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ABSTRACT

We present a novel methodology for the simultaneous robust design and scheduling of controlled envi-
ronment agricultural (CEA) systems under multi-period risk. This problem is formulated as a semi-infinite
program with several semi-infinite constraints pertaining to mean-variance risk exposure with uncertain
covariance over each period in the planning horizon. The general model enables robust optimization of
CEA systems for cultivation of any crop portfolio under any number of cultivation modes, with a solution
that represents an optimal design and operating schedule that is robust to worst-case uncertainty. There-
fore, this methodology provides a conservative basis for engineering and investment decision-making and
represents, to our knowledge, the first robust optimization approach to CEA systems. Our approach effec-
tively increases the robustness of CEA systems to market uncertainty, improves the long-term economics
of CEA systems over naive operating strategies, and validates the economic viability of single and multi-
mode CEA production of distinct crop portfolios.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

Conventional agribusiness operations are inherently risky as
their economic feasibility depends on highly uncertain factors such
as weather and food supply and demand. Unpredictable environ-
mental changes and extreme weather events such as droughts,
floods, and fires pose direct threats to crop yields, which translate
to significant revenue losses for agricultural producers over time
(Deschénes and Greenstone, 2007; FAO, 2018). As the duration and
frequency of such events are projected to rise into the foresee-
able future, their impacts will continue to endanger the global food
supply (Field et al., 2012). Further, as global population growth in-
tensifies, increasing food demand is projected to outpace the capa-
bilities of traditional outdoor agriculture systems (Fedoroff, 2015).
As long as these trends persist, the compounding effects of greater
weather variability and demand-driven market volatility will con-
tinue to endanger conventional agribusiness operations. The de-
mand for increased food production under heightened uncertainty
will not only increase pressure on existing agricultural operations,
but also pose a broader challenge to food security. To ensure grow-
ing demand continues to be met under increasingly volatile condi-
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tions, alternative agricultural approaches are being considered to
supplement traditional outdoor growing methods.

Controlled environment agriculture (CEA) is an alternative strat-
egy in which crops are cultivated indoors in climate-controlled en-
vironments. Decoupling crop growth from environmental condi-
tions through CEA presents an opportunity to alleviate the stress
placed on exhaustible natural resources by existing food produc-
tion practices while increasing local food production and improv-
ing food access and security (Benke and Tomkins, 2017). Increased
consumer demand for year-round local availability of responsibly
sourced fresh produce has already motivated the establishment of
CEA operations across the United States, Europe, Asia, and Australia
(Despommier, 2009; Butturini and Marcelis, 2020). The adoption
of this alternative growing model has risen in recent years and is
expected to grow significantly with rising consumer demand and
climate awareness. It is estimated that the global vertical farm-
ing market alone, a subset of the global CEA market, is projected
to reach $9.96 billion by 2025, expanding at a compound annual
growth rate of more than 21% over the forecast period (Grand View
Research, 2019). However, the high-risk low-reward nature of tra-
ditional agribusiness poses a challenge to the investment in and
growth of this more environmentally and socially responsible al-
ternative to traditional cultivation methods. To reap the benefits
of CEA, the economic motivation for investment in this approach
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Nomenclature

B the set of odd years contained in project horizon

§ the set of even years contained in project hori-
zon

n SIP auxiliary variable

y maximum objective function evaluation of all
feasibility programs of the Grower’s Model

% number of distinct growing modes

Kz set of indices for crops cultivated by mode z

I1 the discrete set of positive semidefinite matrices
MeM

E interval matrix (e IR"™*") bounding X for the
Grower’s Model

a cash flow discount rate

b monthly capital financing interest rate

G, capital expenses of mode z that scale with
capacity and are eligible for bulk discounting
[USD/sq.ft.]

G, capital expenses of mode z that scale with ca-
pacity and are ineligible for bulk discounting
[USD/sq.ft.]

G, capital expenses of mode z that do not scale
with capacity [USD]

Ceap(d) total capital expenses over project horizon as a
function of d [USD]

Cop(d, X) total cash-discounted operating expenses over
project horizon as a function of d and X [USD]

Cop.even,z(X) operating expenses of even years of project hori-
zon specific to cultivation mode z as a function
of X [USD]

Cop,0dd,z(X) operating expenses of odd years of project hori-
zon specific to cultivation mode z as a function
of X [USD]

Crep(d, X) total cash-discounted revenue over project hori-
zon as a function of d and X [USD]

Crev.even(X) revenue of even years of project horizon as a
function of X [USD]

Crev.oad(X) revenue of odd years of project horizon as a
function of X [USD]

d optimization design decision variables (e R"d)

dq location of CEA system east(+)/west(—) of city
center [miles]

d, location of CEA system north(+)/south(-) of city
center [miles]

dy capacity of CEA system dedicated to cultivation
mode z in [sq.ft.]

E annual operating expenses specific to cultivation
mode z that do not scale with capacity [USD]

g objective function evaluation of Trader's Model
feasibility problem

G(d) location-based land cost model as a function of
d [USD/sq.ft.]

H interval set bounding n (e IR)

i generic index used in NPV calculation and crop
growing modes

Lop,jz operating expenses of quarter j for cultivation
mode z that scale with capacity [USD/sq.ft]

IR set of all interval subsets of R

j quarter of planning horizon

k iteration number of cutting plane algorithm

M interval matrix bounding M (e IR"*"c)

M covariance matrix of crop returns (e R¢*Mc)

ne number of crops

ng number of design decision variables

n capital financing repayment period [years]

np number of quarters in a planning horizon

ny project horizon [years]

P capital financing coefficient

Pmin minimum annual production of each crop as a
fraction of demand

Pmin maximum annual production of each crop as a
fraction of demand

Q diagonal matrix with entries representing the
annual market demand of each crop (e R"*"c)
[pounds/year]

r expected quarterly returns on each crop (e R")

T4 cash flow discount rate

Tmin minimum portfolio return [%]

S land cost at city center [USD]

Sin minimum land cost [USD]

tr tolerable risk [%]

u risk [%]

V; capital discount factor of year i

w expected market price of each crop [USD]

Xscale scaling factor for land cost depreciation in lati-
tudinal direction from city center

X Grower’s portfolio allocation (€ R"*"p)

X Trader’s portfolio allocation (€ R™)

X interval vector [0, 1]% bounding x for Trader’s
Model

Yscale scaling factor for land cost depreciation in longi-
tudinal direction from city center

Y diagonal matrix with entries representing an-
nual yield of crop i [pounds/sq.ft.-year]

z cultivation mode

must be strengthened through the development of tools offering
improved system robustness to financial uncertainty.

In this work, we propose a novel design methodology with the
potential to improve the economics and derisk the adoption of CEA
technology. The paper will be structured as follows. In Section 2,
background on established methodology is provided. In Section 3,
our novel approach to optimizing CEA systems under market un-
certainty is developed in detail. In Section 4, our approach is ap-
plied to two case studies and results are discussed. In Section 5,
we conclude by summarizing the implications of our proposed ap-
proach. Additional details of the solution strategy and extended re-
sults can be found in the Supplementary Information.

2. Background

Established methods for decision-making under uncertainty, ro-
bust optimization, and portfolio optimization have been applied
extensively across process systems engineering, finance, and oper-
ations research. In this section, we summarize the approaches we
have integrated to develop a robust decision-making strategy for
risk mitigation in CEA systems.

2.1. Decision-making under uncertainty in agriculture

Decision-making under uncertainty is the study of decision
problems in which various possible states of uncertainty are
known but insufficient information exists to assign probabilities of
occurrence to each state. Several decision-making models designed
to improve the efficiency of agricultural systems have already been
developed and are summarized in three comprehensive reviews
(Ahumada and Villalobos, 2009; Glen, 1987; Dury et al., 2012).
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The review by Ahumada and Villalobos (2009) summarizes 20
deterministic and stochastic agricultural planning models based on
optimization approaches used, types of crops modeled, and the
scope of plans considered. Existing applications of design under
uncertainty to traditional outdoor agriculture include use of a de-
terministic linear program (LP) with the objectives of satisfying
market demand and maximizing profit to make planting decisions
that provide a steady product supply over a long planning hori-
zon (Hamer, 1994). Clustering heuristics and genetic algorithms
have also been applied to determine the spatial allocation of plants
in a greenhouse during multiple production periods to minimize
cost and maximize space utilization (Annevelink, 1992) while fuzzy
goal programming has been applied to solve land-use planning
problems for the production of several seasonal crops during a
planning year (Biswas and Pal, 2005). While most of these mod-
els have been developed for use in the design of highly specific
agricultural applications, there also exist more generalized plan-
ning strategies such as that proposed by Nie et al. (2019) which
uses data analytics and mixed-integer nonlinear modeling and op-
timization methods to find optimal solutions to the land-use prob-
lem. This strategy effectively promotes food production with re-
duced water and energy consumption and demonstrates robust
performance under different climate scenarios. Overall, existing
agricultural planning strategies overwhelmingly focus on the cur-
rently dominant method of traditional outdoor agriculture.

While the application of several existing agricultural planning
models has yielded significant improvements in the performance
of the systems for which they were designed, many of these mod-
els have been tailored to highly specific operations and cannot eas-
ily be adapted for general use in CEA investment decision-making
(Ahumada and Villalobos, 2009; Benke and Tomkins, 2017). Fur-
ther, the majority of existing agricultural planning models focus
on traditional outdoor agriculture and do not explore mitigating
the impacts of market uncertainty — the primary source of un-
certainty impacting large-scale CEA systems. Because most exist-
ing models do not proactively account for the impact of future
uncertainty on the system, they cannot guarantee that their so-
lutions will remain feasible when future uncertainty is realized.
Based on review of existing agricultural planning models, Benke
and Tomkins (2017) identified the need for models providing ac-
curate quantification of CEA economics and Ahumada and Villalo-
bos (2009) called for models that include more realistic features
for planning crop production for robustness to market uncertainty.
For these reasons we have adopted a more flexible approach utiliz-
ing a single nonlinear economic objective to perform deterministic
global optimization of the design and operation of CEA systems for
cultivation of any crop portfolio under any number of cultivation
modes for robustness to market uncertainty.

2.2. Robust optimization

Robust optimization is a proactive decision-making method that
takes into account uncertainty from the design stage. First intro-
duced by Ben-Tal and Nemirovski (1998) as a method to incor-
porate uncertainty into mathematical programming models, robust
optimization has since been applied across process systems engi-
neering and operations research communities to improve process
scheduling under uncertainty (Li and lerapetritou, 2008). In this
work, to our knowledge, we present the first robust optimization
approach to designing CEA systems.

To devise an effective robust agricultural planning strategy,
sources of uncertainty with the greatest impact on the system of
interest must be accounted for. In both traditional and CEA grow-
ing models, revenue is directly dictated by crop yields and the
market prices at which crops are sold. As a result, crop yield and
market price uncertainty should be considered from the design
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and planning stages to provide both growers and investors with
robustness to future market uncertainty.

In traditional outdoor agriculture, crop yields vary drastically
under weather uncertainty since non-ideal growing conditions of-
ten negatively impact crop health and growth rates, translating
to reduced bottom line economic performance. Due to its signifi-
cant impact, weather-driven agronomic yield uncertainty has been
adopted as the primary uncertainty consideration in agricultural
crop planning models to date (Ahumada and Villalobos, 2009).
However, CEA involves growing crops indoors in climate-controlled
environments where plants are exposed to optimal growing condi-
tions and are shielded from weather impacts. This enables highly
accurate yield prediction for well-established growing systems
(Benke and Tomkins, 2017). As weather-driven agronomic yield un-
certainty is eliminated through the controlled environment grow-
ing model, market uncertainty emerges as the primary source of
uncertainty impacting the system and has therefore been adopted
as the focus of this study.

2.3. Modern portfolio theory

To quantify uncertainty in our system as market risk, the mod-
ern portfolio theory (MPT) or mean-variance analysis definition of
risk has been adopted. A recent study by Paut et al. (2019) demon-
strated the efficacy of MPT as a method to quantify agronomic crop
yield risk reduction by asset diversification for various crop classi-
fications. However, this application of MPT only addressed agro-
nomic risk reduction and did not consider the effects of diversifi-
cation on mitigating economic uncertainty in agricultural systems.
The elimination of crop yield uncertainty that is achieved through
the CEA growing model enables the application of MPT to perform
a purely economic analysis (Benke and Tomkins, 2017). This is the
approach we have adopted in this study where we propose apply-
ing MPT in the development of investment decision-making and
operations planning models to quantify the effects of diversifica-
tion on mitigating economic uncertainty in commodities invest-
ment and CEA growing operations.

To achieve our stated objectives, we propose the joint applica-
tion of MPT risk management and robust optimization as a novel
approach to inform decision-making in commodities investment
and CEA design and operations planning. To mitigate economic un-
certainty and boost investment in the CEA sector, we have devel-
oped robust-optimal investment decision-making and operations
planning frameworks from both a commodities trader’s and a
grower’s perspective.

The trader’s perspective is first presented as a direct implemen-
tation of established MPT and robust optimization methodologies.
It is used to determine optimal investment allocations for portfo-
lios of crop-specific commodities that minimize portfolio risk un-
der worst-case uncertainty while delivering at least a minimum
desired return on investment. While the Trader’s Model is effective
in identifying commodities investment portfolios (i.e., crop alloca-
tions) that are robust to worst-case risk, it is insufficient for op-
timizing the design and operation of highly complex CEA systems
as a whole, which is desired to promote investment in and adop-
tion of CEA technology. This problem, unlike the Trader’s Model,
is nontrivial because it requires solution of a bilevel program with
a nonconvex outer program and multiple semidefinite inner pro-
grams. Since existing approaches could not be directly applied to
solve this type of problem, a new methodology is developed herein
for the global solution of a semi-infinite program (SIP) with mul-
tiple semi-infinite constraints. This Grower’s Model was developed
based on an extension of the Trader’s Model and has been formu-
lated generally to enable robust optimal decision-making for real-
world CEA systems.
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The proposed modeling frameworks and solution algorithms
guarantee globally optimal solutions that enable stakeholders to
reduce their risk exposure and financial vulnerability to worst-case
market risk realizations, resulting in more stable economic per-
formance of agricultural systems over the long term. The models’
performance is assessed through two case studies involving culti-
vation of multi-crop portfolios. The broader implications of both
approaches are discussed and the economic outcomes are com-
pared against naive investment and growing strategies from both
perspectives. The risk reduction achieved through portfolio diver-
sification and protection against worst-case risk achieved through
robust optimization can be used to attract economic investment in
this growing sector of the agriculture industry.

3. Method development

In this section, the robust optimization modeling frameworks
are formalized from the trader’s and grower’s perspectives. First,
the trader’s perspective is considered as a straightforward appli-
cation of robust portfolio optimization to CEA systems with crop-
specific commodities as assets. The trader’s approach is then ex-
tended to the grower’s perspective where the simultaneous engi-
neering design and operation of CEA systems is considered, en-
abling full-operation economic feasibility assessment of CEA sys-
tems.

3.1. Deterministic optimization from a trader’s perspective

First, we develop a general method to generate agricultural
commodities portfolios that are robust to a user-specified level of
market uncertainty. This method can be applied to any agricultural
portfolio for which historical crop pricing information is known
and serves as a foundation for the development of our general ap-
proach to optimizing CEA systems under market uncertainty pre-
sented in Section 3.2.

To evaluate the economic feasibility of investment in agricul-
ture from a commodities trader’s perspective, robust optimization
of investment portfolios comprised of crop-specific commodities
has been performed. To do this, it was assumed that investors seek
a risk-averse investment strategy—a foundational assumption of
MPT—and that the risk (variance) associated with a given portfolio
is calculated according to the MPT definition (Markowitz, 1952):

u=x"Mx (1)
where x € X c R™ is the portfolio allocation of each crop i=
1,...,nc with X =[0, 1] and M € R"%*" js the covariance matrix

of returns for all crop pairings over the investment period. Using
this definition of risk, the trader seeks to minimize the maximum
impact of uncertainty (risk) by finding a portfolio allocation that
yields at least a minimum desired return while avoiding exposure
to greater risk than their appetite.

The Trader’s Problem is formulated as the following min-max
problem:

f* =minmaxXx"Mx — t;
xeX MeM

s.t. I™X > Tin (2)

1x=1.

M>0

M e IR"™ " X =10, 1]™
where t; € R is the trader’s tolerable risk level (user-specified pa-
rameter), r € R™ is the vector of expected returns on each crop,
and rp;, is the minimum required return on the portfolio.

To generate portfolios robust to a user-specified level of worst-

case risk t;, the model requires an input of historical pricing infor-
mation for each commodity. Bounds on the uncertain covariance
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matrix of historical crop returns M were derived based on the as-
sumption that future crop returns will not vary with respect to one
another beyond the range by which they have done so historically
over the same period during the past five years. The minimum and
maximum values for each entry of the covariance matrix (i.e., each
crop pairing) observed across all five historical covariance realiza-
tions considered under this assumption were selected as the lower
and upper bounds of the real interval matrix M e IR"*" (i.e., an
ne x ne-dimensional matrix whose elements are nonempty com-
pact intervals).

Since the portfolio allocation variable vector x represents the
fractions of the total portfolio that are to be invested in each crop,
each component of x is bounded between 0 and 1 by components
of X, and the vector sum is constrained to equal 1 (i.e., all available
investment funds are allocated). Lastly, a constraint limiting the
investment portfolio’s minimum expected return r;, is included
to ensure that risk mitigation efforts are only applied to the ex-
tent that at least a minimum economic return on investment can
still be achieved. Note, since r;, is specified prior to any uncer-
tainty analysis, this formulation may be infeasible (i.e., minimum
required returns are too great). Further, since t. is specified inde-
pendently and prior to any uncertainty analysis, this problem (if
feasible) provides the user with a “yes/no” determination of ro-
bustness. That is, a feasible solution is not robust if f* > 0 as no
portfolio could be found that minimizes the maximum impact of
uncertainty and therefore results in greater risk exposure than tol-
erable.

Due to the complicated characterization of the feasible set of
this optimization problem, the min-max program is not readily
solvable using standard algorithms for nonlinear programs (NLPs),
and therefore must be reformulated. Min-max programs are often
reformulated as SIPs since several algorithms exist to estimate so-
lutions of SIPs (Rustem and Howe, 2002). The min-max program is
first reformulated as a bilevel program:

n* = min
neHcR xeX

s.t. T'X > Tin (3)
1x=1
n > maxx'Mx — t;
MeM

st. M>0

where 7 has been introduced as an auxiliary variable.

Significant efforts have been made to solve various classifi-
cations of bilevel programs using multiparametric programming
(Pistikopoulos, 2009; Oberdieck et al., 2016). In multiparametric
programming, the inner (multidimensional parametric) optimiza-
tion problem is recast within a framework that seeks to character-
ize parametric optimal solution profiles as explicit mappings, with
parameters corresponding to the decision variables of the outer
optimization problem (Pistikopoulos, 2009). This allows the bilevel
program to be recast into single-level deterministic optimization
problems. Established methodologies for this approach are sum-
marized in Oberdieck et al. (2016), and barring some examples
of approximate solution maps for certain problems (e.g., see Dua
et al., 2004; Grancharova and Johansen, 2006; Bemporad and Fil-
ippi, 2006), this approach has only been used broadly for prob-
lems with inner programs as LPs and quadratic programs (QPs)
(Oberdieck et al., 2016). For bilevel problems involving a noncon-
vex outer program and a non-LP/QP inner program, such as the
one we aim to treat in this application, established multiparamet-
ric programming methodology cannot be applied to furnish a glob-
ally optimal solution. As a result, this approach is not applica-
ble to solve bilevel programs with an LP or NLP outer program
and a semidefinite (SDP) inner program, as is the case for the
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Cutting-Plane
Algorithm

SIP
Feasible?
YES

Fig. 1. The cutting-plane algorithm of Blankenship and Falk (1976) is illustrated in
this flowchart as an iterative sequential solution of two NLPs. This algorithm is used
to solve the semi-infinite programming problems for the trader’s and grower’s per-
spectives.

Trader’s and Grower’s Problems considered herein. The approach
of Bemporad and Filippi (2006) for approximate solutions of mul-
tiparametric SDPs, may be applicable here, albeit not directly as
it was developed only for linear functions. Further, since only a
finite number of SDPs must be solved to optimality and can be
done so very efficiently with available solvers, the advantages of
developing a new multiparametric programming approach for this
class of problems are not clear. For these reasons, we have decided
to take an alternative approach and develop new solution strate-
gies that exploit, as much as possible, efficient subprogram solvers
to achieve our primary objective: the robust design of real-world
CEA systems (i.e., the development and global optimization of the
Grower's Model).

To achieve our objectives, we follow the approach of refor-
mulating min-max and bilevel programs as SIPs (i.e., equivalent
epigraph reformulations (Falk and Hoffman, 1977; Halemane and
Grossmann, 1983; Zakovi¢ and Rustem, 2003; Stuber et al., 2014;
Stuber and Barton, 2015)). The Trader’s Problem bilevel program
(3) is reformulated as the following SIP:

n*= min
neHcR.xeX

S.t. ITX > Tin (4)
1"x =1
XMx-t,-n<0, VMeM, M>0.

The first (inequality) and second (equality) constraints are affine
functions of x, and therefore are trivially convex on X. Since M
is positive semidefinite, the semi-infinite constraint is convex with
respect to X € X and n € H C R for every M. Therefore, the SIP fea-
sible set (and any discretization) is convex. The Trader’s Problem
SIP can trivially be solved using existing algorithms. However, the
Grower’s Model SIP is significantly more complicated, and a new
solution approach has been proposed in Section 3.2.

We propose using the Blankenship and Falk (1976) cutting-
plane algorithm (illustrated in Fig. 1) to solve (4) which involves an
iterative procedure of sequentially solving two auxiliary programs.
At iteration k, the first program solved is the outer program (Step
1 in Fig. 1):

k gk .
,x¥) earg min
()’] ) & neH,xeX n
S.t. I'X > T'in (5)

1TX=1
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XMx—t;,—n =<0
M e I1¥,

where ITK ¢ M is a discrete set of positive semidefinite matrices
M e M. Thus, (5) has a linear objective with affine and convex
quadratic constraints. The second program solved is the inner pro-
gram or feasibility problem (Step 2 in Fig. 1):

gk — r]\l’.llEaA)/I((xk)TMxk —t— )’]k
s.t. M= 0, (6)

which is an SDP. If gk > 0, the corresponding optimal solution MK
is added to the discrete matrix set for the next iteration: ITk+! :=
Tk U {M*} in Step 3 of Fig. 1. Otherwise, a feasible optimal solution
(n*,x¥) has been found and the algorithm terminates.

Theorem 3.1. Let H € IR, X € IR™ and M e IR™*™ be nonempty.
Define Fyy={M e M :M > 0}. For any I1° c Fy, the algorithm of
Blankenship and Falk (1976) converges to the optimal objective func-
tion value: {n*} — n*.

Proof. This result follows from compactness of Fy and conti-
nuity of X"TMx —t; —n on X x Fy, by Lemmas 2.2-2.3 of Mitsos
(2011). O

Note, since the inner program is an SDP, its feasible set Fy
is non-polyhedral and so convergence in finitely-many iterations
cannot be guaranteed (Blankenship and Falk, 1976). The modifi-
cation presented by Mitsos (2011) could be used, which involves
solving an additional auxiliary problem to guarantee furnishing a
feasible point in finitely-many iterations under relatively mild as-
sumptions. For the cases considered herein, the Blankenship and
Falk (1976) algorithm converged within a few iterations and there-
fore was adopted in favor of the Mitsos (2011) algorithm for its
reduced computational complexity.

3.2. Deterministic optimization from a grower’s perspective

The Trader’s Model was extended to develop our novel Grower’s
Model that can be used to optimize the economic performance
of CEA systems under controlled risk exposure. Like the Trader’s
Model, the Grower’s Model is a general approach that enables op-
timization of CEA systems used to cultivate any crop portfolio for
which historical crop pricing information is known. This method
was developed for use as a decision-making and planning tool for
the implementation of CEA systems under market uncertainty.

In contrast to the trader’s perspective, the grower’s perspective
accounts for the capital and operating expenses involved in run-
ning a CEA system. The upfront capital investment in CEA systems
can be significant but affords the grower a unique advantage over
the trader, that is, the opportunity to profit from the value added
by growing fresh produce from seed to plant. As the CEA indus-
try continues to grow, decision-making models capable of mitigat-
ing uncertainty in CEA systems will be of increased demand as
they provide critical insight to assessing the long-term financial
sustainability of these operations. The Grower’s Model presented
herein represents, to our knowledge, the first robust optimization
approach to CEA systems and is intended to provide design and
operational insight for CEA technology adoption by enabling eco-
nomic feasibility assessment of CEA systems under controlled risk
exposure.

As applied in the trader’s perspective, the strategy of achiev-
ing robustness to market volatility through asset diversification has
similarly been applied to the grower’s perspective where planting
allocations are diversified over multiple grow periods, each under
controlled risk exposure, while the economic performance of the
entire system is simultaneously optimized over the CEA system’s
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project horizon. To optimize the Grower's Model subject to uncer-
tainty, the following bilevel program with a nonconvex outer pro-
gram and several SDPs as inner programs, must be solved to global
optimality:

* X
f apax Sy (d, X)

st 1x;=1, j=1,....np (7)
n

dyn = Zd;ﬁ qu Lj=1,...npz=1,..., 1
=1 iek;,
I 4

QPmin < Zduz YZXj+4(q71) < QPmax,
c=1 j=1

qg=1,....,ny

0> max {maxx]T-ijjtr:szO,

jell...np} | MjeM;

M; e IR™", j=1,...,n,

In this model, crop allocation decisions that are robust to a spec-
ified level of tolerable risk t, are made on a quarterly basis while
the design of the CEA system is simultaneously optimized to
achieve a maximum net present value (NPV) over a user-specified
project horizon of ny years. This model includes design decision
variables d € R with components representing the capacity ded-
icated to each cultivation mode (size of the proposed CEA sys-
tem in square feet) and location (x and y coordinates in miles
west/east and north/south of a user-specified urban center repre-
senting a location of peak demand) of the proposed CEA system.
In the case of CEA systems with multiple cultivation modes, capac-
ity is split between multiple decision variables d,,,, z=1,..., i,
each representing the capacity dedicated to a single cultivation
mode. Additionally, the model includes crop allocation decision
variables X € R"*™ for the first n, quarterly grow cycles of oper-
ation which are repeated to span the entire duration of the project
horizon over which the NPV is maximized and are bounded by the
set E € IR"™ as the interval matrix with elements as the in-
terval [0,1]. The growing allocation for the jth grow cycle is rep-
resented by the jth column vector of X denoted by x; € [0, 1],
k; is an index set corresponding to the crops cultivated by mode
z, Y e R%*Mc s a diagonal matrix with entries representing the
annual yield per square foot of each crop, Q € R is a diago-
nal matrix with entries representing the annual market demand of
each crop, and pj,, Pmax € R™ are respectively the minimum and
maximum crop production limits for the CEA system.
The NPV of the system is calculated by the function:

Surv (A, X) = Crep(d, X) — (1 + P)Ceqp(d) — Cop(d, X)), (8)

where Gy is the lifetime revenue of the project, P is the capital fi-
nancing coefficient, Ceqp is the total capital cost of the project, and
Cop is the lifetime operating cost of the project. Due to the struc-
ture of our formulation, which involves forecasting dynamic crop
portfolios over a two-year planning horizon, annual revenues over
each odd year of the project horizon are identical as are those over
each even year of the project horizon. The same applies to oper-
ating expenses. Lifetime revenue and operating expenses are first
calculated on an annual basis for odd and even years of the project
horizon as shown here:

4

Crei/.odd (X) = WTY Z xj (9)
j=1
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8
Crev,even(X) = w'y Z X (10)
j=5
4
Cop.odd.z (X) = Z Iop,j,z (xj) (11)
j=1
8
Cop,even,z (X) = Zlop,j,z(xj)’ (12)
j=5

where w € R" is the expected market price of each crop, Iy ;- (X;)
is the operating cost over quarter j for cultivation mode z that
scales with system capacity (e.g., quarterly water bill for cultiva-
tion mode z). V; is defined as a cash flow discount coefficient of
year i accounting for a 12% cash flow discount rate to be applied
to the revenue and operating expenses:

Vi=(1+19)7, (13)
and Grey(d, X) and Gop(d, X) are calculated from (9) to (12) as:

n
Crev (d7 X) = (Z d{+2> (Crev,odd (X) Z Vi + Crev,ei/en (X) Z Vl)

¢=1 icf ied
(14)
I
Cop (d, X) = Z dz+2 Cop,odd,z (X) Z‘/I +...
z=1 ief
My
S Cop.even,z(x) Z%)) + F(d) th
ied i=1
(15)

where we define § ={2x—-1:xeN,1<2x—1<ny} and § = {2x:
xeN,1<2x<ny}, and F(d) accounts for the annual operating
expenses that are independent of capacity and cultivation mode.
Capital expenses and capital financing are calculated by the equa-
tions:

i

Ccap (d) = ch,z (dz+2)0'9 + Cz,zdz+2 + G(d)dz+2 + C3,z (16)
z=1

G(d) = Sexp (_xscale (dl )2 +yscale(d2)2) + S1'1'1in (17)

12b(1+ by &

P= 4((1 +bh)Zn —1) - Vi,

(18)

where G ,, G, and G, are constants corresponding to each cul-
tivation mode, z, that are independent of the design decision vari-
ables d and must be determined for each unique portfolio. For
each cultivation mode z, C;; is the sum of capital expenses that
scale with capacity to which a 10% volume discount is applied (e.g.,
building materials with a bulk discount), G, ; is the sum of capital
expenses that scale with capacity to which no discount is applied
(e.g., building materials without a bulk discount), and C;, is the
sum of fixed capital expenses that do not scale with capacity (e.g.,
purchasing a fixed number of delivery trucks). A capital financing
coefficient P, that is applied to capital expenses for NPV calcula-
tion, is defined in (18) and accounts for monthly amortization of
capital expenses at a monthly interest rate b over the duration of
the loan repayment period n; in years. Capital financing has been
amortized monthly while cash flows have been discounted annu-
ally.
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The land cost model G is defined in (17) where S is the land
cost per square foot at the city center (i.e., the presumed location
of peak demand to which all products are assumed to be deliv-
ered), Xs.qe and Yg.q are scaling factors representing the rate of
land depreciation in the outward latitudinal and longitudinal direc-
tions from the city center, and S,;, is the minimum land cost as
the distance from the city center approaches infinity (i.e., no free
or negative-cost land available). This Gaussian function returns the
per-square-foot land acquisition cost; a non-discountable capital
expense that scales with capacity. This term has been isolated from
the G, , constant in the capital expense model since, unlike G, ,, it
is dependent on the location decision variables (d, d;). This de-
pendency introduces nonconvexity to the capital expense and NPV
models which necessitates the construction of custom affine relax-
ations (see Supplementary Information) to ensure that a globally
optimal solution to the model can be obtained. Since this land cost
model is symmetric about the longitudinal and latitudinal axes,
multiple global optima arise. This land cost model (17) was cre-
ated to represent a hypothetical cost model centered on a city with
high land costs that decrease exponentially from the center; how-
ever, alternative models could be substituted in its place. The spe-
cific costs associated with the economic objective function of the
Grower’s Problem that are considered in the case studies presented
herein are detailed in the Supplementary Information.

To summarize, capital expenses are dependent on all design de-
cision variables d and independent of all crop allocation decision
variables X since the total crop allocation to an individual culti-
vation mode remains constant over all n, periods because con-
straints have been imposed to restrict modifying the system design
after its initial construction (i.e., capacity dedicated to each culti-
vation mode and location of the CEA operation does not change
after initial system construction). Operating expenses are depen-
dent on all design decision variables d and crop allocation decision
variables X. Revenue is dependent on capacity decision variables
d;i2, z=1,..., 1, and crop allocation decision variables X.

Following a similar development to the Trader’s Problem, the
Grower’s Problem is then formulated as the following equivalent
SIP:

* = d X
f ahax fpv(d, X)

st. 1Tx;=1, j=1,...,np (19)

m
d2+2= ZdCJrZ ZXU ,j=],...,np,Z=l,...,/L
=1

ek,
4

m
Qmin < [ D desa || YD Xjiagen

=1 j=1
X}-ijj'—frfo, VMJ'EMJ‘EHR”CX”C,j:],...,np
M; >0, j=1,....1p,

<QPmax, q=1,...,1y

in order to utilize the algorithmic framework of Blankenship and
Falk (1976), illustrated in Fig. 1. The outer program of the Grower’s
Problem (19) determines the design and crop allocation decision
variables to maximize NPV, the discounted sum of cash flows over
the duration of the user-specified planning horizon, while the in-
ner program selects covariance matrices for individual grow cycles
that result in worst-case risk. Using this approach, the program de-
termines the optimal design and crop allocations that maximize
NPV when the worst-case market volatility of all grow cycles is
realized. This approach ensures that risk exposure during any one
grow period does not exceed a user-specified risk tolerance and
delivers the maximum possible NPV for the system, ensuring peak
economic performance under controlled risk exposure.

At iteration k of the cutting-plane algorithm, we solve the fol-
lowing outer program (Step 1 of Fig. 1) as an NLP relaxation of the
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Deterministic Global
Optimization Algorithm
EAGO.jl Spatial (D)
ranch-and-Bound®J) (22
(branch on D) DN

D=UD;

Lower-Bounding Upper-Bounding

Problem

Problem
Objective i ) :
- e
'Relaxations:
: R S S
"""""""""" i Gurobi i
'Global Solution:

Fig. 2. The structure of the deterministic global optimization algorithm developed
for solving the nonconvex outer program (20) of the Grower’s Model is illustrated
with its core routine as a customized spatial branch-and-bound algorithm that
branches only on the design space D. This algorithm is guaranteed to solve (20) to
global optimality in finite time.

original SIP (19), formulated as:

(d*, X¥) e arg_max_ fypy (d, X)

deD, XecE

st 1'x;=1, j=1,....np (20)

m
drin = Zd§+2 inj )
c=1

iek;
j=1...npz=1,..., 1

w 4

QPmin < Zd;‘+2 szj < QPmax
=1 j=1
" 8

QPumin < Zd;+2 Y) Xj| <QPmax
=1 Jj=5

X(Mjx; —t; <0, VM, e IT§, j=1,..., 1,

Since each of the matrices M; e l'[g? are positive semidefinite, the
quadratic inequality constraints are convex. Similarly, the first
equality constraints are affine and therefore convex. Unfortunately,
the second equality constraints related to the cultivation mode al-
location are bilinear (nonconvex), the market share inequality con-
straints are bilinear (nonconvex), and fypy is likely nonconcave
due to the existence of bilinear terms, summation of convex and
concave terms, and the nonconvex Gaussian term (17). Therefore,
(20) must be solved to guaranteed global optimality.

For this, we employ the extensible spatial branch-and-bound
algorithm from EAGO v0.5.2 (Wilhelm and Stuber, 2018; 2020)
with custom upper- and lower-bounding problems as illustrated
in Fig. 2. The lower-bounding problem is defined simply as the
NLP (20) with the given decision space corresponding to the cur-
rent node in the branch-and-bound tree. We solve this problem to
local optimality using IPOPT (Wdchter and Biegler, 2006) through
the Ipopt.jl package v0.6.3. The upper-bounding problem is defined
using a partial relaxation procedure whereby we calculate affine
relaxations of all nonlinear terms such that only affine and bilin-
ear terms remain. In this case, since only Ceqp involves such terms,
only affine relaxations of the terms Cy ;(d,;)%°, z=1,..., ¢ and
the function G, on their respective domains, are required. De-
tails of how the affine relaxations are constructed can be found
in the Supplementary Information. We then employ Gurobi v9.1.1
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(Gurobi Optimization, 2020) with its nonconvex algorithm option
to solve the resulting (potentially nonconcave) program.

The branch-and-bound algorithm is restricted to only branch
on the d variables (i.e., those that are involved in the more com-
plicated nonlinear expressions requiring custom relaxations) as
Gurobi branches on both the X variables and d variables within the
current node of the branch-and-bound tree. This novel selective
branching strategy enables the combination of McCormick-based
envelopes (McCormick, 1976) through custom routines in EAGO
with the bilinear relaxations of Gurobi for an extremely effective
spatial branch-and-bound algorithm capable of solving the large-
scale Grower’s Problems to guaranteed global optimality. All opti-
mization problems are formulated in JuMP v0.21.4 (Dunning et al.,
2017) in the Julia programming language v1.5.2 (Bezanson et al.,
2017).

Since the Grower’s Problem contains multiple semi-infinite
constraints, at each iteration of the cutting-plane algorithm we
solve in Step 2 of Fig. 1, the following n, feasibility problems—
corresponding to the lower-level programs of the original bilevel
formulation— are solved to assess the feasibility of the design and
multi-period crop allocations:

g = nrn?fn)i ™™k — ¢ (21)
s.t. M; > 0.

Since x’Jf is treated as constant (determined by (20)) and t; is
a user-defined parameter, the feasibility problems are SDPs, and
therefore convex. Feasibility of a design (d¥, X) is then satisfied
for y <0, with

= max i
Y je{],,..,np}gj

For every je{1,..., np} such that g > 0, we add the correspond-
ing M to the discrete set IT% (i.e, [T{*" := TTX U {M}}) as Step 3 of
Fig. 1. If an infeasible allocation for some grow period j is found,
then the corresponding realization of uncertainty M; is added to
the discrete set IT; of the corresponding SIP constraint in the up-
per program by the cutting-plane algorithm. The feasibility pro-
grams were solved using SCS (O’Donoghue et al., 2016; 2019). The
convexity of the inner program ensures that the local optimum ob-
tained using SCS is a guaranteed global optimum.

In summary, the Grower’s Problem (19) is an SIP with n. x
np + 1 + 2 upper-level decision variables corresponding to the sys-
tem design and growing decisions, and n, semi-infinite constraints
each with n¢ x n. lower-level variables corresponding to uncer-
tainty for each grow period. In Section 4, two Grower’s Model case
studies are considered with the largest exhibiting nc =5, n, =8,
and p = 2, resulting in an SIP with 44 upper-level decision vari-
ables and 8 semi-infinite constraints each parameterized by 25-
dimensional uncertainty sets. As such, this is a large-scale prob-
lem that is significantly more complex than any problem reported
in the nonconvex SIP literature (Mitsos, 2011; Bhattacharjee et al.,
2005b; 2005a). Although the semi-infinite constraints are convex,
the SIP cannot be reduced to a standard NLP using a KKT reformu-
lation approach, due to the semidefinite constraints.

As formulated, this model can easily be adapted to optimize the
design and operation of CEA systems for cultivation of any num-
ber of crops n. via any number of distinct cultivation modes u;
however, there exist some limitations to current formulation. For
example, the current formulation of the Grower’s Model assumes
that all crops grown in the CEA system are cultivated over quar-
terly grow periods; however, the model can be adapted to account
for grow periods of any duration by modifying the selection of his-
torical pricing data used to construct bounds on M and updating
the cash flow discounting and NPV formulations accordingly. As
currently formulated, this model is not equipped to optimize the
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production of portfolios containing individual crops with distinct
grow periods, although this could be implemented with careful
consideration of risk and cash flows corresponding to each crop.
Another limitation of the Grower’s Model arises from the large dis-
crepancy between the project horizon (i.e., 30 years) and planning
decision (i.e.,, 3 months) timescales for which long-term planning
of crop portfolios may be more suitably performed using a dy-
namic optimization approach. For this reason, crop planning de-
cisions were only made for the first two years of the project hori-
zon using our Grower’s Model. These plans were then repeated 15
times to span the full 30-year project horizon. This approach was
adopted in favor of making planning decisions for all 120 of the
quarterly periods over the 30-year project horizon. This is because
bounding the covariances of crop returns thirty years into the fu-
ture based on long outdated historical pricing data may yield inac-
curate results for this deterministic approach.

The presented Grower’s Model represents a conservative
method for CEA systems design since it delivers a design that is
robust to the worst-case market uncertainty across all grow pe-
riods np. For this reason, the approach is intended primarily to
aid in the initial design and planning of CEA systems. Once a CEA
system design has been established, dynamic crop allocation and
grow scheduling optimization would be recommended to maxi-
mize economic output under the chosen design accounting for the
most up-to-date risk information.

4. Case studies

The Trader’s Problem (4) and Grower’s Problem (19) were each
solved for two distinct case studies. To evaluate the proposed
methodology across models and case studies, the robust design ap-
proaches employed were quantitatively compared to a naive design
approach, which was contrived to represent an assumed standard
approach to decision-making in CEA systems design in the absence
of CEA decision-making models.

4.1. Trader’s perspective

4.1.1. Trader’s perspective methods

The Trader’s Problem (4) was applied in two case studies to an-
alyze the effectiveness of our methodology against naive invest-
ment strategies. The model was solved for two multi-crop port-
folios using an input of historical pricing information in the form
of monthly time-series data sourced from Tridge, a global trade
ecosystem offering comprehensive market intelligence on agricul-
tural products (Tridge, 2019). The two portfolios considered in this
analysis were Portfolio A, containing lettuce, spinach, tomatoes,
and strawberries; and Portfolio B, containing the same crops with
the addition of mushrooms, which were included to introduce a
second cultivation mode to the Grower’s Model. Note that these
specific crops were selected because they have been cultivated
in existing CEA operations (Gomez et al., 2019; Miles and Chang,
2004) and open-access crop-specific market pricing data is read-
ily available for them, enabling consistent analysis across both the
trader’s and grower’s perspectives.

The Trader’s Problem (4) was solved to determine robust op-
timal investment portfolios for quarterly periods over a two-year
planning horizon. To study any potential impact of the starting
month of the planning horizon on investment strategies (e.g., pos-
sible seasonal impacts), the described quarterly planning exercise
was conducted with the starting month set to each calendar month
(i.e., 12 independent studies). The expected risk and returns of the
robust optimal solutions for each portfolio are reported and com-
pared against the naive strategy of investing in an equally dis-
tributed portfolio in Section 4.1.2.
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Fig. 3. Robust optimal dynamic portfolio allocations for the November 1, 2017-November 1, 2019 planning horizon for the Trader’s perspective with 25% tolerable risk.

Spinach is favored in Portfolio A and mushrooms are heavily favored in Portfolio B.
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Fig. 4. Normal distributions were fit to historical crop returns and used to assess performance of robust and naive portfolios from a returns perspective.

4.1.2. Trader’s perspective results

Solving the trader’s problem yielded robust feasible dynamic
grow schedules for 31 out of the 33 unique quarterly periods sim-
ulated for Portfolio A and all 33 unique quarterly periods simu-
lated for Portfolio B. Fig. 3 illustrates the results corresponding to
the solution of the trader’s problem for a single two-year planning
horizon with a tolerable quarterly risk of t; = 25% and minimum
quarterly return of rp;, = 2%. These results show that optimization
from the trader’s perspective yields distinct investment portfolios
over each quarter of the two-year investment period considered.

Once robust optimal dynamic portfolios were generated, their
expected risk and returns were compared against those of the
naive strategy. For returns comparison, distributions of historically-
observed quarterly returns on each crop were constructed from
the past five years of data as shown for two crops in Fig. 4.
These data were assumed to be representative of the future ex-
pected returns on each crop. Normal distributions were then fit to
the historical data to obtain samplable approximations of the ex-
pected quarterly return on each crop. Finally, a Monte Carlo sim-
ulation with 10° realizations of market returns sampled from the
normal distributions was performed to calculate the expected re-
turns of the robust and naive portfolios as shown in Fig. 6. Sim-
ilarly, for risk comparison, normal distributions were constructed
for the entries of M using the interval M by taking the means as
the interval midpoints and the standard deviations as one-third
of the interval radii. A Monte Carlo simulation with 5 x 10° re-
alizations of market volatility M sampled as PSD matrices from
these probability distributions was then performed to calculate
the expected risk of the robust and naive portfolios shown in
Fig. 5.

Results of the Monte Carlo simulations show that robust op-
timal portfolios effectively reduced risk exposure with respect to
naive portfolios in all quarters for which robust solutions were
obtained. Monte Carlo simulation results for risk and returns for
Portfolio B over a single two-year planning horizon are shown
in Figs. 5 and 6, respectively. These results only compare naive
and robust expected portfolio performance over a single two-

year period simulated, but encompass the general trends observed
throughout all quarters for which robust feasible solutions were
obtained.

The results show that expected worst-case risk performance
(highest risk) of the robust portfolios is lower than the best-case
risk performance (lowest risk) of the naive portfolios, demonstrat-
ing a clear advantage of the robust approach from a risk perspec-
tive. Robust portfolios also result in narrower risk distributions
than naive portfolios, meaning that the sensitivity of portfolio risk
to market volatility is reduced using the robust optimization ap-
proach. The results also show that expected average returns for the
robust portfolios are lower than those of the naive portfolios, as
was expected due to the risk-returns trade-off otherwise referred
to as the price of robustness. It is notable, however, that the worst-
case returns performance (lowest returns) of the robust portfolios
is better than the worst-case returns performance (lowest return)
of the naive portfolios, demonstrating another advantage of this
approach from a returns perspective. Through the robust optimiza-
tion approach, the sensitivities of both portfolio risk and returns
to market volatility are reduced; a potentially useful result for in-
forming agricultural commodities investment decision-making.

The effectiveness of this approach over alternative approaches
(i.e., the naive strategy) from a risk perspective is illustrated
through Fig. 7 which shows risk exposure of robust and naive
portfolios under worst-case and expected market conditions for all
quarters simulated. Solutions of (4) provide portfolio allocations
that are robust to worst-case market volatility. Robust and naive
expected risk was calculated using the robust and naive portfolio
allocations with a nominal covariance matrix that assumes each
entry takes the element-wise median of the interval matrix of M.
This nominal covariance assumption represents the market condi-
tions under which all assets vary with respect to one another by
the average amount they did over the past five years. This was in-
cluded to contrast portfolio performance under nominal (expected)
market volatility with that under worst-case market volatility. Fi-
nally, naive worst-case risk was calculated by tuning the covariance
matrix entries between the bounds on M to maximize naive port-
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Fig. 5. Risk performance of Portfolio B is compared for naive and robust (generated using 25% tolerable risk) portfolios for 5 x 10° realizations of expected market behavior
over the March 1, 2018-March 1, 2020 planning horizon. Robust portfolios show narrower distributions and significantly reduced mean risk.
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Fig. 6. Returns performance of Portfolio B is compared for naive and robust (generated using 25% tolerable risk) portfolios for 5 x 10° realizations of expected market
behavior over the March 1, 2018-March 1, 2020 planning horizon. Robust portfolios show narrower distributions but lower mean expected returns.
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Fig. 7. Risk is compared between robust and naive portfolios under expected and worst-case market conditions for Portfolios A and B.
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Fig. 8. Minimum returns vs. worst-case risk trade-off for Portfolios A and B are shown with solutions below 25% tolerable risk (vertical red lines) representing robust optimal
solutions and solutions above 25% tolerable risk representing non-robust optimal solutions. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

folio risk. This represents the upper-bound of naive portfolio risk
that can be observed for these crop portfolios.

As expected, and as shown in Fig. 7, it was observed that for a
given investment strategy (i.e., naive or robust), portfolio risk ex-
posure was lower under expected market conditions than under
worst-case market conditions. By applying the robust optimization
strategy, risk was reduced by an average of 37% for Portfolio A and
77% for Portfolio B compared against the naive strategy under ex-
pected market volatility. Under worst-case market volatility, the ro-
bust portfolios offer an average risk reduction of 51% for Portfolio
A and 81% for Portfolio B over naive portfolios. It is also interesting
to note that the risk exposure of the robust portfolios under worst-
case market conditions was lower than that of the naive portfolios
under expected market conditions for 68% of Portfolio A quarters
and 100% of Portfolio B quarters.

The goal of implementing robust portfolio optimization is to
mitigate uncertainty, accounted for as variance/risk in this case.
Such uncertainty mitigation, however, comes at the cost of reduced
returns. Therefore, it was expected that robust portfolios would
reduce investors’ exposure to risk while also reducing their ex-
pected returns. The results observed from the trader’s approach
agree with this expectation since returns were reduced by an aver-
age of 66% for Portfolio A and 74% for Portfolio B compared against
the naive strategy under expected market volatility.

The minimum portfolio return used to solve (4) was arbitrarily
set to 2% for this study. The risk-returns trade-offs of the Trader’s
Model for Portfolios A and B shown in Fig. 8, however, indicate that
it is possible to set the minimum return up to 12% for each port-
folio while keeping worst-case risk exposure under 25% (i.e., still
obtaining a robust optimal solution of (4)). This analysis demon-
strates that while our approach is effective at drastically reduc-
ing risk exposure at the expense of reduced returns, the same is
possible to a lesser extent (i.e.,, lower risk reduction with lower
returns reduction), which is why performing this analysis can be
useful in identifying a risk-returns trade-off that is most desirable
to investors based on their individual risk appetites and financial
considerations.

Comparison of robust and naive portfolio performance between
Portfolios A and B show that the robust investment approach is
an effective risk mitigation strategy. The extent to which portfolio
risk exposure can be reduced, however, depends on the assets that
comprise the portfolio. Since the robust approach offers risk reduc-
tion at the cost of portfolio returns, that trade-off should be as-
sessed on a case-by-case basis for unique portfolios before choos-
ing one investment strategy over another.

4.2. Grower’s perspective

4.2.1. Grower’s perspective methods
Deterministic global optimization of a large-scale CEA system
was performed to investigate the economic viability of this emerg-

1

ing alternative approach to traditional outdoor agriculture from a
grower’s perspective. The Grower’s Problem (19) was applied in
two case studies to analyze the effectiveness of our methodology
against alternative strategies. The model was solved to generate ro-
bust optimal designs and crop portfolios for CEA systems used to
cultivate Portfolio A and Portfolio B crops under controlled risk ex-
posure.

The capital and operating expense models used in this study
were adapted from existing economic feasibility studies of CEA sys-
tems. In a detailed economic feasibility analysis of controlled en-
vironment lettuce and tomato cultivation, it was found that 98%
of the total capital expenses were attributed to structure, illumi-
nation, horticulture, and air and thermal management costs while
98% of the total operating expenses were attributed to labor, en-
ergy, and horticulture costs (Zeidler et al., 2017). Specific expense
models used for the Grower’s Model case studies were based on a
detailed cost breakdown for construction and operation of a large-
scale CEA system presented by Zeidler et al. (2017). Costs from this
study were normalized to a per-square-foot-of-land-footprint basis
for use in our model. Since the Zeidler et al. (2017) study involved
cultivation of lettuce and tomatoes only, but our study involved
additional crops, it was assumed that spinach growing costs were
equal to lettuce growing costs and strawberry growing costs were
equal to tomato growing costs.

Structural capital expenses considered in this model include
land acquisition and construction costs. Construction costs were
derived from the Zeidler et al. (2017) study. Land acquisition costs
were derived using a custom approach in which a location-based
cost model (17) was generated using local land-cost data and in-
corporated into the nonlinear objective function through the capi-
tal expense model. Specifically, a multivariate Gaussian distribution
was fit to normalized land-cost data over a geographic site selec-
tion region of interest. The Grower’s Model case studies presented
herein assume site selection within the greater Boston area. Land
acquisition costs are the only capital expenses considered in the
capital expense model that scale with capacity but do not qual-
ify for volume discounting. All other capital expenses considered
herein are either volume-discountable expenses that scale with ca-
pacity, non-volume-discountable expenses that scale with capacity
but are independent of location decision variables, or fixed capital
expenses that do not scale with capacity, which respectively cor-
respond to constants Cy ;, G5 ;, and C3, of the the capital expense
model (16).

The Grower’s Problem (19) with portfolio-specific capital and
operating expense models was solved for each portfolio under vari-
able tolerable quarterly risk levels. To assess the performance of
this approach, the economic performance (i.e., NPV) correspond-
ing to a solution to the Grower’s Model, which represents a robust
optimal design with robust optimal crop allocations (RO/RO), was
compared against that of three alternative strategies: RO/N, RO/O,
and O/O. The RO/N strategy represents a system that implements
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Table 1

The solution times (s) for the Grower’s Problem (19) for each portfolio are tab-
ulated over the range of tolerable risk levels considered. In the worst case,
these problems can be solved within a few minutes using the proposed al-
gorithm. Portfolio A consists of 35 upper-level (design) decision variables and
8 semi-infinite constraints each parameterized by 16-dimensional uncertainty
sets. Portfolio B consists of 44 upper-level (design) decision variables and
8 semi-infinite constraints each parameterized by 25-dimensional uncertainty
sets.

Tolerable risk ~ 10% 14% 21.75% 22.5% 23% 25%
Portfolio A - - 133.05 15953 9.254  4.395
Portfolio B 288.66 379.20 8.879 5.406 5.191 6.236

a robust optimal design with naive crop allocations substituted in
place of the robust allocations. The comparison between RO/RO
and RO/N performance was included to quantify the value of in-
telligently choosing crop allocations. The RO/O strategy represents
a system that implements a robust optimal design with crop al-
locations that have been optimized to maximize NPV without risk
consideration. The comparison between RO/RO, and RO/O was in-
cluded to assess the price of robustness associated with consider-
ing market uncertainty only at the design stage (i.e., the price of
implementing a robust design and subsequently making crop al-
locations without consideration for uncertainty). Finally, the O/O
strategy represents a system that implements optimal design and
crop allocations obtained without risk consideration. The compari-
son between RO/RO and O/O was included to assess the full price
of robustness for this problem (i.e., the price of implementing a
robust design and robust allocations versus a design that did not
consider uncertainty at all). To further demonstrate the robustness
of the Grower’s Model, the risk performance of robust and naive
allocations under expected market behavior was also compared. All
problems were solved on a personal workstation running Windows
10 v20H2 operating system with an Intel Core i7-5960x (8 core/16
thread) CPU operating at 4.3 GHz with 32 GB of RAM. Solution
times were measured as an average of five runs for each case to
quantify the computational performance of the proposed method.

4.2.2. Grower’s perspective results

Solution of the Grower’s Problem yielded robust optimal de-
signs and dynamic grow schedules (robust optimal allocations) for
CEA systems used to cultivate both crop portfolios. The NPVs of the
robust optimal designs were positive over the 30-year project hori-
zon considered, which indicates an economically feasible system
was identified for both cases. The CPU times for each experiment
are reported in Table 1. To assess the performance of this method,
a comparison of the Portfolio A and Portfolio B results is shown
in Table 2, where the NPV of the Grower's Problem solution (i.e.,
RO/RO case) is compared against the three other scenarios: RO/N,
RO/O, and O/O.

The NPVs corresponding to solutions of the Grower’s Problem
(19), which represent robust optimal designs with robust optimal
allocations (RO/RO), are reported in Table 2 for a range of tolera-
ble risk levels. NPVs were then calculated for the robust optimal
designs with naive crop allocations substituted in place of the ro-
bust allocations (RO/N). The RO/N results yielded, on average, a
168% decrease in NPV for Portfolio A and a 163% decrease in NPV
for Portfolio B. This means that the RO/N cases yield a negative
NPV, which indicates an economically infeasible design. This re-
sult demonstrates that for a fixed design, sensitivity of the NPV to
crop allocations can be significant, and in some cases, as observed
here, can make the difference between an economically feasible
and economically infeasible system.

A second comparison was made by fixing the design variables
at an obtained robust optimal design and optimizing crop alloca-
tions to maximize NPV without considering risk (RO/O). As this
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problem was less constrained than the RO/RO case, it was expected
that the resulting NPV of this case would be greater, assuming the
risk constraints were active at the robust optimal solutions. The
difference between the NPVs of the RO/RO and RO/O cases is the
marginal cost of considering risk, (i.e., the price of robustness of
crop allocations). The RO/O results yielded, on average, a 4.8% in-
crease in NPV for Portfolio A and a 0.3% increase in NPV for Port-
folio B. The lower improvement for Portfolio B is due to the rela-
tively lower sensitivity of the design to risk and the greater degree
of coupling between the design and crop allocations due to having
mixed growing modes.

Lastly, the optimal design with optimal allocations (O/O) case
was considered. In this case both the design and crop allocations
are optimized without risk constraints. Since the crop allocations X
are considered in risk calculations and the design d is not, it was
expected that for greater tolerable risk levels, economically equiva-
lent designs could be obtained for the considered cases, and there-
fore the O/O results could be identical to the RO/O results (and
even the RO/RO results if the risk constraints were inactive). The
0/0 results yielded, on average, a 7.1% increase in NPV for Portfo-
lio A and a 42.9% increase in NPV for Portfolio B over the RO/RO
results. Further, the O/O results yielded, on average, a 2.2% increase
in NPV for Portfolio A and a 42.6% increase in NPV for Portfolio B
as compared with the RO/O case results.

It was observed that as tolerable risk was reduced, the ro-
bust designs obtained became sensitive to tolerable risk. Thus, ro-
bust optimal designs emerged that differed from those obtained
for greater tolerable risk levels. As previously stated, this was ex-
pected; because, as the feasible set becomes more restricted, there
may be a cost associated with a robust design in addition to a ro-
bust allocation due to how the design and crop allocation variables
are coupled in the objective and capacity constraint functions. For
Portfolio A, this was observed for the RO/RO case with < 22.5% tol-
erable risk (see Supplementary Information), quantified by the dif-
ference in NPVs between the RO/O and O/O cases. Similar behavior
was observed for Portfolio B for tolerable risk below 23%. Inter-
estingly, for the tolerable risk levels of 10% and 14%, the RO/RO
and RO/O cases yielded the same NPV. Again, this is the result of
a greater degree of coupling between the design and crop alloca-
tions from having mixed growing modes. This indicates that the
incorporation of mushrooms dramatically reduces risk exposure at
the cost of having mixed growing modes that are fixed at the de-
sign stage.

To assess the performance of the Portfolio A CEA system’s ro-
bust crop allocations against naive allocations, a Monte Carlo sim-
ulation with 5 x 10 realizations of market uncertainty M was per-
formed, but the naive strategy was preferred in this case as the
worst-case risk of the naive portfolio under expected market con-
ditions was less than the worst-case risk of the robust solution.
The resulting performance for the first two years (i.e., eight quar-
ters) of the project horizon, which are repeated over the full 30-
year project horizon, for this case can be viewed in the Supple-
mentary Information.

Solution of (19) for the Portfolio B CEA system yielded disparate
robust designs d* over the range of tolerable risk levels tested: de-
signs heavily favoring mushrooms for tolerable risk levels below
14% and far less so for tolerable risk levels above 21.75%. These re-
sults are likely due to nonconvexity, nonsmoothness, and possibly
disconnectedness of the feasible set. Although cases between 14%
and 21.75% are expected to be feasible, no solutions of (19) could
be obtained within reasonable computation time (< 1 h). To assess
the performance of the Portfolio B CEA system’s robust crop al-
locations against naive allocations, a Monte Carlo simulation with
5 x 10° realizations of market uncertainty M was performed for
each design. The resulting performance for the first two years (i.e.,
eight quarters) of the project horizon, which are repeated over the
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Table 2

Multi-scenario economic performance comparison for Portfolios A and B is tabulated
for the robust optimal design with robust optimal allocations (RO/RO), robust optimal
design with naive allocations (RO/N), robust optimal design with optimal allocations
(RO/0O), and optimal design with optimal allocations (O/O). RO/RO results are reported
as NPVs in million USD. All other results are reported as percentages of the RO/RO
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NPV.

Tolerable Risk 10% 14%

Portfolio A
RO/RO [10° USD] -
RO/N -
RO/O -
0/0 -
Portfolio B
RO/RO [106 USD]
RO/N

RO/O

0/0

9.49
-116%
+0.0%
+124%

9.49
—-116%
+0.0%
+124%

275%  225%  23% 25%
1781 2048 2142 2168

-195%  -165% -157% —155%
+126%  +57%  +10%  +0.0%
+215%  457%  +1.0%  +0.0%
1964 2116 2128 2128

-201%  -182%  -180%  —180%
+13%  +07%  +0.0%  +0.0%
+85%  +08%  +00%  +0.0%
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Fig. 9. Risk performance of Portfolio B is compared for naive and robust (generated using 10% and 25% tolerable risk) portfolios for 5 x 10° realizations of expected market

behavior over the March 1, 2018-March 1, 2020 planning horizon.

full 30-year project horizon, are shown in Fig. 9 for the relatively
low-risk and high-risk designs for Portfolio B. Risk performance of
the Portfolio B CEA system with 10% tolerable risk exposure shows
similar results to the Portfolio A system with 25% tolerable risk ex-
posure. For the lower-risk (10% tolerable risk) design case of Port-
folio B, the expected risk distribution of robust crop allocations is
shifted lower by an average of 5.6 percentage points and is nar-
rowed as compared with the naive portfolio. In all eight quarters
the worst-case performance (highest risk) of the robust portfolios
is approximately equal to or less than the best-case performance
(lowest risk) of the naive portfolios, which demonstrates a clear
advantage of the robust portfolios from a risk perspective.

The higher-risk design case (25% tolerable risk), however, shows
a different result. In this case the expected risk distribution of ro-
bust crop allocations is shifted higher than the naive allocations
by an average of 8.0 percentage points and is widened as com-
pared with the naive portfolio. This behavior arises as a conse-
quence of robust portfolios that grow an overwhelming majority
of tomatoes which are a higher-risk crop than mushrooms, for ex-
ample, whose contribution to the naive portfolio brings its risk be-
low that of the portfolio that overwhelmingly favors tomatoes. In
general, this type of result is possible when a robust optimal solu-
tion is obtained in any case where the tolerable risk level has been
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set higher than the worst-case risk exposure that can be expected
with the naive portfolio. For this reason, it is important to consider
the expected risk of the naive portfolio prior to tolerable risk level
selection and robust optimization, which can be done easily using
our presented methods.

5. Conclusion

In this work, a new methodology was developed for designing
CEA systems robust to market uncertainty. To do this, an investor’s
approach (i.e., the trader’s perspective for robust optimization of
crop-specific commodities portfolios based on MPT), was first con-
sidered to validate diversification as an effective risk mitigation
strategy for crop portfolios. Application of this so-called trader’s
method to two case studies revealed that significant portfolio risk
reduction was achievable using this approach, thereby enabling its
extension to a grower’s perspective. The so-called Grower's Model
was formulated as a nonconvex SIP and considers the simultane-
ous up-front design (scale and location) and long-term operation
(growing decisions) of a CEA system. Application of the grower’s
method to two case studies revealed that this method effectively
increased the robustness of CEA systems to market uncertainty, im-
proved the long-term economics of CEA systems over naive oper-
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ating strategies, and validated the economic viability of single and
dual-cultivation-mode CEA systems for production of distinct crop
portfolios.

The flexibility of our approach enables robust optimization of
CEA systems composed of any number of cultivation modes for
production of any crop portfolio for which historical pricing data
is known and capital and operating expenses can be estimated. As
the first robust optimization approach to CEA systems, we believe
this approach not only offers valuable economic insight to guide
decision-making in CEA technology adoption, but also serves as
a general framework for continued development of CEA decision-
making models.
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Supplementary Information
Optimal Design of Controlled Environment Agricultural Systems Under Market

Uncertainty
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@ Process Systems and Operations Research Laboratory, Dept. of Chemical and Biomolecular Engineering, University of
Connecticut, 191 Auditorium Road, Unit 3222, Storrs, CT 06269, USA.

1. Affine Relaxations of Non-affine and Non-bilinear Terms

In this section, we develop affine relaxations of the relevant terms of the grower’s model objective
function
faev(d, X) = Crep(d, X) — (14 P)Cryp(d) — Cop(d, X). (1)

Only the functions
Ceap,-(d) = C12d%7s + Co2doyo + G(d)dago + Cazy 2 =1, p 2)

must be considered as all other functions consist only of bilinear or affine terms. Further, only the terms
Usyo =d%Yy, 2 =1,...,p, and the Gaussian function

G(d> = Sexp (_xscale(d1>2 + yscale(d2)2) + Smin (3)

must be considered. Since the function Ci,y () appears in fypy(-,-) with a negative prefactor, and we are
always maximizing fnpv(-,-), we must develop affine underestimators of u,y2(-) and G(-) so that we can
calculate valid upper bounds on the global optimal solution value f* within the spatial branch-and-bound
algorithm.

Definition 1 (Affine Underestimator/Relaxation). Let Z C R™ and let f : Z — R. An affine function
f%:Z — R is called an affine underestimator or affine relaxation of f on Z if f4(z) < f(z) for everyz € Z.

Definition 2. Forg=3,...,p442,let Dy ={zx e R: qu <z < df{} = [qu,df{] and ug : Dg — R : dg — d)°.
Then, for every dq € Dgy, an affine relazation of uq on Dy is given by
UY0.9 LY0.9
(dq ) - (dq )
dy —dk

u(dy) = (A5 +

g (dg — dy).- (4)

Since ug4 is strictly concave and scalar-valued, u‘; is trivially the secant function defined between the
points dg and df{.

To calculate affine relaxation of G(-) on D, we must define the concepts of convex relaxations and
subgradients.

Definition 3 (Convex and Concave Relaxations (Mitsos et al., 2009)). Given a convezr set Z C R™ and a
function w : Z — R, a convex function w : Z — R is a convex relaxation of w on Z if w(z) < w(z) for
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every z € Z. A concave function w® : Z — Ris a concave relazation of w on Z if w®(z) > w(z) for every
z € Z.

Definition 4 (Subgradients (Stuber et al., 2015)). Let Z C R™ be a nonempty convex set, w : Z — R
be convex and w : Z — R be concave. A function s : Z — R" is a subgradient of w® on Z if for each
zZ € Z,w"(z) > w” (z) +s(z)"(z — z),Vz € Z. Similarly, a function s¢¢ : Z — R" is a subgradient of w°°
on Z if for each z € Z,w(z) < w(z) +s¢(2)T(z — 2),Vz € Z.

An affine relaxation of G(-) is then defined in the following.

Definition 5. Let Dy = {z € R: d} <x < df} and Dy = {zx € R: d} < <df}. Letu§’: Dy x Dy > R
be a convex relazation of uy = G on Dy x Dy. Let § = (d1,dz) and & = (dy,dy) such that dy = (dY + dl)/2
and dy = (dY + dk)/2. Then, for every § € Dy x Do, an affine relazation of u; on Dy x Dy is given by

ui (0) = ui”(9) + ;. (8) 1 (6 — 4) ()

There are several ways to define convex relaxations (e.g., BB (Adjiman and Floudas, 1996), auxiliary
variable methods (Sahinidis, 1996), McCormick composition (McCormick, 1976), etc.). In this work, we
utilize the McCormick-based library in EAGO (Wilhelm and Stuber, 2018, 2020) to construct and evaluate
relaxations and subgradients.

Finally, a capital expense model only involving affine and bilinear terms is given by

Ccap,Z(d) = Cl,zu?+2(dz+2) +C.dyq2 + Uf(5)dz+2 +Cs., z=1,...,p

where § = (dy,d3) as in Definition 5. Then, the relaxed objective, containing only linear and bilinear terms,
is formulated as

w
fNPV(da X) = C’rev(dy X) - (1 + P) Z Ccap,z(d) - Cop(d7 X)
z=1
By construction, we have the following upper-bounding result:
fyev(d, X) > fxpv(d, X), ¥(d,X) € D x E,

and so prv can be used to calculate valid upper bounds on the global optimal solution value within the
spatial branch-and-bound algorithm.

2. Case-Study Numerical Values

Specific numerical values used to solve our model for the presented case studies are detailed in Table
S1. Ci,1, Ca,1, Cs1 and (' 2, Ca 9, (5 2 are all capital expense costs associated with cultivation modes 1 and
2, respectively.Cy,; and C 2 are the volume-discountable capital expenses that scale with capacity. These
values were calculated as the total sum of per-square-foot structural, illumination, horticultural equipment,
and thermal management costs for the relevant cultivation mode that were derived based on proposed CEA
systems presented by Zeidler et al. (2017) and Celik and Peker (2009). Cs ; and Cs 2 costs were not considered
in this study but were presented in the formulation for generalization purposes. C 1 and C3 2 costs represent
the total sum of non-volume-discountable capital expenses that do not scale with capacity. In the case studies
presented herein, the only qualified expense for this constant was the one-time upfront cost of purchasing a
produce delivery truck for product distribution. This cost was associated with C'3 ; only since this cost does
not need to be replicated as additional cultivation modes are added to the system.

Operating-cost-related parameters I,y ;1 and I,y j o represent the per-capacity quarterly operating ex-
penses associated with cultivation modes 1 and 2, respectively. These values were calculated as the total
sum of per-square-foot labor, energy, and horticultural materials costs for the relevant cultivation mode that
were derived based on proposed CEA systems (Zeidler et al., 2017; Celik and Peker, 2009). F(d) are annual
operating expenses that do not scale with capacity and are independent of the cultivation mode. The only



Parameter Numerical Value Units

I 1 or 2 (Portfolio A or Portfolio B) -

b 0.05/12 -
Cia 1192.3 USD
Can 0.00 USD
Cs1 70,000 USD
Ci2 948.55 USD
Ca2 0.00 USD
Cs.2 0.00 USD
F(d) 1752.00(dy + da) USD
Iopyj’l(Xj) 173564‘(3996(%1] + (EQj) + 6.91($3j + £C4j)) USD
Iop’j,g(Xj) 160.36 USD
ny 15 years
Ny 8 -

Ny 30 years
DPmin (0.1, 0.1, 0.1, 0.1, 0.1) -
Pmax [10 10 10 10 10] -

T4 0.12 -

S 764 USD
Smin 5.00 USD
Tscale 0.028 -
Yscale 0.031 -

Y (25.05,3.76,100.16, 6.26, 62.6)* pounds/sq.ft.
w (2.5,5.0,4.0,6.5,10.0)* USD /pound

Table S1: Numerical values used in robust optimization from the grower’s and trader’s perspectives. * indicates diagonal entries
of the corresponding matrix € R™cX™e are reported as a vector € R™ec

such cost considered in this model was the distribution cost which depends on location design variables
(di1,d2).

Crop allocation decision-making was performed over an n, quarter planning horizon. The resulting
allocations were repeated to span the n, year project horizon over which the NPV of the full CEA system was
calculated. It was assumed that capital financing was amortized monthly at an interest rate of b, discounted
annually at a cash flow discount rate of r4, and was paid off over the first n; years of the project horizon.
Additionally annual production of each crop was limited to between 0.1-10% of the annual market demand
for the greater Boston area based on daytime population and land-cost parameters S, Smin, Tscale, and
Yscale Were derived based on fitting the model to publicly-available land cost data for the greater Boston and
surrounding area. Finally, CEA yield estimates for each crop on a pound-per-square-foot-of-land-footprint
basis and expected market prices on a USD-per-pound basis were estimated based on previous studies and
current market prices, respectively (Zeidler et al., 2017; Celik and Peker, 2009).

3. Extended Results

Extended robust optimization results from the trader’s and grower’s models are reported in detail in
Sections 3.1 and 3.2, respectively. The reported results contain multiple references to crops 1, 2, 3, 4, and 5
which correspond to lettuce, spinach, tomatoes, strawberries, and mushrooms, respectively.

3.1. Trader’s Results

The following are the robust optimization results for 12 independent studies of Portfolios A and B
simulated over planning horizons spanning from April 1, 2017 to March 1, 2020. The trader’s model was run
with a fixed tolerable risk level of 25% in all cases over 12 independent two-year planning horizons spanning
from April 1, 2017 to March 1, 2020. The trader’s model results include quarterly expected return, quarterly
worst-case risk, and quarterly crop allocations.



3.1.1. Portfolio A Results
Planning horizon: April 1, 2017 - April 1, 2019 (See Table S2)
Planning horizon: May 1, 2017 - May 1, 2019 (See Table S3)
Planning horizon: June 1, 2017 - June 1, 2019 (See Table S4)
Planning horizon: July 1, 2017 - July 1, 2019 (See Table S5)
Planning horizon: August 1, 2017 - August 1, 2019 (See Table S6)
Planning horizon: September 1, 2017 - September 1, 2019 (See Table S7)
Planning horizon: October 1, 2017 - October 1, 2019 (See Table S8)
Planning horizon: November 1, 2017 - November 1, 2019 (See Table S9)
Planning horizon: December 1, 2018 - December 1, 2019 (See Table S10)
Planning horizon: January 1, 2018 - January 1, 2020 (See Table S11)
Planning horizon: February 1, 2018 - February 1, 2020 (See Table S12)
Planning horizon: March 1, 2018 - March 1, 2020 (See Table S13)

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4

Q1 3.4 9.6 0 0.90 0.10 0
Q2 2.9 9.5 0 0.98 0.02 0
Q3 3.4 6.1 0.08 0.88 0.04 0
Q4 6.7 23.9 0.44 0.04 0.52 0
Q5 2.0 9.9 0 0.84 0.14 0.02
Q6 2.0 6.7 0 0.96 0 0.04
Q7 2.2 6.1 0.08 0.88 0.04 0
Q8 6.0 25.9 0 0.43 0.55 0.03

Table S2: Trader’s perspective robust optimization results for Portfolio A simulated over April 1, 2017 - April 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4

Q1 3.2 7.9 0 0.94 0.06 0
Q2 3.9 5.4 0.26 0.72 0.02 0
Q3 5.5 11.8 0.35 0.36 0.29 0
Q4 114 23.6 0.37 0 0.28 0.35
Q5 2.0 8.4 0.01 0.85 0.12 0.02
Q6 3.0 9.5 0.31 0.69 0 0
Q7 2.0 7.0 0.02 0.98 0 0
Q8 10.8 26.4 0 0.3 0.41 0.29

Table S3: Trader’s perspective robust optimization results for Portfolio A simulated over May 1, 2017 - May 1, 2019 planning
horizon.



Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4

Q1 4.0 8.7 0 0.91 0.05 0.04
Q2 2.9 4.0 0 0.96 0.04 0
Q3 2.0 6.7 0 0.96 0.04 0
Q4 7.9 21.2 0 0.21 0.6 0.19
Q5 2.0 8.8 0 0.94 0.03 0.03
Q6 2.0 4.0 0.10 0.90 0 0
Q7 3.5 10.4 0.10 0.90 0 0
Q8 9.3 21.3 0 0.2 0.6 0.2

Table S4: Trader’s perspective robust optimization results for Portfolio A simulated over June 1, 2017 - June 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4

Q1 2.9 5.5 0 0.98 0.02 0
Q2 3.4 6.1 0.08 0.88 0.04 0
Q3 6.7 23.9 0.44 0.04 0.52 0
Q4 2 9.9 0 0.84 0.14 0.02
Q5 2 6.7 0 0.96 0 0.04
Q6 2.2 6.1 0.08 0.88 0.04 0
Q7 6.0 25.9 0 0.43 0.55 0.02
Q8 2.0 10.0 0 0.99 0.01 0

Table S5: Trader’s perspective robust optimization results for Portfolio A simulated over July 1, 2017 - July 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4

Q1 3.9 5.4 0.26 0.72 0.02 0
Q2 3.0 6.9 0 1.0 0 0
Q3 11.4 23.6 0.37 0 0.28 0.35
Q4 2 8.3 0.01 0.85 0.12 0.02
Q5 3.0 9.5 0.31 0.69 0 0
Q6 2 7.0 0.02 0.98 0 0
Q7 10.8 26.4 0 0.3 0.41 0.29
Q8 2.3 7.9 0 0.94 0.06 0

Table S6: Trader’s perspective robust optimization results for Portfolio A simulated over August 1, 2017 - August 1, 2019
planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4

Q1 2.9 4.0 0 0.96 0.04 0
Q2 2 6.7 0 0.96 0.04 0
Q3 7.9 21.2 0 0.21 0.6 0.19
Q4 2 8.8 0 0.94 0.03 0.03
Q5 2 4.0 0.10 0.90 0 0
Q6 3.5 10.4 0.09 0.8 0.11 0
Q7 9.5 21.1 0.04 0.19 0.57 0.2
Q8 2.5 8.8 0 0.96 0.02 0.02

Table S7: Trader’s perspective robust optimization results for Portfolio A simulated over September 1, 2017 - September 1,
2019 planning horizon.



Table S8: Trader’s perspective robust optimization results for Portfolio A simulated over October 1, 2017 - October 1, 2019

planning horizon.

Table S9: Trader’s perspective robust optimization results for Portfolio A simulated over November 1, 2017 - November 1, 2019

planning horizon.

Table S10: Trader’s perspective robust optimization results for Portfolio A simulated over December 1, 2017 - December 1,

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4
Q1 3.4 6.1 0.08 0.88 0.04 0
Q2 6.7 23.5 0.44 0.03 0.52 0
Q3 2 9.9 0 0.84 0.14 0.02
Q4 2 6.7 0 0.96 0 0.04
Q5 2.2 6.1 0.08 0.88 0.04 0
Q6 6.0 25.6 0 0.43 0.55 0.02
Q7 2.3 6.7 0 1.0 0 0
Q8 2.3 6.7 0 1.0 0 0

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4
Q1 5.5 11.8 0.35 0.36 0.29 0
Q2 11.4 23.6 0.37 0 0.28 0.35
Q3 2 8.4 0.01 0.85 0.12 0.02
Q4 3 5.5 0.31 0.69 0 0
Q5 2 7 0.02 0.98 0 0
Q6 10.8 26.4 0 0.3 0.41 0.29
Q7 2.3 7.9 0 0.94 0.06 0
Q8 2.6 6.0 0.04 0.96 0 0

Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4
Q1 2 6.7 0 0.96 0.04 0
Q2 7.9 21.2 0 0.21 0.6 0.19
Q3 2 8.8 0 0.94 0.03 0.03
Q4 2 4.0 0.1 0.9 0 0
Q5 3.5 10.4 0.09 0.8 0.11 0
Q6 9.3 21.3 0 0.2 0.6 0.2
Q7 2.5 8.8 0 0.97 0.02 0.01
Q8 2.5 4.0 0.02 0.98 0 0

2019 planning horizon.

Table S11: Trader’s perspective robust optimization results for Portfolio A simulated over January 1, 2018 - January 1, 2020

planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4
Q1 6.7 23.9 0.44 0.03 0.52 0.01
Q2 2 9.9 0 0.84 0.14 0.02
Q3 2 6.7 0 0.96 0 0.04
Q4 2.2 6.1 0.08 0.88 0.04 0
Q5 6 25.9 0 0.43 0.55 0.02
Q6 2 10 0 0.99 0.01 0
Q7 2.3 6.7 0 1.0 0 0
Q8 2.7 6.2 0.03 0.93 0.04 0




Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4
Q1 114 23.6 0.37 0 0.28 0.35
Q2 2 8.3 0.01 0.85 0.12 0.02
Q3 3 5.9 0.31 0.69 0 0
Q4 2 7 0.02 0.98 0 0
Q5 10.8 26.4 0 0.3 0.41 0.29
Q6 2.3 7.9 0 0.94 0.06 0
Q7 2.6 6 0.04 0.96 0 0
Q8 2.5 6.9 0 1 0 0

Table S12: Trader’s perspective robust optimization results for Portfolio A simulated over February 1, 2018 - February 1, 2020

planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4
Q1 7.9 21.2 0 0.21 0.6 0.19
Q2 2 8.8 0 0.94 0.03 0.03
Q3 2 4.0 0.1 0.9 0 0
Q4 3.5 10.4 0.09 0.8 0.11 0
Q5 9.5 21.1 0.04 0.19 0.57 0.2
Q6 2.5 8.8 0 0.96 0.02 0.02
Q7 2.5 4 0.02 0.98 0 0
Q8 3.2 10.4 0.09 0.8 0.11 0

Table S13: Trader’s perspective robust optimization results for Portfolio A simulated over March 1, 2018 - March 1, 2020

planning horizon.

3.1.2. Portfolio B Results

Planning horizon: April 1, 2017 - April 1, 2019 (See Table S14)

Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:
Planning horizon:

Planning horizon:

May 1, 2017 - May 1, 2019 (See Table S15)
June 1, 2017 - June 1, 2019 (See Table S16)
July 1, 2017 - July 1, 2019 (See Table S17)
August 1, 2017 - August 1, 2019 (See Table S18)
September 1, 2017 - September 1, 2019 (See Table S19)
October 1, 2017 - October 1, 2019 (See Table S20)
November 1, 2017 - November 1, 2019 (See Table S21)
December 1, 2018 - December 1, 2019 (See Table S22
January 1, 2018 - January 1, 2020 See Table S23)
February 1, 2018 - February 1, 2020 (See Table S24)
March 1, 2018 - March 1, 2020 (See Table S25)



Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.7 0 0.11 0.02 0.02 0.85
Q2 2.0 0.9 0 0 0 0.02 0.98
Q3 2.0 1.8 0.09 0.03 0 0 0.88
Q4 2.0 3.2 0 0.01 0.01 0.03 0.95
Q5 2.0 3.9 0.02 0.02 0 0.03 0.93
Q6 2.0 14 0 0 0 0.05 0.95
Q7 2.0 2.3 0.13 0 0 0.01 0.86
Q8 2.0 3.5 0.01 0 0.03 0.04 0.92

Table S14: Trader’s perspective robust optimization results for Portfolio B simulated over April 1, 2017 - April 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.7 0.01 0.24 0.02 0 0.73
Q2 2.0 2.2 0.10 0 0 0 0.90
Q3 2.0 3.0 0.06 0.16 0 0 0.78
Q4 2.0 3.1 0 0 0 0.04 0.96
Q5 2.0 4.4 0.01 0.10 0.04 0.03 0.82
Q6 2.0 24 0.15 0 0 0 0.85
Q7 2.0 3.5 0.13 0 0.02 0 0.85
Q8 2.0 3.3 0 0 0 0.05 0.95

Table S15: Trader’s perspective robust optimization results for Portfolio B simulated over May 1, 2017 - May 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 1.0 0 0 0 0.02 0.98
Q2 2.0 1.8 0.08 0.11 0 0 0.81
Q3 2.0 3.2 0.09 0 0.02 0 0.89
Q4 2.0 4.1 0 0 0 0.04 0.96
Q5 2.0 1.3 0 0 0 0.04 0.96
Q6 2.0 2.1 0.15 0 0 0 0.85
Q7 2.0 3.5 0.12 0 0.03 0 0.85
Q8 2.0 4.1 0 0 0 0.05 0.95

Table S16: Trader’s perspective robust optimization results for Portfolio B simulated over June 1, 2017 - June 1, 2019 planning
horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 0.9 0 0 0 0.02 0.98
Q2 2.0 1.8 0.09 0.03 0 0 0.88
Q3 2.0 3.2 0 0.01 0.01 0.03 0.95
Q4 2.0 3.9 0.02 0.02 0 0.03 0.93
Q5 2.0 14 0 0 0 0.04 0.96
Q6 2.0 2.3 0.13 0 0 0.01 0.86
Q7 2.0 3.5 0.01 0 0.03 0.04 0.92
Q8 2.0 4.1 0.03 0.02 0 0.04 0.91

Table S17: Trader’s perspective robust optimization results for Portfolio B simulated over July 1, 2017 - July 1, 2019 planning
horizon.



Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4 Cropb

Q1 2.0 2.2 0.10 0 0 0 0.90
Q2 2.0 3.0 0.06 0.16 0 0 0.78
Q3 2.0 3.1 0 0 0 0.04 0.96
Q4 2.0 4.4 0.15 0 0 0 0.85
Q5 2.0 24 0.15 0 0 0 0.85
Q6 2.0 3.5 0.13 0 0.02 0 0.85
Q7 2.0 3.3 0 0 0 0.05 0.95
Q8 2.0 4.2 0 0.18 0.06 0.03 0.73

Table S18: Trader’s perspective robust optimization results for Portfolio B simulated over August 1, 2017 - August 1, 2019
planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 1.8 0.08 0.11 0 0 0.81
Q2 2.0 3.2 0.09 0 0.02 0 0.89
Q3 2.0 4.1 0 0 0 0.04 0.96
Q4 2.0 1.3 0 0 0 0.04 0.96
Q5 2.0 2.1 0.15 0 0 0 0.85
Q6 2.0 3.5 0.12 0 0.03 0 0.85
Q7 2.0 4.1 0 0 0 0.05 0.95
Q8 2.0 1.5 0 0 0 0.06 0.94

Table S19: Trader’s perspective robust optimization results for Portfolio B simulated over September 1, 2017 - September 1,
2019 planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 1.8 0.09 0.03 0 0 0.88
Q2 2.0 3.2 0 0.01 0.01 0.03 0.95
Q3 2.0 3.9 0.02 0.02 0 0.03 0.93
Q4 2.0 14 0 0 0 0.05 0.95
Q5 2.0 2.3 0.13 0 0 0.01 0.86
Q6 2.0 3.5 0.01 0 0.03 0.04 0.92
Q7 2.0 4.1 0.03 0.02 0 0.04 0.91
Q8 2.0 1.6 0 0 0 0.06 0.94

Table S20: Trader’s perspective robust optimization results for Portfolio B simulated over October 1, 2017 - October 1, 2019
planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.0 0.06 0.16 0 0 0.78
Q2 2.0 3.1 0 0 0 0.04 0.96
Q3 2.0 4.4 0.01 0.10 0.04 0.03 0.82
Q4 2.0 24 0.15 0 0 0 0.85
Q5 2.0 3.5 0.13 0 0.02 0 0.85
Q6 2.0 3.3 0 0 0 0.05 0.95
Q7 2.0 4.2 0 0.18 0.06 0.03 0.73
Q8 2.0 3.0 0.01 0 0.01 0.05 0.93

Table S21: Trader’s perspective robust optimization results for Portfolio B simulated over November 1, 2017 - November 1,
2019 planning horizon.



Quarter Returns [%] Risk [%] Crop1l Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.2 0.09 0 0.02 0 0.89
Q2 2.0 4.1 0 0 0 0.04 0.96
Q3 2.0 1.3 0 0 0 0.04 0.96
Q4 2.0 2.1 0.15 0 0 0 0.85
Q5 2.0 3.5 0.12 0 0.03 0 0.85
Q6 2.0 4.1 0 0 0 0.05 0.95
Q7 2.0 1.5 0 0 0 0.06 0.94
Q8 2.0 2.5 0.09 0.31 0 0 0.76

Table S22: Trader’s perspective robust optimization results for Portfolio B simulated over December 1, 2017 - December 1,
2019 planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.2 0 0.01 0.01 0.03 0.95
Q2 2.0 3.9 0.02 0.02 0 0.03 0.93
Q3 2.0 1.4 0 0 0 0.05 0.95
Q4 2.0 2.3 0.13 0 0 0.01 0.86
Q5 2.0 3.5 0.01 0 0.03 0.04 0.92
Q6 2.0 4.1 0.03 0.02 0 0.04 0.91
Q7 2.0 1.6 0 0 0 0.06 0.94
Q8 2.0 2.8 0.08 0.11 0.01 0.02 0.78

Table S23: Trader’s perspective robust optimization results for Portfolio B simulated over January 1, 2018 - January 1, 2020
planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 3.1 0 0 0 0.04 0.96
Q2 2.0 4.4 0.01 0.10 0.04 0.03 0.82
Q3 2.0 24 0.15 0 0 0 0.85
Q4 2.0 3.5 0.13 0 0.02 0 0.85
Q5 2.0 3.3 0 0 0 0.05 0.95
Q6 2.0 4.2 0.01 0.18 0.06 0.03 0.72
Q7 2.0 3.0 0.01 0 0.01 0.05 0.93
Q8 2.0 3.8 0.16 0.06 0 0 0.78

Table S24: Trader’s perspective robust optimization results for Portfolio B simulated over February 1, 2018 - February 1, 2020
planning horizon.

Quarter Returns [%] Risk [%] Cropl Crop2 Crop3 Crop4 Cropb

Q1 2.0 4.1 0 0 0 0.04 0.96
Q2 2.0 1.3 0 0 0 0.04 0.96
Q3 2.0 2.1 0.15 0 0 0 0.85
Q4 2.0 3.5 0.12 0 0.03 0 0.85
Q5 2.0 4.1 0 0 0 0.06 0.94
Q6 2.0 1.5 0 0 0 0.06 0.94
Q7 2.0 2.5 0.09 0.31 0 0 0.6
Q8 2.0 3.5 0.07 0.02 0.02 0.03 0.86

Table S25: Trader’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon.
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3.2. Grower’s Results

The following are the robust optimization results for three independent studies of Portfolio A and six
independent studies of Portfolio B simulated for various tolerable risk levels over the same planning horizon
spanning from March 1, 2018 to March 1, 2020. The grower’s model was run for various tolerable risk levels
between 22.5% and 25% for Portfolio A and between 10% and 25% for Portfolio B. The grower’s model
results include the optimal capacity, location, crop allocations, and NPV of the CEA system in addition to
the capital expenses, non-discounted average quarterly operating expenses and revenue.

3.2.1. Portfolio A Results

Tolerable Quarterly Risk* 25%
Optimal Capacity 26,672 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S30
Optimal NPV $21.68 million
Capital Expenses $11.5 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.94 million

Table S26: Grower’s perspective robust optimization results for Portfolio A simulated over March 1, 2018 - March 1, 2020
planning horizon for 25% tolerable risk.
* See corresponding risk profiles in Figure S1

Tolerable Quarterly Risk 23%
Optimal Capacity 26,672 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S31
Optimal NPV $21.42 million
Capital Expenses $11.5 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.91 million

Table S27: Grower’s perspective robust optimization results for Portfolio A simulated over March 1, 2018 - March 1, 2020
planning horizon for 23% tolerable risk.

Tolerable Quarterly Risk 22.5%
Optimal Capacity 26,672 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S32
Optimal NPV $20.48 million
Capital Expenses $11.5 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.79 million

Table S28: Grower’s perspective robust optimization results for Portfolio A simulated over March 1, 2018 - March 1, 2020
planning horizon for 22.5% tolerable risk.

11



Tolerable Quarterly Risk 21.75%

Optimal Capacity 27,554 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S33
Optimal NPV $17.82 million
Capital Expenses $11.9 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.72 million

Table S29: Grower’s perspective robust optimization results for Portfolio A simulated over March 1, 2018 - March 1, 2020
planning horizon for 21.75% tolerable risk.

Quarter Cropl Crop2 Crop3 Crop4
Q1 0.0199 0.0287 0.932 0.0193
Q2 0.0191  0.0245 0.937 0.0193
Q3 0.0190 0.0242 0.940 0.0172
Q4 0.0304 0.0350 0.893  0.0419
Q5 0.0149 0.0190 0.945 0.0211
Q6 0.0219 0.0234 0913 0.0413
Q7 0.0206 0.0219 0.938  0.0197
Q8 0.0310 0.0482  0.905 0.0157

Table S30: Robust optimal quarterly crop allocations for Portfolio A under 25% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Crop1 Crop2 Crop3 Crop4
Q1 0.0114  0.0517 0.912 0.0252
Q2 8.04e-3 6.53e-3  0.972  0.0132
Q3 7.99-3 6.54e-3 0.973 0.0121
Q4 0.0609  0.0477  0.844  0.0473
Q5 4.02e-6  0.0443  0.907  0.0489
Q6 6.27e-6  0.0443  0.907  0.0489
Q7 2.41e-6  2.12e-6 1.0 9.53e-6
Q8 0.0941 0.0422  0.864 5.66e-6

Table S31: Robust optimal quarterly crop allocations for Portfolio A under 23% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Crop1l Crop2 Crop3 Crop4
Q1 8.15e-5 0.0847 0.892  0.0236
Q2 5.85e-5 4.5le-5 1.0 1.50e-4
Q3 5.85e-5 4.51e-5 1.0 1.49e-4
Q4 0.0882  0.0277  0.810  0.0738
Q5 1.46e-6  0.0793  0.872  0.0488
Q6 7.49e-6  0.0792  0.872  0.0489
Q7 1.02e-6 8.88e-7 1.0 3.26e-6
Q8 0.0938 0.0632  0.843  1.32e-5

Table S32: Robust optimal quarterly crop allocations for Portfolio A under 22.5% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.
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Quarter Crop1l Crop2 Crop3 Crop4
Q1 1.79¢-5  0.133 0.795  0.0717
Q2 9.58¢-6 7.3le-6 1.0 2.11e-5
Q3 9.58e-6  7.31le-6 1.0 2.1e-5
Q4 0.188  0.00194 0.788  0.0229
Q5 3.8e-6 0.161 0.791  0.0473
Q6 3.8e-6 0.161 0.791  0.0473
Q7 5.44e-6  4.7e-6 1.0 6.34e-6
Q8 0.0943  0.0941 0.812  7.2e-6

Table S33: Robust optimal quarterly crop allocations for Portfolio A under 21.75% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.
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Figure S1: Risk performance of Portfolio A is compared for naive and robust (generated using 25% tolerable risk) portfolios for
5.10° realizations of expected market behavior over the March 1, 2018 - March 1, 2020 planning horizon.

3.2.2. Portfolio B Results

Tolerable Quarterly Risk 25%
Optimal Capacity 26,747 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S40
Optimal NPV $21.28 million
Capital Expenses $11.7 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.94 million

Table S34: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 25% tolerable risk.
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Tolerable Quarterly Risk 23%

Optimal Capacity 26,747 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S41
Optimal NPV $21.28 million
Capital Expenses $11.7 million
Average Quarterly Operating Expenses $5.0 million
Average Quarterly Revenue $9.94 million

Table S35: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 23% tolerable risk.

Tolerable Quarterly Risk 22.5%
Optimal Capacity 26,747 sq.ft.
Optimal Locations 0 miles west/east
15.8 miles south/north
Optimal Crop Allocations See Table S42
Optimal NPV $21.16 million
Capital Expenses $11.7 million
Average Quarterly Operating Expenses $4.9 million
Average Quarterly Revenue $9.92 million

Table S36: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 22.5% tolerable risk.

Tolerable Quarterly Risk 21.75%
Optimal Capacity 27,556 sq.f.
Optimal Locations 0 miles west/east
15.9 miles south/north

Optimal Crop Allocations See Table S43
Optimal NPV $19.64 million
Capital Expenses $12.1 million
Average Quarterly Operating Expenses $5.07 million
Average Quarterly Revenue $10.0 million

Table S37: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 21.75% tolerable risk.

Tolerable Quarterly Risk 14%
Optimal Capacity 9,810 sq.ft.
Optimal Locations 0 miles west/east
14.7 miles south/north
Optimal Crop Allocations See Table S44
Optimal NPV $9.49 million
Capital Expenses $4.3 million
Average Quarterly Operating Expenses $1.64 million
Average Quarterly Revenue $3.70 million

Table S38: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 14% tolerable risk.
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Tolerable Quarterly Risk 10%

Optimal Capacity 9,810 sq.ft.
Optimal Locations 0 miles west/east
14.7 miles south/north
Optimal Crop Allocations See Table S45
Optimal NPV $9.49 million
Capital Expenses $4.3 million
Average Quarterly Operating Expenses $1.64 million
Average Quarterly Revenue $3.70 million

Table S39: Grower’s perspective robust optimization results for Portfolio B simulated over March 1, 2018 - March 1, 2020
planning horizon for 10% tolerable risk.

Quarter Cropl Crop2 Crop3 Crop4 Cropb
Q1 0.0318  0.0287  0.901 0.0353  0.00283
Q2 0.0198  0.0251 0.918  0.0342 0.00283
Q3 0.0245  0.026 0.921 0.0258  0.00283
Q4 0.012  0.0323  0.951  0.00209 0.00283
Q5 0.0112 0.00321 0.948  0.0345 0.00283
Q6 0.0202  0.0264 0918  0.0323  0.00283
Q7 0.0283 0.0299  0.926  0.0128  0.00283
Q8 0.0285  0.0527  0.898  0.0179  0.00283

Table S40: Robust-optimal quarterly crop allocations for Portfolio B under 25% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Cropl Crop2 Crop3 Crop4 Cropb
Q1 0.0126  0.0461 0.912  0.0270 0.00283
Q2 0.00938 0.00731  0.966  0.0147 0.00283
Q3 0.00924  0.0073  0.967 0.0134 0.00283
Q4 0.0569  0.0514  0.846  0.0424 0.00283
Q5 0.00697  0.0383  0.900 0.052  0.00283
Q6 0.0049  0.00447 0.971  0.0167 0.00283
Q7 0.00495 0.00446  0.973 0.015  0.00283
Q8 0.0713  0.0649  0.847  0.0138 0.00283

Table S41: Robust-optimal quarterly crop allocations for Portfolio B under 23% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Cropl Crop2 Crop3 Crop4 Cropb
Q1 0.00155 0.0768  0.887  0.0318 0.00283
Q2 0.00103 8.04e-4  0.993  0.00222 0.00283
Q3 0.00103 8.03e-4  0.993  0.00218 0.00283
Q4 0.0845 0.0338 0.818 0.0613  0.00283
Q5 5.26e-6  0.0587  0.841 0.0975  0.00283
Q6 4.68¢-7 4.18e-7  0.997  1.58e-6 0.00283
Q7 4.68¢-7 4.18e-7  0.997  1.58e-6  0.00283
Q8 0.0936  0.0604 0.843  7.16e-6  0.00283

Table S42: Robust-optimal quarterly crop allocations for Portfolio B under 22.5% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.
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Quarter Cropl Crop2 Crop3 Crop4 Cropb
Q1 6.46e-6 0.127 0.801  0.0688 0.00275
Q2 1.41e-8  8.94e-9  0.997  3.34e-8 0.00275
Q3 1.41e-8  8.94e-9  0.997 3.34e-8 0.00275
Q4 0.185 3.57e-6  0.787  0.0259 0.00275
Q5 1.25e-6 0.126 0.777  0.0946 0.00275
Q6 1.95e-9 6.67e-10  0.997 1.61e-8 0.00275
Q7 1.95¢-9 6.67e-10  0.997  1.61e-8 0.00275
Q8 0.0981  0.0878 0.811  3.05e-6 0.00275

Table S43: Robust-optimal quarterly crop allocations for Portfolio B under 21.75% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Cropl Crop2 Crop3 Crop4d Cropb
Q1 0.0558  0.0607 0.0273 0.0843  0.772
Q2 0.0583 0.0774 0.0240 0.0683  0.772
Q3 0.0645 0.0864 0.0247 0.0525  0.772
Q4 0.0616  0.0812 0.0247 0.0606  0.772
Q5 0.0657 0.0811 0.0260 0.0554  0.772
Q6 0.0541 0.0745 0.0247 0.0748  0.772
Q7 0.0619 0.0788 0.0253 0.0621  0.772
Q8 0.0585 0.0715 0.0247 0.0734  0.772

Table S44: Robust-optimal quarterly crop allocations for Portfolio B under 14% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.

Quarter Cropl Crop2 Crop3 Crop4 Cropb
Q1 0.0569 0.0652 0.0259 0.0801  0.772
Q2 0.0556  0.0775 0.0248 0.0703  0.772
Q3 0.0661 0.0817 0.0246 0.0557  0.772
Q4 0.0617 0.0815 0.0253 0.0597  0.772
Q5 0.0563 0.0608 0.0262 0.0849  0.772
Q6 0.0563 0.0785  0.0247 0.0687  0.772
Q7 0.0659 0.0829 0.0249 0.0544  0.772
Q8 0.0618 0.0835 0.0249 0.0578  0.772

Table S45: Robust-optimal quarterly crop allocations for Portfolio B under 10% tolerable quarterly risk exposure simulated
over March 1, 2018 - March 1, 2020 planning horizon.
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