in Section 4.2.

Rewards (R). As the objective is to achieve a diverse garden with maximal yield and
water efficiency, we seek to optimize diversity reward rd(t), coverage reward rc(t), and water
use reward rw(t).

Observations (O). The observation function O defines the relationship between the
underlying state of the garden and the observations that are made by the simulator. To
simulate sensor precision limitations, we define o(x, y, t), a sector of size H

10
× W

10
centered at

point (x, y) representing the area observable at timestep t.
By framing the cultivation problem as a POMDP, AlphaGardenSim provides a powerful

tool for simulating the complex ecological processes that occur within a polyculture garden.
This enables users to test and evaluate different strategies for optimizing interplant dynamics
and water use, among other factors, in a controlled and realistic environment.

4.2 Garden Dynamics

AlphaGardenSim models garden dynamics as a set of first order equations for fast and
efficient approximation of relationships within the garden including: plant and interplant
dynamics, water content, and sunlight.

AlphaGardenSim abstracts a plant as a tuple of seed location, plant radius, and height,
which builds from a model proposed by Price et al. [45]. AlphaGardenSim models resource
competition for light and water use building from related plant modeling literature: [46],
[47], [48], [49]. Light allocation is modeled as a decaying function of plant height, where ith

tallest plant at point (x, y) in the grid receives (1
2
)i amount of light from point (x, y). The

total light a plant accumulates is defined as lu. Total light allocation is used to determine
maximum water uptake: wmax = c2

c1

√
lu, where c1 and c2 are plant-specific parameters that

control a plant’s water and light efficiency respectively. Plants with the same zone of influence
must compete for the same resources as shown in fig 6.4.
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Figure 4.2: Light and Irrigation Models. Each plant receives light based on the size of its unoccluded
leaf area in the grid, i.e., the number of grid points visible overhead, while occluded points allocate light in
an exponentially decaying fashion. The plant’s water uptake is then drawn from its neighboring grid points,
to fulfill its growth potential. The plant is limited by the amount of light it intercepts and the amount of
water available in its zone-of-influence.

A plant’s growth is modeled as a logistic curve [50] based on resources available at said
timestep and maximum growth:

g̃ = c1 ·min (w,wmax) · (1−
rt
r1
)

where w is the actual amount of water this plant was able to adsorb, rt is the plant’s current
radius and r1 is the plant’s growth potential.

Plant interrelationships are defined within the relationship matrix C ∈ Rk×k, where k
is the number of plant types in the garden. Here, Ci,j stores a value that describes the
companionship between plants of type i and j.

The C matrix was populated by analyzing the growth curves of individual plants in the
physical test bed relative to neighboring plants. One-hundred and twenty growth curves
were created by annotating daily images of the garden with a plant’s center and outermost
radius. By comparing a plant’s growth curve to the average growth curve of its type, we
can discover if neighboring plants promote or hinder growth. Positive and negative scalar
values were assigned and then tuned to minimize the MAE between simulated and real world
individual plants.

The relationship matrix C is then used to calculate the companionship factor c. For a
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Plant Type g0 g1 m0 m1 r1 c1 c(35) e(35)
Borage 7 7 49 55 60 0.09 3107 6.61
Kale 3 7 62 55 65 0.10 7450 5.41
Swiss Chard 7 7 53 50 47 0.11 5536 9.93
Turnip 3 7 42 47 53 0.11 3961 10.04
Green Lettuce 7 9 43 52 27 0.08 232 7.46
Arugula 5 8 45 52 40 0.10 1133 5.50
Sorrel 7 15 53 70 8 0.08 59 9.58
Cilantro 7 10 53 65 20 0.09 23 10.76
Red Lettuce 5 12 45 50 28 0.09 10 11.61
Radicchio 5 9 83 55 53 0.09 53 9.28

Table 4.1: Growth Analysis: Where g0 (days) is original germination time, g1 (days) is tuned germination
time, m0 (days) is original maturation time, m1 (days) is tuned maturation time, r1 is growth potential, c1
is the biomass accumulation parameter, c(35) (cm2) is the simulated canopy coverage on day 35, and e(35)
(cm) is the mean absolute error on day 35 between simulated and average real world radius. Original values
were taken from published plant tables [54]. Growth time is found by subtracting g1 from m1.

given plant i,

ci =
∑

j∈[1,··· ,N ],j ̸=i

Cp(i),p(j)

∥l(i)− l(j)∥22

where p(i) is the plant type of seed i and l(i) = (xi, yi) as the location of seed i. The new
daily radial growth parameter is defined to be g = g̃ · c.

AlphaGardenSim also models a plant’s life cycle consisting of five non-overlapping stages:
germination, vegetative, reproductive, senescence and death [51, 52] as shown in 4.1. The
number of timesteps between consecutive stages is a random variable sampled from a plant-
specific discritized Gaussian distribution, assuming that plants of the same type share tran-
sition times between stages [53]. Each stage has a different dynamics model and resource
allocation.

4.3 Policies

Baseline Policies

AlphaGardenSim defines five baseline policies in [16], which are used to experiment and mo-
tivate real world implementation and experiments. Additional experiments such as adaptive
sector sampling, dynamic, and staggered planting build on the five baseline policies.

1. Fixed, a policy that irrigates according to a fixed schedule and prunes all plants uni-
formly.
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Figure 4.3: Pruning policy network architecture A deep convolutional neural network. The network
takes three inputs: 1) an RGB image of the full garden; 2) a matrix of h(x, y, t), w(x, y, t) and d(x, y, t)
for all (x, y) in the garden; 3) the global population distribution P(k, t) to predict a prune level for each
observation using demonstrations from variable pruning.

2. Analytic, a policy that irrigates and prunes plants with a fixed pruning level based on
water availability, plant health and garden diversity.

3. Look-ahead, a policy that selects a pruning level p ∈ P for each day t from a discrete
set of pruning levels P .

4. Learned, a deep supervised learned policy that learns from the lookahead policy prune
level demonstrations to predict prune levels over 1500X faster than the look-ahead
policy as seen in fig. 4.3

Staggered Planting

In a polyculture farm setting, plants can grow at different rates, some faster and some
slower. To ensure faster-growing plants do not initially out-compete slower-growing ones, we
introduce staggered planting, or planting in stages.

Staggered planting allows us to plant slower-growing plants earlier in the planting cycle
while faster-growing plants are planted later in the cycle. We adapt staggered planting in
the real world to account for variability when plants fail to germinate by transplanting a
similar seedling in its place.

Staggered Planting in Simulation Given an initial seed placement, AlphaGardenSim
models the interplant relationships over the course of a garden cycle. We use these dynamics
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Figure 4.4: Coverage and Diversity simulation results. We compare the results of (left) normal
and (right) staggered planting in simulation repeated 5 times. We find higher and sustained coverage in
staggered planting through days 30-60.

and tuned growth models to predict the diversity and coverage of a garden and compare the
results of the two garden cycles. One implements staggered planting and the other does not.
The results of 5 randomized trials are shown in Figure 4.4. At day 50, the average normalized
canopy coverage is 0.71 and 0.90 respectively for the normal and staggered simulations. Both
methods had normalized diversity of 0.86.

Staggered Planting in Real To evaluate the results of staggered planting, we compare
four 60-day gardens. In the first garden cycle, all plants are seeded on day 1, while in
the other garden cycle, the fast growing plants are seeded after 10 days. In the cycle with
staggered planting, this allows for the slower-growing plants to get a head start and reach
their potential, whereas previously they may have been outcompeted by the faster-growing
plants. In real-world experiments, staggered planting can also reduce overall water usage, as
the larger plants only need to be watered for 50 days.

Dynamic planting

Dynamic planting is an extension of staggered planting that uses the new planting action to
obtain continuous coverage over longer garden periods, past the days of when plants seeded
on day 0 live. We wish to seed plants in locations that minimize inter-plant competition
for light and water so we provide the policy vacancy scores e(x, y, t) for all (x, y) in each
o(x, y, t). If any e(x, y, t) in o(x, y, t) is above a threshold, and the maximum number of
plants the policy can seed each day has not been reached, the policy seeds a plant at that
location.

Dynamic planting has several benefits over other policies that use stagnant seed place-
ments. Dynamic planting has potential to limit plant competition and achieve higher di-
versity due to the fact that smaller, slow growing plants can be seeded prior to larger, fast
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Figure 4.5: Dynamic Planting Policy. The policy seeds up to 5 new plants every day after day 20.
During periods where coverage is high in the garden, there is little vacant space to seed new plants. As a
result, the number of plants selected to be dynamically planted drops during days 35 to 61 and days 128 to
146. After these high coverage periods, up to 5 new plants are seeded every day resulting in a resurgence in
coverage after the new plants germinate and mature.

Policy Coverage Diversity MME Water Use (liters)
Dynamic Planting 0.50 0.82 0.63 158.98

Table 4.2: Dynamic Planting policy averaged across 10 test gardens with 100 initial plants and the
ability to seed up to 5 new plants every day after day 20. Evaluation metrics are averaged across all 200
days of garden simulation. Results show that replanting seeds can lead to sustained growth and diversity
across indefinite periods of time.

growing plants when the garden period begins. Furthermore, a garden period is no longer
constrained by constant companionship relations; new plants that are seeded can be chosen
through a combination of optimizing local companionship relations and to improve global
diversity and coverage.

We conduct dynamic planting experiments on a general setting initially consisting of 100
plants from 10 types. To evaluate how well dynamic planting can sustain garden growth,
we simulate a growing period of 200 days. We follow the observation method from [16]
to allow the policy to observe locations away from seed points s(x, y). Dynamic planting
begins seeding plants after day 20, which is when most of the original plants have reached
the vegetative stage. The policy uses a vacancy threshold of e(x, y, t) = 8cm and can seed
a maximum of 5 plants every day. Results averaged across 10 test gardens with random
seed placements are visualized in Fig. 4.5. Since Dynamic planting only seeds new plants in
locations that are sufficiently vacant, during periods where coverage is high in the garden,
the number of plants seeded every day drops below 5. Once plants begin to die and coverage
decreases, the garden becomes sparser, allowing Dynamic planting to find locations where
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Figure 4.6: Dynamic Planting Visualization: This figure shows 3 snapshots of a garden cycle, where
slow growing plants were planted on day 0, fast growing plants on day 10, and dynamically seeded plants
starting from day 35. The center image shows that at its peak, staggered planting allows for a more diverse
garden, with both slow and fast growing plants. The right image shows that as the initial plants are dying,
newer plants take their place.

vacancy e(x, y, t) ≥ 8cm. After the new plants germinate and mature, coverage rebounds.
Figure 4.6 shows an example simulation of staggered and dynamic planting.

Adaptive Sector Sampling

AlphaGardenSim samples observations using a sector sampling method which, at every
timestep, samples m sectors centered at each s(x, y) and an additional m

10
sectors centered

at non-seed points. However, as seen in sectors can overlap due to plants seeded close to
each other. During irrigation, both sectors may be watered, resulting in extra water usage.
Additionally, multiple pruning actions may be used instead of one to prune all plants in
the overlapping area. To address this, we create clusters of seed locations s(x, y) that are
within a distance cd of each other. We center observations at the centers of these clusters to
encompass all plants within that cluster. We create two sets of clusters: the seed locations
of germinating plants that are within cd,germ of each other, and the seed locations of growing
plants that are within cd,grow of each other. To further reduce the number of actions, we
do not cluster, and consequently do not irrigate or prune, the seed locations of plants in
Senescence or Death as these two stages are irreversible.
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Chapter 5

Pruning

5.1 Plant Phenotyping

To estimate the garden state, we use a learned semantic segmentation neural network to label
plant types from an overhead image. Plant phenotyping directly influences the success of
Bounding Disk Tracking, and provides information on plant growth, diversity, and coverage.

For each day, the latest image from the an overhead camera is pulled from the server to
be used for phenotyping. The images used are taken in the evening when there is uniform
lighting without shadows. We trained a model using UNet architecture [55] and ResNet34
[56] backbone to output a 1630 × 3478 × (itotal + 1) array L of plant likelihood per pixel
per label type, where itotal is the total number of plant types. The network is trained on six
hand-labeled overhead images from previous garden cycles. Each image is split into 512×512
RGB patches and augmented via shifting and rotating. We extract leaf masks from various
stages in the garden and overlay these leaves on top of the existing patches to augment the
data set [1].

Accurate segmentation for plants after day 30 becomes increasingly important to be able
to determine canopy coverage and pruning actions. However, a plant may look very different
at germination compared to its mature state due to the distribution shift of a plant over its
lifespan (as well as due to occlusions), which causes a drop in performance starting on day
40.

To address this, we introduce a prior probability distribution based on seed placement
and plant maximum radius given from our tuned simulator [2]. We define a variable Rk

t , and
ckt as the maximum radius and center of plant k at timestep t, and a 1630×3478× (itotal+1)
occupancy grid, O defined as:

O(x, y, i) = α ∗ (2− r/Rk)

if r ≤ Rk and ck is of plant type i, where α = 5, and r is the distance from ck to (x, y), else
1.

We use this location based occupancy grid as a prior probability, and compute a new
likelihood grid L′ as an element-wise multiplication of the original segmentation output, L,
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Figure 5.1: Learned Plant Segmentation Model. The figures above (from top to bottom) show an
overhead image from October 6, 2020, and the classifier output from the network with augmented data. The
overhead image is split in half as shown by the blue line. The top half is for training while the bottom half
is for testing. Below, the table shows how much of the garden is covered by each plant and its respective
IoU score based on the bottom half only. By adding augmented data, the model was able to more accurately
classify unseen leaves when compared to the baseline with no augmented data. Low IoU for radicchio and red
lettuce is consistent with a low percent of coverage. This model was later improved on by adding inductive
biases such as location based priors and contour smoothening.
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Figure 5.2: Phenotyping and Bounding Disk Tracking. 3 images from days 20, 30, and 40 of garden
cycle 2. Top row: overhead images overlayed with the estimated bounding disks from the Bounding Disk
Tracking algorithm. Bottom row: the masks created by the Plant Phenotyping network as well as the
estimated bounding disks (same as above).

and occupancy grid, O, L′(x, y, i) = L(x, y, i) ∗ O(x, y, i), and output maxi L
′(x, y, i) as the

predicted label for (x, y).
We define mean IoU as

∑itotal
i=0 IoU(labeli)/(itotal+1). The baseline model [1] had a mean

IoU of 0.71 when compared to the ground truth at day 30. The new network, with data
aggregation techniques and location based segmentation added, had a mean IoU 0.83 across
the 9 labels on day 30. We saw the highest IoU of 0.97 in borage, which is one of the larger
plants. Radicchio, which previously had the lowest IoU, had the largest increase from 0.23
to 0.59.

Adding location priors offers more robustness to the distribution shift in plants towards
the end of the garden cycle and marginal improvements in the early stages of the garden.
During day 50 and 60, mean IoU improved from 0.38 and 0.33 to 0.42 and 0.36 respectively
with location based segmentation. The largest jump in IoU was for green lettuce, from
0.31 to 0.40 on day 60, while plants like kale saw little change with an IoU of 0.54 on both
networks.

5.2 Bounded Disk Tracking

We define a plant’s bounding disk (see Fig. 5.2) as the circle with the smallest radius such
that all pixels corresponding to that plant are enclosed. This definition helps account for
plants moving over time due to phototrophy [57] and irrigation [58]. We present two methods
for finding circular representations of the garden’s state and two metrics for comparison, and
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evaluate each method against a hand-labeled benchmark for selected days using a circle IoU
loss [59].

To estimate the garden state, defined by plant centers and radii ((cxk, cyk), rk) indexed
by plant type pk = i, we convert the plant segmentation mask into estimates of each plant’s
center and radius. It is necessary to phenotype the overhead image before converting from
real-life (real) to simulation (sim) to ensure pixels with the highest likelihood for that plant
type affect its bounding disk representation.

We use a breadth-first-search (BFS) based algorithm and K-Means clustering to track
each plant’s center and radius. Both algorithms help address the issues with tracking plants
over the duration of the garden lifecycle. BFS helps with irregular plant shapes and slight
occlusions by continually searching outwards using a radial search heuristic, and K-Means
helps address occlusion because it clusters non-contingent groups of pixels into a single
bounding disk.

The BFS algorithm is initialized with seed locations and all plant radii at 0cm. At each
timestep, we use AlphaGardenSim [16] and the prior plant radius to calculate a maximum
possible radius by simulating a day of plant growth. Given the prior radius, maximum
radius, and minimum radius, the algorithm traverses outwards from the minimum radius.
The algorithm stops when less than 10% of the newly traversed pixels are of the correct
type or the maximum radius has been achieved. This process repeats each day for each
plant. Even when a plant becomes fully occluded, the algorithm handles radial decrease
using AlphaGardenSim’s tuned wilting parameters.

The second method is a K-Means clustering based algorithm. K-Means clustering has two
main assumptions – that the clusters (1) have roughly the same number of points and (2) are
circularly distributed. The first assumption is true near the beginning of the garden, because
plants of the same type grow similarly. However, later in the cycle, competitive relationships
in the garden and occlusion start to create asymmetries, complicating this assumption. The
second assumption follows from the circular model we use to track plants.

In order to benchmark the performance of these methods, we introduce two metrics:
average circle utility (ACU) and percentage of pixels included (PPI). Each of these metrics
is computed per plant type per timestep. Let Pi be the number of pixels in the segmentation
mask of the inputted plant type that fall within at least one bounding disk, Pt be the number
of pixels of the given plant type present in the segmentation mask, and Pc be the area of the
union of the fitted bounding disks. We define the average circle utility as ACU = Pi

Pc
and

percentage of pixels included as PPI = Pi

Pt
.

We want to maximize both of these metrics, ACU and PPI, to compute the optimal
bounding disks. On the extremes, these algorithms are adversarially related; smaller bound-
ing disks tend to have higher ACUs because they will likely be centered around denser, less
occluded portions of the plants. However, larger bounding disks will tend to have higher
PPIs because a larger bounding disk will naturally have a larger portion of a plant k’s pixels.

To judge the efficacy of these methods we compare them to hand-labeled bounding disks
at various time steps. As Fig. 5.3 (left) shows, initial K-Means clustering performs well as
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Figure 5.3: Garden Metrics of Garden Cycle 2R for Kale and Cilantro. We evaluate average circle

utility (ACU) and percentage of pixels included (PPI) of the Breadth-First-Search (BFS) versus the K-Means

bounding disk algorithms for Kale, a larger plant type, and Cilantro, a smaller plant type. Kale: BFS tends

to have higher ACU, but lower PPI. For the days which ground truth circles exist (manually annotated),

they are closer to the K-Means algorithm in both metrics. Cilantro: Similarly, BFS has a higher ACU

and K-Means has a higher PPI. However, Cilantro generally benefits from the more conservative BFS. We

adopt a mixed approach: the K-Means approach for larger plants and less occluded timesteps, and the BFS

approach for denser, smaller plants.

its assumptions are easily met and the segmentation is highly effective. It also performs well
on larger, less occluded plants. However, later in the cycle, this method’s efficacy decreases
as it overfits to segmentation errors and irregular plant shapes. As Fig. 5.3 (right) shows,
BFS lags early on, but then becomes increasingly effective as plants are occluded mid-garden
cycle.

5.3 Data Aggregation and Self Supervision

Hand labeling accurate ground truth masks is a tedious process. We developed a data
aggregation based approach, allowing a human to make corrections to a predicted mask
when the algorithm fails. This approach identifies plant sub regions using the contours
of the prediction mask, and queries a human to generate the correct label. This method
allowed us to quickly generate training data from multiple garden cycles to improve overall
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Figure 5.4: Hand Labeling Data Hand labeling data is a tedious and difficult task. A python script
and UI was used to quickly correct labels from a model predicted output. The model is able to accurately
identify contours, which allows for easy correction. However, there is a tradeoff between the time spent
correcting and final IoU. In the example above, it took 15 minutes to reach over 90% accuracy in a task that
previously took 3 hours to complete.

performance. This is shown in figure 5.4.
Furthermore, plants have a temporal consistency that suggest training on data from

timestep t can aid in segmentation at timestep t+ 1. This is because plant features such as
edges and leaf shape remain consistent as the plant grows. Training on online data is useful
in improving model performance overtime and developing a zero shot learning pipeline that
can adapt to unseen plants.

To do so, we leverage general purpose segmentation models such as Meta’s segment
anything model [60]. By correlating the segmentation data with the original seed placement,
ground truth masks can be created efficiently and with high accuracy during early stages of
the garden cycle.

In preliminary results, we note that off the shelf models may be somewhat inaccurate
and miss plant leaves. Instead, we experimented with using the current model to distinguish
plant vs other categories. This form of self supervision was successfully used to label overhead
data from potted plant experiments. In future work, this principle can be extended to online
training and zero shot learning.
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5.4 Pruning Planner

Once a garden state for day t is estimated with the Bounding Disk Tracking algorithm, the
analytic policy within AlphaGardenSim decides which plants to prune. For autonomous
pruning, the system must identify and select specific target leaves to prune, be able to
navigate and position the FarmBot above the chosen leaf using visual servoing, and execute
the pruning action with custom hardware.

A Prune Point Identification neural network followed by a selection process is used to
identify specific leaves to prune. Then, visual servoing positions the FarmBot above the
proper leaf. Finally, the robot uses pruning algorithms, specific to the designated pruning
tool, to cut the leaf.

5.5 Prune Point Identification

The system must identify the best leaf to cut after a plant is chosen to be pruned by
AlphaGardenSim. Our baseline approach found the average point between an extrema of
the plant, a point near the tip of a leaf as dictated by the bounding disk, and the plant
center to find a theoretical leaf center. However, this was constrained by the reality of
plants’ physical makeup which often includes bending, occlusion, or oddly shaped leaves.
The algorithm would frequently return points which were not on a plant or too close to an
edge. We therefore explore a learned approach.

We trained a Prune Point Identification neural network based on the unsupervised domain
adaptation network for plant organ counting by Ayalew et al. [61]. In the training process,
our images are transformed to match the input network characteristics, allowing for a more
seamless domain adaptation. The architecture consists of a Domain Adversarial Neural
Network with a Gradient Reversal Layer to backpropagate between the source and target
domains and classification is performed using a U-Net [61].

To evaluate this network’s success in a polyculture setting, rather than its original mono-
culture domain, we trained it on all plant types, different sets of plant types that appeared
to have distinct leaves, and on individual plant types from our domain. We found that
training on all plant types led to the worst overall performance. Borage, a plant that has
high success in being identified by our phenotyping network along with distinct, well-shaped
round leaves, led to a network that was best able to predict leaf centers for all plant types.
The final model was trained for 150 epochs with a 80/20 train/validation split for the source
(CVPPP) and target datasets, 201 overhead images and masks of the Borage plant type,
and evaluated visually on a random sampling of overhead images of all plant types.

The model generates a heatmap with all possible plant leaf centers. A clustering and
thresholding technique is used to identify leaf centers with the highest model confidence.
These points are then removed and the heatmap is re-normalized to identify less certain
points. The algorithm is able to recover lower confidence leaf centers, compared to the
initial normalized threshold of 0.3, while accounting for over-classification. The algorithm
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Figure 5.5: Prune Point Identification. Example of all plant leaf centers that were identified by the
baseline algorithm (left) and the learned model (right) applied to an overhead image. Each prune point
color corresponds to a different plant type. The learned model identifies more usable points with fewer
misclassifications. When looking at the Swiss Chard plant (zoomed in), we see that the learned model finds
3 more prune points than the baseline approach and also does not missclassify the red prune point, which is
meant for a neighboring plant type.

ensures that prune points do not land on other plants or the soil through the use of the
phenotyping mask. Together, the model and recursive algorithm identify 32% more leaf
centers than the baseline methodology (see Fig. 5.5). The center of mass for the identified
points is an average of 38% closer to the center compared to the baseline. Pruning closer to
the center of the plant is beneficial because it allows for pruning actions to cut off a greater
portion of the leaf. Furthermore, as seen in Fig. 5.5, the learned method has far fewer points
that lie on different plants or too close to a leaf edge.

For prune point selection, the network first identifies all possible prune points. The
algorithm then eliminates all points within 3cm of the edge of the bounding disk, and
calculates the rate of change of the radii of all neighboring plants over the last five days.
The prune point that is closest to the neighboring plant that has the largest rate of decay
of radii is selected in order to foster growth of the struggling neighboring plant as this plant
is likely being occluded by the plant the system targets to prune.

5.6 Visual Servoing

The autonomous system must then physically arrive at the chosen prune point by translating
from overhead image pixel coordinates to FarmBot (x, y) coordinates. Due to the variable
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Figure 5.6: Prune Point Heatmap Conversion from a raw heatmap of Cilantro leaf centers to points,
calculated with the recursive clustering algorithm.

Figure 5.7: Visual Servoing Left An overhead image taken from the Sony Sensor marking the target
farmbot coordinate in red. Center The onboard camera identifies the current location, and cross corelation
is used to locate the current location with respect to the overhead image. Right An adjustment action is
taken until the farmbot reaches it’s destination. This is repeated until the distance between the two points
are less than a threshold.

height of plants, it is not possible to create a 1-to-1 mapping of pixel coordinates to FarmBot
coordinates.

The visual servoing algorithm works using an on-board snake inspection camera located
adjacent to the tool end effector on the FarmBot Z-axis [40]. It allows for close-up images of
plants and soil. Given plant k was chosen to be pruned, the FarmBot moves to its original
seed location and takes a photo using the on-board camera. This image is then localized
within the overhead ‘global’ image by calculating a normalized correlation coefficient between
the images. Instead of exhaustively searching the entire garden bed to localize the image,
the servoing algorithm constrains the search to a max area around the prune plant’s center
within the global image, dictated by the FOV of the on-board camera. The algorithm also
iteratively tests different scales of the on-board image, which accounts for the variable height
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of the canopy, and finds the scale and position that has the highest coefficient.
After finding the best match in the overhead global image, the FarmBot is instructed

to move along the vector from the current location to the prune point. Then an iterative
process begins, in which a ‘local’ image is taken at the new point and is localized within the
global image. Once localized, the FarmBot moves in the vector direction a max distance
of 4cm to prevent erroneous movement if a local image is miss-classified within the global
image. The iterative cycle continues until the FarmBot reaches within 1cm of the prune
point or reaches an iteration limit of six.

The location of the maximum correlation coefficient within a constrained region surround-
ing the approximate coordinates determines the current pixel location of the FarmBot in the
overhead global image. Since the scale of the overhead image and the local image are not the
same, the normalized correlation coefficient is calculated with the local image resized with
various scaling factors. A fixed scaling factor cannot be used between the overhead image
and the image because as the plants grow taller the scaling factor changes.

While this servoing method works well near the center of the garden bed, below the
overhead camera, we see failure cases around the borders. These failure cases are due to the
perspective of the overhead camera and the height of plants. The overhead camera and the
on-board cameras view different scenes as the overhead camera does not have the benefit of
being directly over every plant. Thus, the algorithm cannot find where the image is located
in the overhead image with high certainty.
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Chapter 6

Irrigation

6.1 Irrigation Model

AlphaGardenSim uses a discrete-time linear approximation of Richards equation proposed
by Tseng et al. [62] to model irrigation actions and soil moisture dynamics. The soil moisture
model is defined as follows:

w(x, y, t) = max(w(x, y, t− 1)− f + aw(x, y, t)− u(x, y, t), 0)

AlphaGardenSim uses the previous soil moisture content w(x, y, t − 1), the amount of
irrigation applied aw(x, y, t), plant water uptake u(x, y, t), and local water loss f to calculate
the current soil moisture value for each discrete grid point p(x, y) at time t.

To more accurately model water dynamics in AlphaGardenSim, we conducted physical
test bed experiments using soil moisture sensors as shown in fig 6.1. These experiments were
used to refine the parameters aw(x, y, t), w(x, y, t− 1), and f in the soil moisture model.

Figure 6.1: Irrigation Experiments: Left Water flows radially from the location of irrigation (x, y)
The amount of water gain is halved every 0.01m. Center Water loss was averaged across 5 sensors. to have
a mean of 0.042 m3/m3 and a standard deviation of 0.0048 m3/m3. Right Plant water Uptake shows a
relationship between temperature, but conclusive results were not found.
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Water applied, aw(x, y, t) can be directly found using the soil moisture sensors to mea-
sure the starting and ending VWC before and after irrigation. Further experiments were
conducted to correlate the number of turns of each shrubbler drip emmiter to the outputted
irrigation amount. Lastly, human irrigation use was measured using a water flow sensor.

Water Loss, f , By watering at varying frequencies over the TEROS-10 sensors and with
a set volume, we were able to plot water loss over time curves. As the simulator operates
on a day to day time-scale, the water loss we care to discover is that over one or more days
after watering. In an experiment conducted in the physical garden bed, we directly watered
0.200L over five independent sensors at the same time every day. Water loss and gain is
sampled from a univariate Gaussian calculated from experimental data.

Through the use of the TEROS-10 moisture sensors, we were then able to determine a
model for radial flow, or spread, of water once in the soil. To discover this radial flow model,
we conducted a set of experiments in which the FarmBot watered at incremental distances
from the center of a soil moisture sensor, beginning directly overhead, and ending at 0.10m
away. Once outside of the 0.04m radius in which water is applied, the moisture gain is roughly
halved at each subsequent 0.01m when compared to the water gain within the radius. Beyond
0.09m, we found no substantial gain. Thus, we found ∆w(xr, yr) = (1/2)r ∗ gain where r is
distance measured in 0.01m outside of the 0.04m radius, (xr, yr) is a point r + 0.04m away
from (x, y), w(x, y) is the soil moisture at point (x, y), and gain is the moisture gain for soil
directly under the nozzle.

Plant water uptake, u(x, y, t), was more difficult to evaluate. A set of experiments were
run to understand a relationship between plant type, radial size, and plant water uptake.
6 potted plant experiments were conducted, each with soil moisture sensors placed below
the surface of the soil. In each pot, one plant was seeded either Kale or Turnip. Two pots
were left with no seeds as control. Every 30 minutes the water content and temperature
was recorded. Plants were watered for 1 minute everyday at 7am using the shrubbler drip
emitters. To compute plant radius we tested using the self supervised data collection as
described in Section 5.3. Each day, water uptake was computed as the difference between
w(x, y, tu) - w(x, y, tl) − ft, where tu and tl is the maximum and minimum water content
recorded on day t respectively. Water loss f was computed by averaging water loss of the
control pots. Ultimately, however, we note that 2 samples of data per plant type were not
enough to confidently model plant water uptake, as there are many factors at play including
plant stress, temperature, and root mass.

6.2 Irrigation Policy

The analytic policy used in AlphaGardenSim decides on policy actions (watering and prun-
ing) for each plant at every timestep t (in days) as a function of the global variables: soil
moisture grid, garden diversity, and plant health. For irrigation, the policy decides on a
binary amount of water (0 mL or 200 mL) and in simulation, this is done for every plant,
every day. In the original physical AlphaGarden testbed, this was represented by watering
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Figure 6.2: Variable Irrigation Simulation Experiment Results. In AlphaGardenSim, we compare
three irrigation techniques. For each method we compare the average diversity and coverage across day 20
to 70. Left The baseline irrigation method waters 0.2L to each plant everyday, using a total of 272.4 L of
water and reaching a coverage and diversity of 0.60 and 0.95. Center Continuous Variable Irrigation only
uses 143.1 L of water and has a coverage and diversity of 0.58 and 0.95. Right Discrete Variable Irrigation
waters in increments of [0, 66, 132, 200, 266, 332, 400] mL and achieves a coverage and diversity of 0.58 and
0.95, using 143.6L of water.

Life Cycle Stage VWC
Germination 0.2

Vegetative (growth) 0.2
Reproductive (stagnant radii) 0.3
Senescence (decaying radii) 0.2

Death 0.1

Table 6.1: Assigned Irrigation VWC (Volumetric Water Content) for the 5 stages of the life cycle in
AlphaGardenSim based on maximum possible VWC found in [2].

each plant a set amount each day regardless of state. The AlphaGarden also uses a planting
mix, which has different hydraulic properties than typical field soil. Thus, for N plants over
L days,

Max water usage ≈ N · (200 mL) · L

Instead of the default irrigation type where all plants receive either the same volume or no
water at all, variable irrigation allows the amount of water received by a plant to be catered to
the plant’s water demand, growth stage, water uptake, and growth. This potentially allows
the overall reduction of water usage. We modify the analytic policy in AlphaGardenSim to
better optimize water usage through variable irrigation. For each plant life stage, we assign a
desired water amount. These amounts can be roughly estimated from literature and tuned.
We assign values as shown in Table 6.1. We compare the default (binary) implementation
of the analytic policy with the variable implementation of it and evaluate water usage. This
is done on a simulated 150 cm x 150 cm garden bed with 9 plants placed uniformly in a
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Figure 6.3: Variable Irrigation Simulation Experiment Overview. In AlphaGardenSim, we set
up experiments to compare the binary/default implementation of the Analytic Policy with this variable
implementation of Analytic Policy. The experiment setting is a 150 cm x 150 cm garden bed, 9 plants placed
uniformly and a 100 day cycle.

100-day cycle. An overview of this is shown in Figure 6.3. We create two versions of the
variable irrigation policy. The first version is allowed to decide any water amount from 0
mL upwards (continuous). The second version chooses from a fixed list of irrigation values
(discrete). We model our real world setup with 16 plants in the simulation. Our results show
that variable irrigation reduces mean water usage per day and total water usage by over 47%
in the continuous case. Similarly, in the discrete case, compared with the baseline analytic
irrigation policy, mean water usage per day and total water usage reduces over 47%. Results
are shown in Figure 6.2

Variable irrigation can be actuated in a number of ways. One way is through the use
of drip emitters. Drip irrigation is a more efficient method of irrigation than hose/nozzle
irrigation as it delivers water to a much more precise location - directly to the plant root zone
- than humans can. While a human could apply water more forcefully, with drip emitters
water infiltrates into the planting mix more evenly as compared to human hand watering.

The slow application process of drip emitters allows the adhesive forces in the planting
mix to attract water better leading to less erosion. Moreover, with nozzle irrigation, water
can evaporate from the planting mix surface, and when large amounts of water are applied,
canals can be formed within the planting mix, leading to non-uniform and lower retention.

Shrubbler drip emitters can be used to vary the water supply to a zone of the garden or
to individual plants. Shrubbler drip emitters allow the adjustment of how much water each
plant receives by varying the number of turns on the emitter head and for how long water
flows through the emitter. More turns are equivalent to a higher flow rate and running for
a longer time means each zone or plant receives more water. In moving from sim to real,
we take advantage of this unique property of Shrubbler drip emitters and scale the water
requirement for each plant from our experiments in simulation to ensure plant growth.
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Figure 6.4: Close Loop Irrigation The close loop irrigation pipeline consists of three main components:
sensing, processing, and execution. The output of the soil moisture sensors are averaged and uploaded to
cloud. The arduino loads this data every 30 minutes, and uses an analytical policy to determine how much
water to irrigate. Based on this, the ardiuno can open the solenoid to allow for irrigation.

Closed-Loop Irrigation

The goal of variable irrigation is to maintain a range of soil moisture levels required for
optimal plant growth. However, this assumes consistent environmental variables such as
amount of sunlight, temperature, and humidity. To account for this, we introduce closed-
loop irrigation tuned by real-world data collected from a previous cycle. By contrast, in
open-loop irrigation, the garden space is watered without any feedback from the garden
itself.

The closed-loop system takes input from six TEROS-10 soil moisture sensors [41] which
automatically upload soil moisture, measured in terms of volumetric water content (VWC),
humidity, and temperature data to a cloud storage every thirty minutes. A server queries
these sensors periodically and determines whether or not irrigation is required. If required,
the server sends information to the Farmduino system on the Farmbot to turn on irrigation.
We connect a solenoid valve to the Farmduino and to the drip emitters.

This solenoid valve turns on when it receives a signal from the Farmduino thus allowing
water flow. Currently, this action is determined when the average VWC reading of the 6 soil
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moisture sensors is below a threshold. We experimented with two threshold and time pairs:
a normal and low metric defined as 0.25 and 0.18L/m2; and a normal and low metric defined
as 0.25 and 0.21L/m2 respectively. In the first scenario, Farmbot only waters once every 24
hours: for 60 seconds for the normal threshold and for 120 seconds for the lower threshold.
In the second scenario, Farmbot waters for 343 seconds every 6 hours if the lower threshold
is crossed.
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Chapter 7

Real World Experiments

7.1 Overview

To evaluate the entire system holistically, we ran eight autonomous cycles over two 60 day
periods. We split the garden into two halves and planted identical seed placements (1.5m×
1.5m) on each with different pruning regiments.

• Cycle 1L and 1R Cycle 1 analyzed the effects of pruning. The left half was the
control (no pruning actions) and the right half was pruned using the rotary pruner.

• Cycle 2L and 2R Cycle 2 analyzed the effectiveness of the pruning shears. Both
sides were pruned using the shears.

• Cycle 3L and 3R Cycle 3 compares Human versus Machine, and introduces an open
loop variable irrigation policy.

• Cycle 4L and 4R Cycle 4 compares Humans vs Machine, using closed loop irrigation
and staggered planting.

Human Intervention Our test compares the pruning and irrigation decisions of Alpha-
Garden versus humans. However, on the robot side, at times, human intervention was
required in the form of manually cutting prune points, adjusting selected prune points, and
adjusting the orientation and depth of the pruning tool as needed.

7.2 Automated Pruning

Each half was treated as an independent garden cycle. Irrigation took place at 9:00 AM daily
and every plant was watered 200mL. After day 30, and every five days after, the autonomous
system executed pruning actions. An overhead image taken at 7:00 PM was processed
through the Plant Phenotyping and Bounding Disk tracking algorithm to determine the
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Figure 7.1: Top An image of human pruning and irrigation. Bottom An image of the garden testbed
from the side showing the farmduino and XYZ gantry system.

garden state. AlphaGardenSim would use this garden state to decide which plants to prune.
The image was subsequently used for prune point identification and selection. Visual servoing
and pruning algorithms were then executed on the chosen leaves.

Garden Cycles 1L and 1R In Cycles 1L and 1R, the identical seed placements (1.5m×
1.5m) included 20 plants from 10 different plant types (two of each type). In Cycle 1L (the
left half of the garden bed) there were no pruning actions and the garden was allowed to
grow freely. In Cycle 1R (the right half) pruning actions were executed with the Rotary
Pruner.

Over 6 pruning sessions for Cycle 1R, 42 plants were chosen to be pruned across 6 plant
types. The system autonomously selected the turnip and kale plants on all pruning occasions,
most likely due to the fact that they grew much faster than the other plants and have large
radii. Due to the numerous prunings and the Rotary Pruner’s nature of completing a cut
and leaving a leaf vulnerable, we see both turnip plants approach their wilting stage by day
60. This could also be a sign of overpruning.
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Plant Type rmax Cycle 1L Cycle 1R % Change
Kale 37 0.158 0.102 -35.44%
Turnip 33 0.085 0.043 -49.41%
Borage 32 0.122 0.076 -37.70%
Swiss Chard 28 0.105 0.102 -2.86%
Arugula 25 0.098 0.121 23.47%
Radichhio 23 0.034 0.059 73.53%
Red Lettuce 20 0.000 0.057 N/A
Cilantro 19 0.062 0.078 25.81%
Green Lettuce 16 0.028 0.095 239.29%
Sorrel 10 0.002 0.031 1450%
Diversity 0.856 0.970 13.32%
Coverage 0.924 0.784 -15.15%

Table 7.1: Plant Type Metrics for Garden Cycles 1L & 1R. This table shows diversity and coverage
for plant types on day 60. The values for Cycle 1L (not pruned) and Cycle 1R (pruned with Rotary Pruner)
are calculated via [ci(60) ∗ (R/Ri)

2] for each plant type (Section III). The goal of pruning is to foster a
diverse garden while maintaining a high coverage.

Final canopy coverage and diversity are reported in Table 7.1 for each individual plant
type. The metrics were found through creating a manually labeled ground truth mask on
day 60 of the garden cycle. As seen by comparing the results with and without pruning,
it is clear that pruning increases diversity by creating space for smaller plants to develop.
The larger plants coverage decreased while the smaller plants coverage increased, leading to
a more diverse garden overall (13.32% increase). This increase in diversity did come at the
cost of losing some overall coverage (15.15% decrease).

Garden Cycles 2L and 2R For Garden Cycles 2L (left) and 2R (right), we planted two
identical seed placements (1.5m × 1.5m). Cycles 2L and 2R included only 16 total plants
from 8 plant types. Sorrel and arugula were omitted as sorrel was relatively much smaller
than other plants in the garden and arugula had the tendency to grow too tall, impeding
movement of the FarmBot gantry system.

For Cycles 2L and 2R, all pruning actions were performed using the Pruning Shears, and,
as before, the two halves were treated independently. During Cycle 2L, 35 plants were chosen
for pruning across 6 plant types, while during Cycle 2R, 38 plants were chosen across 7 plant
types. We see a decline in the total number of prunings compared to Cycle 1R because of
the fewer number of plants in the garden. Kale and borage (two of the largest plants in the
garden) were most commonly selected in both garden cycles. No plants exhibited signs of
wilting or overpruning by day 60.

To evaluate Garden Cycles 2L and 2R relative to Cycles 1L and 1R, we manually created
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Figure 7.2: Garden Cycle Comparison. Data points were recorded for days 20, 30, 40, 50, and 60
through hand labeled phenotyping masks. Left: Comparison of the coverage of the 4 Garden Cycles. The
non-pruned garden has the highest value by day 60, with Cycle 2L (pruning shears) not far behind. Right:
Comparison of the diversity squared of the 4 Garden Cycles. The non-pruned garden had lowest diversity
by day 60, and Cycles 1R (rotary pruner) and 2R (pruning shears) achieved the highest diversity.

segmentation masks for days 20, 30, 40, 50, and 60. Fig. 7.2 shows coverage and diversity
graphs for all four garden cycles. We found the autonomous system to achieve an average
of 0.94 normalized diversity with the Pruning Shears for Cycles 2L and 2R on day 60, and
an average canopy coverage of 0.84. While the Rotary Pruner exhibited a higher diversity
metric (0.97), the Pruning Shears outperformed the non-pruned garden, Cycle 1L, in terms
of diversity (0.85) while sacrificing much less coverage than the Rotary Pruner, which had
a final coverage of 0.78. Cycle 2L achieved significantly more coverage (10.7% more) during
day 50 than Cycle 2R, which could be in part due to the greater number of prunes of Cycle
2R.

In general, the Pruning Shears executed much cleaner cuts than the Rotary Pruner and
sacrificed less total canopy coverage. To try to match the effectiveness of the Rotary Pruner
in terms of diversity for future gardens, the Pruning Shears could make multiple cuts per
plant or could prune more frequently than every 5 days.

7.3 Robot Vs Human Comparison

Experimental Setup

We ran two 60-day cycles. Cycle 3 ran from April 15 to June 14, and cycle 4 ran from July
2 to August 31. For each garden space of 1.5m x 1.5m, we plant sixteen plants (two each
for eight types): kale, borage, swiss chard, turnip, radicchio, green lettuce, cilantro, and red
lettuce, using the same seed placement arrangement mirrored. Thus there are thirty-two
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Figure 7.3: Four gardens at day 60. A side-by-side comparison of four 1.5m by 1.5m real gardens
planted with mirrored identical seed arrangements (mirrored across the white string in the middle). In both
60-day cycles, the left half was tended by human experts, while the right half was tended by the AlphaGarden
robot system. Coverage and Diversity on Day 60 are comparable. The AlphaGarden consumed 37% and
44% less water, respectively.
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Figure 7.4: Performance of Four Physical Gardens. The graphs show the diversity, coverage, and
water usage of four 60 day gardens with the same initial seed placement. We compute metrics starting at
day 30. In each garden cycle, one side of the plant bed was tended by the robot and the other by expert
gardeners. Irrigation is normalized to be between [0, 1] by dividing by maximum total water usage of 413.5L.

plants in total. After germination, there is the opportunity to thin, transplant, or replace
plants depending on germination success.

The human side is watered at the discretion of the horticulturalists using a nozzle hose
fitted with a water flow meter and pruned based on their knowledge. Water usage, observa-
tions, and pruning actions are logged. The robot side is watered using drip emitters of the
Shrubbler type installed above each plant. As discussed in Section V, Shrubbler emitters
can be adjusted to supply different amounts of water based on the turns on their heads. We
tested the drip emitters to measure their flow rates, zones of influence, and VWC gain/loss
as measured by the TEROS-10 sensors. We adjusted the emitter settings accordingly allo-
cating one drip emitter to every plant on the robot side. Specifics are described under each
cycle below.

A water flow meter is also attached to the pipe supplying water to the drip emitters.
Water added to both sides of the garden during germination, transplanting, or thinning of
the plants is excluded from the total water usage comparison.

Pruning starts anytime after Day 30 and runs till the end of the cycle. Peak growth
periods are from Days 40 - 50.

To analyze the garden state, we label each plant type and compute diversity and coverage
metrics every 10 days. Figure 7.1 shows an expert horticulturalist pruning and watering one
side of the garden and the emitters irrigating the robot side.

Results

Our test compares the pruning and irrigation decisions of AlphaGarden versus humans.
However, on the robot side, at times, human intervention was required in the form of manu-
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ally cutting prune points, adjusting selected prune points, and adjusting the orientation and
depth of the pruning tool as needed.

The ‘human’ side of the experiment was tended by UC Berkeley Oxford Tract Greenhouse
staff who have on average, 10 years of professional horticultural experience.

Cycle 3

Germination Of the thirty-two plants locations, no radicchio, green lettuce, and red let-
tuce germinated on either side. Green lettuce and red lettuce were replaced from local
nurseries with seedlings of the same plant types in an early growth stage. Radicchio was
difficult to find and was replaced with arugula seedlings, which have a similar growth pat-
tern. One turnip plant germinated on the robot side but none germinated on the human
side. Turnip was replaced with mustard green seedlings on both sides of the garden. Cilantro
germinated on the human side but not on the robot side. Two excess cilantro sprouts were
moved from the human side to the robot side. All other plants germinated. However, one
swiss chard on the robot side germinated but was stunted throughout the entire cycle. It
was later found out that some of the seeds used in this cycle had been in storage for more
than a year and this may have affected their viability. No additional thinning was carried
out.

Irrigation On the human side, the garden was watered roughly every 1-2 days. On the
robot side, open-loop irrigation took place at 7:00 AM daily for 60 seconds. The entire cycle
was divided into three periods depending on the plants’ estimated lifecycle: germination (16
days), early growth (19 days), and mature growth (25 days). Plants are divided into two
groups based on their perceived water needs. Group 1 consisted of kale, borage, swiss chard,
and turnip while group 2 consisted of radicchio, green lettuce, cilantro, and red lettuce.
During germination, the emitters above group 1 plants were set to seven (7) turns which
gave about 284 mL while the emitters above group 2 plants were set to six (6) turns which
gave about 191 mL totaling about 3.8L per day. During early growth, the emitters above
group 1 plants were set to eight (8) turns which gave about 383 mL while the emitters
above group 2 plants were set to seven (7) turns which gave about 284 mL totaling about
5.33L per day. During mature growth, the emitters were returned to the same setting as in
germination.

Pruning Automated pruning actions on the robot side started on day 47 and were exe-
cuted with an interval of 3 days between pruning sessions. AlphaGardenSim autonomously
determines what plants and what leaves to prune, utilizing the pruning pipeline as described
in Chapter 5. Pruning actions were then executed by a human and/or the Farmbot. There
were a total of four pruning sessions, nine plants were selected by AlphaGardenSim and were
pruned.
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Cycle 3 Results
Irrigation Pruning Coverage Diversity Water Use (L)

Human Every 1-2 days Every 1-2 days 0.78 0.94 413.5
Robot Open-loop 4 pruning sessions 0.81 0.90 260.6

Table 7.2: Cycle 3: Human Vs. Robot Irrigation, Pruning, Coverage, Diversity and Water Use for the
human and robot side for cycles 3.

Cycle 4 Results
Irrigation Pruning Coverage Diversity Water Use (L)

Human Every 1-2 days Every 1-2 days 0.72 0.94 274.1
Robot Close-loop at 7am 4 pruning sessions 0.67 0.97 154.8

Table 7.3: Cycle 4: Human Vs. Robot Irrigation, Pruning, Coverage, Diversity and Water Use for the
human and robot side for cycles 4.

Coverage & Diversity We found final coverage and diversity of 0.81 and 0.80, respec-
tively, while using 260.6 liters of water on the robot side while the human side attained a
coverage of 0.78 and a diversity of 0.94 and water usage of 413.5 liters. Figure 7.4 shows
this. AlphaGarden achieved comparable diversity and coverage with 37% less water.

Cycle 4

Germination In cycle 2, we implemented staggered planting. Four plant types known to
be slower-growing, cilantro, green lettuce, red lettuce, and radicchio, were planted from Day
1. Four plant types known to be faster-growing, kale, borage, swiss chard, and turnip, were
planted from Day 11. Of the thirty-two plants locations, plants germinated in twenty-four
locations. Similar to cycle 1, we transplanted and purchased plants for the locations without
germination. As in Cycle 1, it was difficult to find radicchio seedlings of comparable growth
and so it was replaced completely with arugula which has similar growth tendencies. All
other plants including all of the faster-growing plants germinated. Manual thinning was
carried out on Day 28 leaving all locations with 1-3 plants each.

Irrigation The irrigation schedule on the human side was similar to Cycle 1 with the
garden watered roughly every 1-2 days. However, on the robot side, a number of changes
were made. First, the same drip emitter turn settings were used throughout the plants’
lifecycle. Group 1 plants, i.e. kale, borage, swiss chard, and turnip had their emitters set to
seven (7) turns while group 2 plants i.e. radicchio, green lettuce, cilantro, and red lettuce
had their emitters set to six (6) turns. The emphasis was to regulate how much water the
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garden received by how long the flow was. For 45 days in the cycle, open-loop irrigation took
place at 7:00 AM daily for 60 seconds. From day 46 to day 60, we tested out closed-loop
irrigation with two different threshold and time pairs: from day 46 to day 50, we used a
normal and low metric 0.25 and 0.18L/m2, watered for 60 seconds for the normal threshold
and 120 seconds for the lower threshold and watered once every 24 hours. From day 50 to
day 60, we used a normal and low metric of 0.25 and 0.21L/m2, respectively, and watered
for 60 seconds every 24 hours for the normal threshold and for 343 seconds every six hours
for the lower threshold.

In Cycle 2, the flow meter attached to the robot side malfunctioned and did not accurately
record water use. Therefore we only have water usage estimates based on the irrigation
schedule. Similarly, on the human side, the flow meter was erroneously reset on Day 47 and
some water usage data was lost. As a result, we can only provide a lower bound on how
much the human side used in Cycle 2. We estimate the human side used at least 274.1 Liters
while the robot side used a total of 154.8 Liters: 42 Liters (Day 1-46), 9 Liters (Day 46-50),
and 103.8 Liters (Day 51-60).

Pruning Automated pruning actions on the robot side were started on day 30 and executed
with an average interval of 5 days between pruning sessions. Similarly, AlphaGardenSim au-
tonomously determined what plants and what leaves to prune, utilizing the pruning pipeline
as described above. Pruning actions were then executed by a human and/or the Farmbot.
There were a total of six pruning sessions during which 45 plants were selected by Alpha-
GardenSim and 30 were pruned. The remaining 15 were either missing prune points or there
was another error in the pipeline.

Coverage & Diversity We found final coverage and diversity of 0.67 and 0.97 respectively
while using 154.8 liters of water on the robot side while the human side had a coverage of
0.72 and a diversity of 0.94 with at least 274.1 Liters. In this case, AlphaGardenSim achieved
comparable diversity and coverage while using at least 44% less water. Tables 7.2 and 7.3
presents a summary of the physical experiment cycles.
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Chapter 8

Limitations

This thesis proposes an autonomous system for polyculture gardening using simulation and
real world experiments. The results in Chapter 7 show that in a controlled environment,
this system can achieve high yield and diversity, while minimizing water use. However, in
order to do so, this thesis made several assumptions and simplifications.

One of the assumptions made was that AlphaGardenSim could allow for fast and rapid
learning of policies based on garden dynamics. While this proved true, the modeling of plants
as a center and radius only provides a first-order approximation of natural plant growth,
which is rarely a perfect circle. Moreover, AlphaGardenSim only models some dynamics,
while other factors such as temperature, seasonality, soil nutrient quality, and more play a
role in plant growth, giving us only part of the picture.

Another limitation of the proposed system is the laborious hand labeling of data required
for the computer vision pipeline for each plant type. While a self-supervised system proposed
in Chapter 5 could potentially reduce this overhead, it has yet to be tested and relies on the
performance of off-the-shelf object detection models like Meta’s Segment Anything Model.
Additionally, this algorithm is only effective in the early stages of the plant cycle before
occlusion, and it may not scale to many plant types.

Although the goal of this project was to create a scalable and sustainable automation
system for polyculture gardening, the real-world experiments were conducted using custom
physical hardware within a greenhouse, which may not be feasible for all users due to cost.
The use of cameras, soil moisture sensors, and a farmbot gantry system also adds to the
expense. Additionally, it has not been tested how this system and machine learning models
will generalize to other hardware.

In the AlphaGarden system, while the irrigation actions could be carried out autonomously,
pruning actions required human supervision. This means that a member of the team would
need to be present at every pruning event. As well as this actions such as seed planting and
soil replacement were done manually before each garden cycle. However, it is important to
note that the system still offers significant benefits in terms of reducing labor requirements
and increasing water use efficiency.
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Chapter 9

Conclusion

This thesis answers the question: “Can machines garden?” - the answer is yes.
AlphaGarden is a real-sim-real system that automates polyculture farming. We have cre-

ated an autonomous system which can image, interpret, model and act to support farming.
To do so, AlphaGarden breaks this problem into three key stages: intepreting and evaluating
a real world state (Real to Sim), learning policies in simulation, and enacting these policies
in the real world (Sim to Real). Researched dynamics models are tuned with real world data
collected from plant growth and irrigation experiments. This simulator is used to experiment
and test various policies such as learned pruning, dynamic planting, and variable irrigation.
A computer vision pipeline was created to translate sensor information to a simulator rep-
resentation, using computer vision, optimization, and data aggregation techniques. Last, a
recursive neural network, visual servoing, and cloud computing are used to enact irrigation
and pruning policies. These policies were then evaluated across 8 garden cycles achieving
high coverage and diversity, while reducing water usage by 44%. However, we are still far
from automating polyculture farming at scale.

This thesis shows that the systems that comprise AlphaGarden can be used in parts or
as a whole to aid in transforming agriculture. Simulators like AlphaGardenSim can be used
to learn optimal policies beyond those presented in this paper such as: optimizing dynamic
planting for companionship and soil nutrients, or learning harvesting policies to optimize
plant yield. Ongoing work looks at taking a closer look at plant growth and modeling in 3D
to learn better prune points.

While AlphaGarden looks at the feasibility of end to end automation, I am excited about
using individual components to aid farmers at scale in the near future. Drone imagery and
neural network models can be used to identify plant health, when to harvest and more.
Soil moisture sensors and companion planting can be utilized to reduce water consumption.
Taking a look at the big picture, I am excited to see how the current system can be generalized
to new domains such as improving global forestry through tree planting and monitoring.

For code, videos, and datasets for the AlphaGarden project, see:
https://github.com/BerkeleyAutomation/AlphaGarden.
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Closing Remarks

As I write this final chapter of my thesis, I am simultaneously closing the chapter of my time
at Berkeley. Being a part of the 5th Year MS program has been an incredible experience,
and I am grateful for the invaluable lessons and memories I have made here. Over the past
three years, as a member of AutoLab, I have had the opportunity to delve into various fields
such as computer vision, reinforcement learning, and automation. These experiences will
stay with me as I prepare to leave Berkeley and enter the real world. I see it only fit to end
my thesis the same way Alan Turing ended his paper: ”We can only see a short distance
ahead, but we can see plenty there that needs to be done.” Although I can only see what’s
immediately in front of me, I am excited for the journey ahead.
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