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Labor challenges are underpinning large multinational farm machine manufacturers’ development of autonomy
solutions for their large-scale machine offerings. This study simulates a linear optimization model to examine
the economics of large-scale autonomous machines for a rotational maize and soybean farm in the Midwest US.
Results support the hypothesis that autonomous machines can be economically viable for farms facing severe
labor shortages. However, under current technology and pricing structures, conventional mechanization remains
the most profitable option for farms with reliable labor. Critical factors shaping the competitiveness of autonomy

include subscription fees, field efficiency, and human supervision requirements. As these factors evolve, farm
expansion is likely to emerge as an early pathway where large-scale autonomous machines deliver economic

advantages.

1. Introduction

Robots and automation will play an important role in the future of
production agriculture, reducing soil compaction, chemical pest control,
and the economic challenge of small, irregular-shaped fields [18]. How-
ever, the potential to maximize farm labor productivity seems to be driv-
ing innovation related to large-scale autonomous farm machines from
large multinational machine manufacturers (i.e. [14,29,26]). Previous
research shows that the economics of autonomous machinery depend on
the cropping system, field size, field shape, machinery size, machinery
cost, and human supervision requirements [1,35,45]. This study exam-
ines the economics of large-scale autonomous machines for a rotational
maize and soybean farm in the Midwest US.

This study applies linear programming, a standard arable farm plan-
ning and optimization tool (see [4,12]), to evaluate how large-scale
autonomous machines affect farm financial returns. Recent studies have
used this method to analyze the economics of autonomous machin-
ery in various contexts [2,1,34,35,37], but it has not yet been applied
to large-scale autonomous farm machines. Our model parameters re-
flect a rotational maize-soybean farm in Indiana, a state with large,
rectangular fields and high levels of mechanization. Because these con-
ditions are typical of much of the Midwest US and comparable to other
agricultural production regions globally, we expect our findings to be

relevant for farmers and machinery manufacturers beyond our specific
setting.

Much of the existing literature examines small robots performing
field operations such as seeding, weeding, or harvesting. When de-
ployed collectively, these are often described as robot swarms. Engineers
emphasize their appeal: multiple small machines can reduce soil com-
paction, lower the risk of total machinery failure, and enhance safety
compared to relying on a few large machines [9,18]. However, in the
Midwest US, where large, regularly shaped fields dominate, farmers
typically use high-capacity tractors, combines, and sprayers to exploit
economies of scale [19]. In this study, we define large-scale machines
as those of at least 74 kW (100 hp).

Economic modeling in Switzerland, the US, the UK, Greece, and
Brazil demonstrates that robot swarms can compete with conventional
machinery by reducing labor requirements and total machinery in-
vestment [3,25,35,45,49]. These studies suggest that autonomy alters
economies of size, allowing small and medium-sized farms to achieve
production costs historically limited to large farms. However, regional
regulations aimed at minimizing the risk associated with autonomous
farm machine failure or malfunction, particularly in geographies with
dense populations, reduce some of the economic benefits [8,44]. Ad-
ditionally, as the frequency and complexity of human supervision of
autonomous farm machines increases, the economic benefits are re-
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duced [37,38], particularly in the case of US maize and soybean pro-
duction [44]. However, the concept of swarm robotics may solve chal-
lenges related to irregularly shaped fields [2], integrated crop produc-
tion strategies, like strip and mixed cropping [1], and herbicide-resistant
weeds [54].

Entrepreneurs have also found the concept of swarm robotics attrac-
tive. Most of the roughly 350 startup companies worldwide developing
crop robots focus on relatively small machines [48]. All of the robots
in the Future Farming crop robot catalog are smaller machines [24].
In contrast, multinational farm machine manufacturers are introducing
autonomy primarily for large-scale farm machines [6,14,26,29].

Although autonomy may change economies of size for farms, it is
unlikely to make mechanization completely size-neutral. The hardware
and software cost of current autonomy technology is very similar re-
gardless of machine size. Consequently, the up-front autonomy cost
per unit area of field operation is lower for large-scale machines, es-
pecially in areas where fields are large and roughly rectangular. Thus,
some economies of machine size continue. There is growing evidence of
economies of field size for autonomy [2,46]. Evidence suggests that the
time required to move robots from field to field and robot set-up/take-
down time favors farmers with large fields because movement, set-up,
and take-down are minimized with large fields.

Other factors that affect the machine size decision include safety and
insurability. So far, safety concerns have not been a motivating factor
for sizing autonomous farm machines in North America. While no coun-
try allows autonomous farm machines on public roads, governments in
most regions with large-scale farming and sparsely populated rural ar-
eas have not been concerned about the safety of autonomous machines
operating within farm fields, regardless of size. So far, liability and prop-
erty insurance for autonomous machines are not contingent on machine
size.

Another factor impacting the economic situation of autonomous
farm machines is the various commercialization approaches. Many Eu-
ropean crop robot companies maintain the traditional farm machine
purchase model, which involves a one-time payment at purchase (which
may or may not be financed), after which farmers can use the machine
as they like. Some companies favor offering “farming-as-a-service” op-
tions for hiring autonomous machines (e.g. [16]). Farming-as-a-service
assumes that, in a time of rapid technological change, farmers will be
reluctant to invest in machines that may be quickly obsolete. Some
North American-based farm machine manufacturers prefer a subscrip-
tion model that involves an up-front purchase price and per unit area
payments for use [21]. The subscription approach may reduce the up-
front expenditure needed to acquire a given technology but entails con-
tinuing payments. It may also commit the manufacturer more fully to
upgrading the technology as innovation is commercialized. The com-
mercialization approach is important to contextualize financial returns.
For example, Lowenberg-DeBoer et al. [35] and Vahdanjoo et al. [50]
show that swarm robotics could reduce the overall farm investment in
machines, but this finding is contingent on a one-time purchase business
model. Economic feasibility may be quite different if access to auton-
omy entails a per-unit-area subscription or a farming-as-a-service hiring
fee.

Farmers and the farm machine suppliers are increasingly being faced
with decisions concerning machine autonomy (e.g., purchase, lease,
or hire autonomous machines, how to structure farm businesses, and
whether to install infrastructure with eventual conversion to autonomy
in mind). However, the research on the economics of large-scale au-
tonomous farm machines is limited. In one of the few publicly available
studies of large-scale autonomy in crop production, the Herron [28] the-
sis shows that small-scale farm machinery platforms have lower costs
than large-scale autonomy in grain production. To continue closing that
research gap, the objective of this study is to compare the economics
of a rotational maize and soybean farm using large-scale conventional
farm machines and large-scale autonomous farm machines in the Mid-
west US. The hypothesis is that large-scale autonomous machines are
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a viable economic option for farms that face severe labor availability
challenges.

2. Materials and methods

This study uses a farm optimization linear program to examine the
economic returns of large-scale autonomous farm machines. The model
includes parameters for the amount of human supervision, fixed up-front
autonomy hardware cost, autonomy subscription fee per operation per
field unit, and hired labor rates. Farm optimization or planning via lin-
ear programming is common practice [4] and has been previously used
to examine the economics of small to large-scale autonomous farm ma-
chines for cereal production in the UK [35]. However, our objective is
to compare the economics of a rotational maize and soybean production
system using large-scale conventional or autonomous farm machines on
a Midwest US farm. As a result of this aim, we fix several farm manage-
ment dimensions in accordance with our farm setting, and then simulate
various farm scenarios to identify the differences between farms oper-
ating large-scale conventional and autonomous farm machines.

We adapt the Hands Free Hectare-Linear Program (HFH-LP) from
Lowenberg-DeBoer et al. [35] to model a typical rotational maize and
soybean farm in Indiana, United States (for more information on Hands
Free Hectare see [23]). Choosing a specific region is necessary to param-
eterize the model. By choosing Indiana, the simulated farm is represen-
tative of farms in a larger geographic region that share crop production
characteristics. Within the US, the United States Department of Agricul-
ture (USDA) considers Indiana to be part of the Heartland production
region along with Illinois, Iowa, and parts of Ohio, Kentucky, Missouri,
Nebraska, South Dakota, and Minnesota. This region is synonymous
with rotational maize and soybean production, responsible for 90% of
US maize and 80% of US soybeans produced [5,13]. The farms of this re-
gion are typically considered large and productive [30]. The landscape
is sparsely populated and contains large, roughly rectangular fields.

The model is mathematically expressed as:

n
GM=n}(achij, (@)
7oj=1
subject to
n
ZailX/Sbf for i=1l.m @
j=1
and
X;>0 for j=l.n, 3)

where GM is the gross margin (returns over variable costs), X [ is the
level of the jth production process or activity, c¢; = is the per unit re-
turn (gross margin) to fixed resources (b;’s) for the jth activity, g; ;= is
the amount of the ith resource, b; = is the amount of the ith resource
available.

Our aim is to simulate financial returns of autonomy, and as a result,
we chose to report returns to owner labor, land, management, and risk
taking, or ROLLMRT. ROLLMRT is calculated by ROLLMRT = GM — FC,
where GM is the maximized gross margin from (1) and FC is the fixed
costs. Consistent with economic theory, the optimal solution only ac-
counts for variable costs. Fixed costs are subtracted after the maximized
solution is identified. Included in the fixed costs are the property re-
pair, facilities repair, fixed utilities, building depreciation, insurance,
and interest. ROLLMRT does not take into account the opportunity cost
of owned land or the environmental and social costs reflected in the Full-
cost Accounting methodology of the Food and Agriculture Organization
of the United Nations (FAO). Previous studies on economic returns to
autonomy have included an opportunity cost of land (i.e. [2,1,35,37]).
We choose to calculate ROLLMRT because some farm businesses in the
Midwest US consider land value appreciation to be an important source
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of financial return. Additionally, for many farming families (regardless
of legal structure), family members are compensated out of earnings,
not by wages. Hence, ROLLMRT accommodates a wide range of farm
business strategies. With respect to environmental and social costs, our
analysis is a preliminary step, and as a result, these concepts are beyond
the scope. However, future studies could include Full-cost Accounting,
like the analysis of autonomous electric tractors in Sweden [31].

Our model features two choice variables: hired labor and the amount
of land allocated into maize and soybean production activities. In con-
trast, HFH-LP selects the set of machines, the mix of crops, and the
amount of hired labor that maximizes (1) given a set of constraints. In
our model, the set of machines is fixed, either large-scale conventional
or autonomous, and the farm follows a crop rotation, allocating 50% of
the land to maize and 50% to soybeans. Despite these differences, our
model adopts a similar set of constraints as described in Lowenberg-
DeBoer et al. [35]. Specifically, these constraints include limiting the
land used for production to a parameterized farm size and allocating
the parameterized owner’s daily labor endowment in addition to hiring
labor.

Given the constraints of the model, the solution to (1) is the allo-
cation of operator labor, hired labor, and selected maize and soybean
production activities that generate the maximum ROLLMRT. Potential
solutions allocate farm resources to crop activities that vary by the
timing of planting and harvesting. For example, the activity for maize
planted in April and harvested in October has the highest level of pro-
duction. However, depending on the amount of time a field is suitable
for operation and the capacity of the farm’s machines, the ROLLMRT
maximizing solution may not include all land planted within this opti-
mal activity. One alternative X; could be maize planted and harvested
at optimal times, but soybeans harvested later than optimal. The plausi-
ble range of plant and harvest date combinations is considered for both
maize and soybean. These various production activities (X [ ’s) have dif-
ferent per-unit returns (¢ j’s).

The model has two key simplifying assumptions. First, the selected
maize and soybean rotation is repeated indefinitely, or “steady state”.
This assumption holds for many farm operations in Indiana that plan
to produce a maize/soybean rotation into the foreseeable future. The
second assumption relates to the time step for the crop production ac-
tivities. In a manner similar to previous studies, we adopt a monthly
time step (i.e. [22,35,37]). The rotational production of maize and soy-
beans in Indiana is seasonal, with planting occurring in April, May, and
June and harvesting taking place in September, October, and November.
As a result, our activities are a combination of planting and harvesting
months. For example, the production activity set for soybeans includes
soybeans planted in April and harvested in September and soybeans
planted in April and harvested in November.

Table 1 reports the values of the majority of our model parameters.
However, the entire model is provided in the supplemental materials.
The selection of maize and soybean production activities is influenced by
three important parameters: good field days, maize and soybean yields,
and maize and soybean prices. Production activities are limited by an
estimate of the number of days during a specified time period (for this
study, monthly) when the field conditions would be suitable for pro-
duction activities. The USDA’s National Agricultural Statistics Service
(NASS) reports this metric as good field days. We collected estimated
good field days from USDA NASS and computed the five-year aver-
age for Indiana. Additionally, USDA NASS reports average yields and
prices received for maize and soybeans in Indiana. We collected these
statistics and computed the five-year average for our price and yield
parameters.

The production capacity of farm machinery is an important con-
straint for solutions to (1). For this study, we assume that large-scale
conventional farm machinery can be fitted with hardware (e.g., sensors
and cameras) and enabled with a subscription-based service to oper-
ate autonomously. Hence, the same set of farm machinery could be
operated conventionally or autonomously. Table 2 reports the values
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of parameters related to our set of large-scale conventional and au-
tonomous farm machines. We adapt the machine list of Ward et al. [52]
to represent a typical Indiana maize and soybean farm. There are four
powered large-scale farm machines for field operations: two 225 kW
tractors capable of operating all implements, one 335 kW combine har-
vester, and one self-propelled sprayer. Under the autonomy scenario,
the combine harvester and tractor operating the chaser bin are assumed
to operate autonomously during harvest. These assumptions are based
on the autonomy solutions provided by several large multinational farm
equipment manufacturers (e.g. [26,29]).

Initial machinery costs are included in fixed costs, but as long as ma-
chines have similar field capacity, our results are not sensitive to the
choice of machines. We use initial machinery costs for new machines
produced by Deere & Company due to simplicity. Deere & Company’s
website includes a tool to generate the Manufacturer Suggested Retail
Price (MSRP) for selected machines. Although MSRP likely does not re-
flect the actual price paid by farm customers, this feature simplifies our
data collection. Our modeling conventions allow the interpretation of
results to be applicable to a broader set of machine choices for two rea-
sons. First, although the initial cost of machines is used to calculate farm
fixed costs, the optimized set of activities is not affected by assuming a
more or less costly set of machines. As a result, a similar set of machines
with the same field capacity that are second-hand or purchased from
another manufacturer will not change the reported effects of large-scale
autonomous farm machines. Second, we intentionally report ROLLMRT
per hectare relative to a baseline farm with conventional mechanization.
This choice emphasizes that the differences in ROLLMRT are associated
with changes in our parameters pertaining to large-scale autonomous
farm machines.

We establish the Baseline farm’s initial 2,610-hectare size using the
solution to (1) and the assumed production system and machine set. Sub-
sequently, we solve (1) without a constraint for farm size. The machine
set of Table 2 could potentially operate 3,262 hectares. However, given
weather uncertainty, we assume that most Midwest US farms have ma-
chine capacity 25% greater than required for the farmland they operate,
and as a result, set the Baseline farm size at 2,610 hectares.

2.1. Simulation parameters

We specify seven key autonomy-related parameters that define the
scenarios under which a ROLLMRT-maximizing farm manager operates.
These parameters are not regionally specific but pertain to autonomous
machines in a broader farm management context. We are interested in
the effect of autonomy on ROLLMRT, and as a result, simulate ROLLMRT
for 72,026 alternative Midwest US farm management scenarios. Each
scenario is a combination of specific values for these seven parameters.
The parameters and their potential values are reported in Table 3 and
are described as follows:

« Autonomous Intervention Time: We assume that an autonomous ma-
chine will demand some amount of human intervention time be-
yond the normal logistics or repair of conventional machines. These
interventions could be as small as bypassing an alert on a mobile
phone or as intensive as traveling to the machine and helping it
navigate an obstacle. We suggest that this intervention time could
vary, on average, from six minutes of every hour to 54 minutes of
every hour, in 6-minute increments.

Maritan et al.’s [37] HFH-LP model assumes that there is constant
or full-time intervention/supervision. The lower the autonomous
intervention time, the more advantageous autonomy becomes. In
Lowenberg-DeBoer et al.’s [35] model, the farm operator spends
10% of the available time intervening in autonomous farm ma-
chines.

Autonomous Efficiency: Anecdotes suggest that the current large-
scale autonomous farm machines are not as efficient at field tasks
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Production Costs

Corn Seed

Soybean Seed
Soybean Herbicide
Corn Herbicide
Dryer Fuel

Nitrogen Fertilizer
Corn Fertilizer
Soybean Fertilizer
Fertilizer Application
Fertilizer Application
Corn Insurance
Soybean Insurance
Repair (Facilities)
Fixed Utilities
Facilities Depreciation
Misc

$252.04 per hectare
$182.85 per hectare
$54.36 per hectare
$86.49 per hectare
$0.29 per bushel
$259.46 per hectare
$222.39 per hectare
$192.73 per hectare
$1.28 per hectare
$1.33 per hectare
$130.96 per hectare
$106.25 per hectare
$18.53 per hectare
$21.00 per hectare
$38.30 per hectare
$32.13 per hectare

Table 1
Variable List.
Variable Level Source
Field size 54 hectares Ward et al. [52]
Distance between fields 2.01 kilometer Ward et al. [52]
Initial cash 0
Loan interest 5.84% 5 yr average Federal Reserve Bank of Chicago [41]
Savings interest 4.25% high yield savings accounts
Corn yield 4.79 t per hectare 5 yr average USDA NASS [42]
Soybean yield 1.57 t per hectare 5 yr average USDA NASS [42]
Corn price $202.75 per t 5 yr average USDA NASS [42]
Soybean price $444.60 per t 5 yr average USDA NASS [42]
Good Field Work Days 5 yr average USDA NASS [42]
Jan 1.8
Feb 0
Mar 1.6
Apr 13.1
May 17.2
Jun 21.42
Jul 23.02
Aug 25.58
Sep 25.5
Oct 23.94
Nov 21.1
Dec 0

Purdue University Cost of Production
University of Illinois Cost of Production

Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.
Langemeier et al.

[32]
[32]
[32]
[32]
[32]
[32]
[32]
[32]
[32]
[32]
[32]
[32]

Paulson and Schnitkey [39]
Paulson and Schnitkey [39]
Paulson and Schnitkey [39]
Paulson and Schnitkey [39]

Insurance $88.96 per hectare Paulson and Schnitkey [39]

Table 2

Machinery List.
Machine Width Initial Cost Source Total Annual Cost

(m) (USD) (USD)

Planter (2) 12.2 531,948 deere.com 125,198
Disk Ripper 5.2 174,602 deere.com 33,611
Field Cultivator 13.7 142,053 deere.com 27,345
Sprayer 36.6 506,828 deere.com 97,564
Combine (335 kW) 818,273 deere.com 198,723
Soybean Header 15.2 202,972 deere.com 39,072
Corn Header 9.1 173,000 deere.com 33,303
Tractor (225 kW) (2) 1,093,814 deere.com 218,763
Transport Lorry 191,900 tractorhouse.com 46,056
Chaser Bin 101,900 tractorhouse.com 19,616
Nitrogen Applicator 12.2 45,900 tractorhouse.com 8,836

Notes: Assumes a lifespan of 7 years for planters and combine, a lifespan of 10 years
for all other machines, opportunity cost of capital at 5% annually, and straight-line
depreciation.

The annual insurance cost, annual repair cost, and fuel/lubricants vary by machine

type.
For more information, refer to the Supplementary Materials.

as if they were driven by a human. To capture this feature, we al-
low the efficiency of the autonomous machines to vary from 50%
as efficient as human operation to 100%, in 10% intervals.

« Autonomous Hardware Cost: Within the model, we assume that there
are costs related to the hardware components of autonomy. These
costs are associated with each tractor, self-propelled sprayer, and

combine harvester, or the “power units”. There are four power units
in our machine set. Inherent in this assumption is the fact that a con-
ventional set of large-scale farm machines can be made to operate
autonomously with this additional hardware. For example, we as-
sume that the farmer pays an additional cost above the price of a
conventional farm tractor to enable autonomy.
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Table 3

Parameter List.
Parameter Levels Description
Autonomous [10%, 20%, 30%, 40%, 50%,
Intervention Time 60%, 70%, 80%, 90%] of a machine hour
Autonomous
Efficiency [50%, 60%, 70%, 80%, 90%, 100%] of field efficiency
Autonomous [$30,000, $40,000, $50,000, $60,000] per power unit
Hardware Cost
Autonomous [$0, $2.47, $4.94, $7.41, $9.88, $12.36,

Subscription Fee

$14.83, $17.30, $19.77, $22.24]

per operation per hectare

Hired Labor [$19, $25, $30] per hour
Machine hours [12, 15, 18, 21] per day
Availability of Labor [0, 1]

Table 4

Simulated return to operator labor, land, management, and risk taking (ROLLMRT) and farm size for

eight scenarios.

Model Labor Int. Auto Mach  Autonomous Cost A ROLLMRT Farm
hrs Time Eff. Hrs Hardware Subscription /ha Size (ha)

Baseline 1,536 100% - 12 - - - 2,610
Auto 1A 67 10% 100% 21 $30,000 $2.47 -$7.70 2,610
Auto 2A 131 10% 80% 18 $40,000 $7.41 -$63.41 2,610
Auto 1B 67 10% 100% 21 $30,000 - +$15.02 2,610
Auto 2B 131 10% 80% 18 $40,000 - +$4.68 2,610
No Available Labor

Conv C 0 100% - 12 - - -$1,631.20 1,084
Auto 1C 0 10% 100% 21 $30,000 $2.47 -$15.47 2,610
Auto 2C 0 10% 80% 18 $40,000 $7.41 -$81.60 2,610

Notes: The Autonomous Cost: Hardware are assessed per power unit (i.e. tractor, self-propelled
sprayer, combine harvester). The Autonomous Cost: Subscription are assessed to each field opera-
tion per hectare. ROLLMRT is return to operator labor, land, management, and risk taking.

A ROLLMRT per hectare is compared against the Baseline scenario.

Autonomous Subscription Cost: In addition to the up-front hardware
costs, the new autonomy technology may be sold with a software-
as-a-service framework. As such, the model includes a subscription
fee associated with the use of the autonomy software. These costs
are assessed for every hectare on which the power unit is used au-
tonomously for each field operation. For example, a per-hectare fee
would be associated with the tractor used in the planting opera-
tion, and an additional per-hectare fee would be associated with
the same hectare during the fall tillage operation.

Hired labor costs: Hired labor costs are motivating the discussion
on the potential economic benefits of autonomous farm machines.
Therefore, we have included a range of three alternative hourly
wages for hired labor between $19 and $30 per hour. As hourly
wages increase, the per-hectare cost of labor also increases, which
raises the relative profitability of autonomy if prices are constant.

Machine hours per day: A key benefit of autonomy highlighted by
Shockley et al. [45], Lowenberg-DeBoer et al. [35], and Maritan
et al. [37] is the ability of autonomous machines to operate more
hours in a day than conventional machines. In production with
conventional machines, machine operations are limited to daytime
hours due to labor constraints. Rural US labor markets are con-
strained [53], and taken together with the documented safety con-
cerns with long work hours in agriculture [20], we assume that
a typical Indiana farm operates 12 machine hours per day. This
assumption allows additional time, beyond the machine hours, to
fuel and service the machines. However, an important caveat is
that in the case of soybean harvesting—whether conventional or
autonomous—machine hours per day are limited to 10 due to cli-
matic limitations.

Avadilability of labor: In addition to labor cost, there is concern re-
lated to labor availability. We model this parameter by removing
the potential for hired labor with a binary variable.

Based upon the parameters and values described above, and for the
benefit of the readers’ understanding, the list below details an example
scenario. Specifically, this is the scenario that the authors believe to be
a likely short-term reality for large-scale autonomous farm machines.

« Autonomous Intervention Time: 10% or 6 minutes of each hour

« Autonomous Efficiency: 80% as efficient as human operation

+ Autonomous Hardware Cost: $40,000 per power unit

« Autonomous Subscription Fee: $7.41 per hectare per field operation
* Hired labor cost: $30 per hour

 Machine hours per day: 18 hours per day

+ Availability of labor: Yes - hired labor is available

Solutions to (1) are solved in Julia [11] using the JuMP 1.0 package
[36] and GLPK package [51]. We generate solutions to 72,026 farm sce-
narios defined by varying the parameters above. The generated solutions
are compared to the Baseline farm to examine the effects of large-scale
autonomous farm machines on farm ROLLMRT.

3. Results

Table 4 reports the parameters, the simulated ROLLMRT, and the
size of the farm for eight scenarios of interest. As mentioned previously,
these scenarios are a subset of our total simulations (72,026) and are
chosen to simplify and focus our discussion. The interested reader can
find plots visualizing the ROLLMRT from all simulated scenarios in Ap-
pendix B of the supplemental materials. The top panel of Table 4 reports
the effect of large-scale autonomous farm machines on farm ROLLMRT
for a 2,610-hectare farm with unlimited access to hired labor. The bot-
tom panel (No Available Labor) reports the effect for a 2,610-hectare
farm without access to labor. The statistics reported in the column la-
beled ROLLMRT are relative to the Baseline scenario in the top panel.
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Table 5
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Simulated return to operator labor, land, management, and risk taking (ROLLMRT) and farm size for

12 scenarios.

Model Labor  Int. Auto Mach  Autonomous Cost A ROLLMRT  Farm
hrs Time Eff. Hrs Hardware Subscription /ha Size (ha)
2 Transport Trucks
Conv D 1,536 100% - 12 - -$17.64 2,610
Auto 1D 286 10% 100% 21 $30,000 $2.47 -$3.68 2,610
Auto 2D 240 10% 80% 18 $40,000 $7.41 -$66.50 2,610
2 Transport Trucks, 2 Combines, and 2 Chaser Bins
Conv E 1,601 100% - 12 - -$88.61 2,610
Auto 1E 286 10% 100% 21 $30,000 $2.47 -$87.33 2,610
Auto 2E 403 10% 80% 18 $40,000 $7.41 -$137.50 2610
81 Hectare Fields
Conv F 1,522 100% - 12 - +$0.57 2,610
Auto 1F 65 10% 100% 21 $30,000 $2.47 -$7.53 2,610
Auto 2F 124 10% 80% 18 $40,000 $7.41 -$63.23 2,610
No Fall Tillage
Conv H 1,199 100% - 12 - +$16.63 2,610
Auto 1H 63 10% 100% 21 $30,000 $2.47 +$7.55 2,610
Auto 2H 119 10% 80% 18 $40,000 $7.41 -$43.08 2,610

Notes: The Autonomous Cost: Hardware are assessed per power unit (i.e. tractor, self-propelled
sprayer, combine harvester). The Autonomous Cost: Subscription Costs are assessed to each field
operation per hectare. ROLLMRT is return to operator labor, land, management, and risk taking.

A ROLLMRT per hectare is compared against the Baseline scenario in Table 4.

For example, the scenario labeled Auto 2C in the bottom panel gener-
ates $81.60 per hectare less ROLLMRT than the Baseline scenario in the
top panel.

Additionally, we use three modeling conventions to report the re-
sults of Table 4. First, each scenario with hired labor is assumed to pay
$30 per hour. Although we simulate labor rates of $19, $25, and $30,
we believe the results using $30 per hour are more similar to the anec-
dotes driving the discussion of large-scale autonomous farm machines
beneficially replacing farm labor in the Midwest US. Second, the scenar-
ios with the prefix Auto 1 represent the optimal scenario for large-scale
autonomous farm machines. Third, the scenarios with the prefix Auto
2 represent the authors’ most likely short-term scenario for large-scale
autonomous farm machines. The exact parameter assumptions for each
scenario are presented in Table 4.

3.1. Autonomous production with available labor

The simulation results of the top panel of Table 4 suggest that Mid-
west US, rotational maize and soybean farms, with access to labor, are
better off with large-scale conventional farm machines than large-scale
autonomous farm machines. Under the optimal scenario for large-scale
autonomous farm machines (Auto 1A), the farm hires only 67 hours of la-
bor, and farm ROLLMRT decreases by $7 per hectare relative to the Base-
line. Under the authors’ most likely short-term scenario for large-scale
autonomous farm machines (Auto 2A), the farm hires 131 hours of labor,
and the farm ROLLMRT decreases by $63.41 per hectare. However, in
the scenario where there are no subscription fees, the optimal autonomy
scenario (Auto 1B) increases ROLLMRT by $15.02 per hectare, and the
most likely autonomy scenario (Auto 2B) increases ROLLMRT by $4.68
per hectare. For a fuller contextualization of how the linear program al-
locates land, labor, and machinery to maximize the gross margins of the
three scenarios and the costs associated with the model’s constraints,
interested readers can refer to Appendix C and D, respectively.

3.2. Autonomous production without available labor

The simulation results in the bottom panel of Table 4 (No Available
Labor) suggest that farms without access to labor are better off adopting

large-scale autonomous farm machines for maize and soybean produc-
tion than being forced to fallow a portion of their crop land. The scenario
labeled Conv C only differs from the Baseline scenario in the access to
hired labor. The lack of hired labor decreases the amount of crop land
operated (1,084 out of 2,610 hectares) and generates $1,631.20 less
ROLLMRT per hectare. The significant decrease in ROLLMRT is largely
due to the fact that fixed costs are unchanged despite operating less
land. The scenario labeled Auto 1C represents the optimal large-scale au-
tonomous farm machine scenario and generates $15.47 less ROLLMRT
than the Baseline scenario. The scenario labeled Auto 2C represents the
most likely short-term scenario for large-scale autonomous farm ma-
chines and generates $81.60 less ROLLMRT per hectare than the Base-
line. When labor is not available, the autonomous scenarios are better off
than the farmer operating 42% of the hectarage with conventional ma-
chines by $1,615.73 per hectare (optimal autonomous) and $1,549.60
per hectare (most likely autonomous).

4. Model sensitivity tests

In this section, we examine how modeling assumptions influence
our results. We simulate the model for a conventional mechanization
scenario, an optimal autonomy scenario, and a most likely short-term
autonomy scenario for large-scale farm machines under six alternative
assumption sets. First, we include additional harvest machines. Second,
the field size is increased from 54 hectares to 81 hectares. Third, the dis-
tance between fields is increased from 2.01 kilometers (following Ward
et al. [52]) to 4.83 kilometers. Fourth, we jointly increase the field size
to 81 hectares and increase the distance between fields to 4.83 kilome-
ters. Fifth, the tillage machine set is modified, and a fall tillage pass is
removed. Sixth, we examine the potential of farm expansion.

The results for the first, second, and fifth sensitivity analysis are re-
ported in Table 5, and the simulated ROLLMRT is reported as relative to
the Baseline farm of Table 4. The second, third, and fourth alternative as-
sumption sets all adjust the relative travel time between fields and yield
consistent results. Therefore, we have included results and a discussion
of the latter assumption sets in Appendix D. The results for farm expan-
sion are reported in Table 6, and instead of ROLLMRT per hectare, we
use whole farm ROLLMRT. We report whole farm ROLLMRT to capture
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Table 6
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Simulated return to operator labor, land, management, and risk taking (ROLLMRT) and farm

size for seven scenarios.

Model Labor Intervention  Autonomous Machine Work ROLLMRT Farm
hrs Time Efficiency Hours Size (ha)

Farm Expansion

Conv J 2,224  100% - 12 $1,538,387.49 3,262
Auto 1J 253 10% 100% 21 $2,696,338.74 4,699
Auto 2J 178 10% 80% 18 $1,645,659.84 3,528
AutolK O 10% 100% 21 $1,898,304.82 3,618
Farm Expansion with Scaled Machinery Fixed Cost

Conv L 2,224 100% - 12 $1,326,509.58 3,262
Auto 1L 253 10% 100% 21 $2,008,330.99 4,699
Auto 2L 178 10% 80% 18 $1,241,930.22 3,528

Notes: The Autonomous Cost: Hardware are assessed per power unit (i.e. tractor, self-propelled
sprayer, combine harvester). The Autonomous Cost: Subscription are assessed to each field op-
eration per hectare. ROLLMRT is return to operator labor, land, management, and risk taking.

the added financial returns to farming more hectares that may be ob-
scured by ROLLMRT per hectare. This convention is necessary because
the farm size in the analysis reported by Table 6 varies.

4.1. Additional machinery

The machinery set is described in Table 2, and as previously stated,
we assume that the representative Midwest US farm has machines ca-
pable of 25% more capacity. However, there is potential that maize and
soybean farmers in the Midwest US prioritize an even greater degree of
machine capacity. In the presence of adequate labor, having additional
machines increases overhead costs but allows the farm to produce more
crops within optimal time windows and mitigate the effects of fewer
good field days. We examine the role of binding machine constraints
by adding additional machinery. We add harvest machinery because its
capacity is binding in the initial models. First, we add an additional
transport truck. The results in the first panel of Table 5 compare the
ROLLMRT under three new scenarios.

When an additional transport truck is included in the model, the
farm generates less ROLLMRT. The scenario with conventional machines
(Conv D) decreases ROLLMRT by $17.64 per hectare relative to the Base-
line. The optimal large-scale farm machine autonomy scenario (Auto 1D)
and most likely short-term scenario for large-scale autonomous farm ma-
chines (Auto 2D) also decrease ROLLMRT relative to the Baseline. The
additional transport truck allows for the reallocation of crop production
into more optimal activities. As a result, all of the production is within
the highest producing activity for the optimal autonomy scenario. The
most likely autonomy scenario shifts all maize to the optimal activity
and partially shifts soybeans to the optimal activity. Both autonomy sce-
narios require additional hired labor as the additional machinery shifts
farming practices into months when the owner-operator is already con-
strained. Since the transport truck is not the only binding constraint in
the conventional scenario, the scenario’s production schedule did not
change. However, the additional transport truck does increase fixed
costs in the conventional scenario (Conv D), resulting in a ROLLMRT
decrease.

Following the inclusion of the second transport truck, the next bind-
ing equipment constraints are the combine, tractor, and chaser bin.
These three machines bind in the conventional and most likely auton-
omy scenarios. Since the optimized autonomy scenario allocates all crop
production to the ideal activities, there are no longer binding machine
constraints. To see how further expansion of machinery affects relative
return, an additional combine and chaser bin are added to the previous
machine set. The results are shown in the second panel of Table 5.

The inclusion of additional harvesting machinery shifts production
allocation in the conventional scenario (Conv E) and the most likely
short-term autonomy scenario (Auto 2E) to more optimal activities.

However, additional costs associated with the additional machinery are
greater than the benefits, and the resulting ROLLMRT is lower for each
scenario. It is important to reiterate that while the returns over variable
costs increase with the inclusion of additional machines, the returns over
fixed costs are lower for each scenario compared to the Baseline with the
initial machinery set. Therefore, the additional fixed machine cost out-
weighs the productivity gains from more efficient activity allocation.

4.2. Larger field size

The simulated farm’s field size is assumed to be 54 hectares in the
initial model, following the assumption of [52]. The field size assump-
tion affects the ratios of labor and machinery hours spent during field
operation as opposed to travel. With 54-hectare fields, a 2,610-hectare
farm will consist of 48 fields. Therefore, machinery must be transported
between fields 47 times, which we assume to be a completely manually
operated process. Increasing the assumed field size requires fewer fields
to aggregate to the 2,610 hectares. Thus, less machinery transport is re-
quired. Since machinery transport is a process that employs labor hours
and machinery hours, adjusting the number of field transfers is expected
to alter the farm’s activity allocation. As a result, the relative ROLLMRT
of the autonomous and conventional mechanized farms may be altered.
We change this assumption and simulate three scenarios. The new re-
sults under the altered assumption sets are shown in the third panel of
Table 5.

The relative return to large-scale autonomous farm machines is con-
sistent with a 50% increase in field size. Under the conventional machin-
ery set (Conv F), the simulated ROLLMRT is $0.57 per hectare greater
than the Baseline. Additionally, the optimal scenario for large-scale au-
tonomous farm machines (Auto 1F) and most likely short-term scenario
(Auto 2F) have very similar ROLLMRT (less than $0.20 per hectare dif-
ference) as the corresponding scenarios reported in the top panel of
Table 4. While the relative ROLLMRT is constant, all three scenarios
employ fewer labor hours, shift crop production to higher-returning ac-
tivities, and generate greater returns per hectare, as expected.

4.3. Elimination of fall tillage pass

Production practices are assumed to be the same across all hectares.
Specifically, there are two tillage passes, two pesticide passes, one fer-
tilizer pass unique to maize, one planting pass, and one harvest pass
(combine harvester and tractor operating the chaser bin). Adjustments
are made to the tillage assumptions to test the robustness of our re-
sults against alternative production plans. First, the fall tillage pass is
removed from all production plans. Additionally, the field cultivator and
disk ripper are removed from the machine set and replaced with a single
disc tillage tool. The new tillage plan consists of a single conservation
tillage pass with a disc tillage tool in the same month as planting.
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By decreasing machine cost and field passes, the conventional ma-
chinery scenario generates $16.63 per hectare more ROLLMRT than the
Baseline. The relative ROLLMRT of the optimal scenario for large-scale
autonomous farm machines (Auto 1H) increases by $7.55 per hectare
under the alternative set of tillage assumptions. In contrast, the relative
returns of the most likely short-term scenario for large-scale autonomous
farm machines (Auto 2H) decreased by $43.08 per hectare under the
alternative set of tillage assumptions. All three scenarios employ less
labor than the two-tillage pass scenarios. However, the relative adjust-
ment from similar scenarios in Table 4 suggests that the reduced tillage
passes are more beneficial for the most likely autonomous scenario (Auto
2H) due to the elevated autonomy subscription fee ($4.94 greater per
hectare in Auto 2H than in Auto 1H).

Under this alternative assumption set, only the conventionally oper-
ated scenario (Conv H) has a reallocation of the cropping activities. This
result is explained by the machinery limitations in the initial model. The
Baseline has a binding tractor constraint during harvest and fall tillage.
Removing the tillage pass relaxes the constraint and allows for the real-
location of crop production to more productive activities. The increased
activity optimization and labor savings in Conv H outweighed the au-
tonomy cost savings in Auto 1H, but are not enough to overcome the
additional savings of Auto 2H.

4.4. Farm expansion

Table 6 reports the simulated whole farm ROLLMRT for seven sce-
narios where farm size is allowed to vary. We report whole farm
ROLLMRT because these scenarios are of varying farm size, and whole
farm ROLLMRT captures the potential fixed cost efficiency of farming
more land. The results in the top panel suggest that large-scale au-
tonomous machines may allow farms to expand profitability, a finding
that is more pronounced as autonomous farm machines achieve greater
performance. The scenario labeled Conv J differs from the assumptions
of the Baseline by allowing the farm to expand to the maximum pos-
sible hectares given the capacity of the conventional machines. Conv J
generates $1,538,387 of whole farm ROLLMRT. Relative to the Base-
line, the activities are shifted away from optimal times to accommodate
operating more land. Under the most favorable scenario for autonomy
with hired labor (Auto 1J) and without hired labor (Auto 1K), the whole
farm ROLLMRT increases by $1,157,951 and $354,917, respectively.
Hence, there may be an incentive to pursue the adoption of large-scale
autonomous machines when the farm has the potential to expand. Even
in the most likely short-term scenario for large-scale autonomous farm
machines, Auto 2J, the whole farm ROLLMRT is increased by $107,272,
relative to the conventionally operated farm Cony J.

4.4.1. Scaled machinery fixed cost

The final alternative assumption set analyzes the effect of the rel-
ative ROLLMRT when the farm can expand, but the machinery fixed
costs are increased to reflect a potential decrease in salvage value. In
the top panel of Table 6, machinery and autonomy fixed costs are calcu-
lated by taking the difference between the upfront cost and the salvage
value, divided over seven or ten years. Therefore, the annualized fixed
machinery costs are the same in the 2,610-hectare farm of Table 4 and
Table 5 or the expanded farm. This assumption does not take into ac-
count the additional use of the machine as a result of operating more
land. However, additional use has been shown to decrease the market
value or potential salvage value of farm machines [17], and as a result,
the calculated relative ROLLMRT reported in the top panel of Table 6
are likely an upper bound with respect to fixed machinery costs.

We allow the annualized fixed cost of farm machinery to be directly
related to the farm size, increasing the costs by the additional use. The
alternative calculation implements a machinery fixed cost scaled by
farm expansion. For example, if the farm size doubles, the machinery
fixed cost doubles. The results for the three alternative scenarios are re-
ported in the bottom panel of Table 6. The expanded farm operating
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conventional farm machines, Conv L, generates $1,326,510 whole farm
ROLLMRT. This scenario results in $211,878 less than Conv J. However,
the whole farm ROLLMRT in the favorable autonomy scenario (Auto
1L) increases by $496,640, relative to Conv J and $681,821, relative to
Conv L. Hence, as mentioned above, there may be an incentive to pur-
sue the adoption of large-scale autonomous machines when the farm
has the potential to expand. This result is contingent on large-scale au-
tonomous machines attaining a higher level of performance. The results
of the most likely autonomy scenario suggest an $84,579 decrease in
whole farm ROLLMRT, relative to Conv L.

The whole farm ROLLMRT reported in the scenarios of the top and
bottom panels of Table 6 are likely upper and lower bounds for returns of
large-scale autonomous farm machines under farm expansion. As men-
tioned in the motivation of the Scaled Machinery Fixed Costs section,
the top panel of Table 6 likely omits costs related to machinery usage
and could be considered an upper bound. Intuitively, all three scenarios
in the bottom panel are lower than their corresponding scenarios in the
top panel. However, the effect of autonomous capabilities on machine
salvage value is unknown. Farm machinery updating may be influenced
by the need to update technology to benefit an operator. If this motiva-
tion is reduced because the operator is no longer necessary for constant
operation, salvage values may be greater. Hence, the results in the lower
panel of Table 6 may be overstated. Given the unknowns, the realistic
fixed cost of machinery likely falls somewhere between the assumptions
of the scenarios reported in the top and bottom panels of Table 6.

5. Discussion

Our results suggest that highly mechanized farms with large, regu-
larly shaped fields and simple traditional crop rotations will only benefit
from adopting large-scale autonomous farm machines when they face
severe labor availability challenges. Further, in a broad range of less
extreme labor situations, the current economic returns to large-scale
autonomous farm machines are not positive. However, this section will
discuss the developments that would make large-scale autonomous farm
machinery more economically viable in the Midwest US.

Changes in the procurement and subscription costs for large-scale
autonomous machines will drive the degree to which farms with re-
liable labor will experience positive economic returns. In this analysis,
autonomy costs are composed of the initial hardware and software costs
and the per-hectare per-operation subscription fee. Estimating the cost
of new technology is always difficult, but the $30,000 lower end of the
autonomy initial investment per power unit range in this analysis is
probably close to the cost of the components. The bare bones compo-
nent retrofit cost for small machines is estimated at over $40,000 for
one small tractor and one small combine [1]. Large machines would
probably need more sensors and safety equipment than assumed for
the smaller machines and, consequently, be somewhat more costly
to retrofit. There is probably more flexibility in the per-hectare per-
operation subscription fees. While common in consumer electronics and
other industries, widespread use of subscription fees for farm machines
is relatively new, and some companies use the absence of technology
subscription fees as a marketing tool. This analysis shows that without
a subscription fee, autonomy increases profitability, and even the lowest
subscription fee level ($2.47 per hectare) pushes the return into negative
territory. Based on our current assumptions, the level of subscription fee
is a key driver of economic viability in our context.

Additionally, as the relative field efficiency of large-scale au-
tonomous machines improves, the financial returns will improve.
Robotic engineers have long hoped that autonomous machines would be
able to achieve higher levels of efficiency closer to theoretical efficiency
[18,50]. The hope for higher autonomous efficiency is based on opti-
mizing machine speed, better path planning, no breaks or fatigue, and
higher operation accuracy. Recently, Bahmutsky et al. [7] used a case
study approach for evaluating the field and fuel efficiency of the OM-
NiPOWER autonomous platform for small grain production in Canada.
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They find that relative field efficiency is dependent on field operation,
but that the autonomous machinery performed similar to conventional
counterparts. For our analysis, autonomous efficiency levels would have
to exceed 100% to push autonomy profits into positive ranges for farm-
ers with labor available.

Another key determinant of returns to large-scale autonomous farm
machines is the time required for human supervision and intervention.
The previous literature has made various assumptions about this pa-
rameter, from a lack of supervision in Shockley et al. [45], to 10% in
Lowenberg-DeBoer et al. [35], to full supervision in Maritan et al. [37].
Our results suggest that farm returns are sensitive to this assump-
tion. Specifically, in this analysis, all of the economic scenarios that
come close to profitability assumed human intervention for 10% of
autonomous field time. Higher levels of human supervision of robots
favor conventional mechanization solutions. Currently, this discussion
is driven by the assumed needs of the machines, but, as discussed in
Maritan et al. [37], the emergence of regulation on human supervision
requirements would reduce the potential economic gains.

Beyond financial returns, there are several reasons why farmers may
choose to adopt large-scale autonomous farm machines. A farmer may
choose to adopt large-scale autonomous farm machines to improve their
quality of life. Our results suggest that a farm operator could potentially
operate a 2,610-hectare farm with no additional labor under the most
likely short-term scenario for large-scale autonomous farm machines
for $213,006.87 (ROLLMRT for Auto 2C — $81.60 X 2,610 hectares).
In cases where a farm operator owns a large proportion of their land
and has minimal debt service, the choice to forgo labor may simplify
their operations. An established farm operator may use large-scale au-
tonomous farm machines to maximize their personal utility instead of
maximizing farm returns. As discussed in Lowenberg-DeBoer [33], this
result is similar to findings related to robotic milking machines. In some
scenarios, adoption of milking robots is driven primarily by owner-
operators who desire a more flexible schedule and a higher quality of
life [10,15,27,47].

An alternative reason for large-scale autonomous farm machine
adoption is the reduction in time devoted to managing labor, resulting
in greater productivity of operator labor. For example, in an analysis of
autonomous weeding in Bavaria, the use of robots shifts the labor bur-
den away from hired workers to the farm operator and/or family labor
[43]. Instead of short, intensive periods where crews come to the field
for manual weeding, the supervision of the robot by the farm operator
and family is done throughout the first half of the growing season. De-
pending on the farmer, this may or may not be a good thing. For some
farmers, supervising the robot is just more work added to an already
busy schedule. Other farmers may be glad to find a way to productively
substitute family labor for hired labor. Reducing the HR burden of hiring
may be one of the greatest benefits of autonomy.

This study has many limitations and consequently opens the door
to a range of follow-up studies. This study uses multiple assumptions
that have implications for the economics of large-scale autonomous ma-
chines that could be tested. We assume a 50/50 maize and soybean
rotation, but the economic returns to large-scale autonomous machines
may be related to a more profitable crop production system. For exam-
ple, Al-Amin et al. [1] showed the economic potential for autonomous
strip cropping. Specific studies should evaluate alternative crop geome-
tries, like intercropping and patch cropping, or alternative crop mixes,
like three or four-year rotations more similar to those in Europe. Fur-
ther, future studies should examine the degree to which the profitability
of large-scale autonomous machines is influenced by machine size. In
this study, we focus on one set of machine sizes (building on Ward
et al. [52]). However, as highlighted by the prevalence of previous
studies on robot swarms, machine size is an important determinant of
profitability. Future studies should relax our equipment size assump-
tions and allow for the optimal selection of machines.

Varying the assumptions of the macro-environment is also an im-
portant topic for future studies. This study assumes that the farms use
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conventional chemical weed control, but the combination of weed her-
bicide resistance and regulatory changes may motivate more use of tar-
geted herbicides and mechanical weed control. Yu et al. [54] show that
weed resistance levels directly impact the optimal weed management
strategy with a mechanical weeding robot. As a result, future studies
should examine how weed management needs change the profitability
of large-scale autonomous farm machines.

As a last point, the assumptions about large-scale farm machinery
values are inherently excluding the potential changes in salvage values.
For example, previous studies show that usage is directly related to mar-
ket values [17,40]. However, these results do not take into account the
potential that farm machines are updated for the sake of technology up-
grade or operator comfort. Autonomy may allow for machinery to retain
market value despite higher use. Future studies should examine the de-
gree to which autonomous large-scale farm machines will change the
market for and salvage values of farm machinery.

There are two obvious extensions of the current analysis. First,
we assume that the farm either operates conventional machines or
autonomous machines. This assumption could be relaxed to examine
which field operations would generate the greatest return under au-
tonomous operation. For example, some Midwest US farms simulta-
neously operate multiple machines for tillage. If those machines are
operating in the same field, one may be operated by a human who is
also supervising an autonomous machine in a leader-follower scenario.
Second, this analysis has focused on large-scale autonomous farm ma-
chines, but this assumption could be relaxed to examine the economic
potential or viability of small- or medium-scale farm machines for our
specific setting, Midwest US maize and soybean production.

6. Conclusion

This study uses a farm management optimization model to exam-
ine the effect of large-scale autonomous farm machines for Midwest
US maize and soybean production on returns to operator labor, land,
management, and risk-taking. Using all combinations of seven key pa-
rameters, we compute optimal profit-maximizing solutions for 72,026
scenarios. These simulations result in three important findings. First,
when a farm has access to labor, conventional large-scale farm machin-
ery generates the greatest return to operator labor, land, management,
and risk-taking. Even when large-scale autonomous farm machines are
assumed to achieve optimal performance under the lowest parameter-
ized costs (both hardware and subscription fees), we show that a farm
would need to have labor expenses of greater than $44 per hour for
a return-maximizing farm manager to adopt the machines. Second, if
a farm does not have access to labor at any price, they are better off
adopting large-scale autonomous machines than being forced to fal-
low a portion of their land. Without access to large-scale autonomous
machines and labor, we show that a 2,610-hectare farmer can only op-
erate roughly 40% of their land. Third, a farm could potentially expand
its operations with the same set of large-scale autonomous machines
and labor. However, the large-scale autonomous machines will need to
achieve near-optimal performance for this expansion to generate greater
financial returns.

The results of this study have implications for farm managers and
machine manufacturers. First, farm managers will want to carefully
evaluate their labor situation and the implied cost of adopting large-
scale autonomous farm machines. Specifically, farm managers should
understand the relative efficiency of large-scale autonomous farm ma-
chines and the amount of supervision or intervention time needed to
effectively experience the benefits within their production system. Sec-
ond, the diversity of crop production systems adds complexity to mar-
keting and pricing autonomous solutions for machine manufacturers.
Integrating additional costs of autonomy into commodity production
will be limited by the regional costs of replaced labor.
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