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ABSTRACT

With a growing worldwide population, feeding 10 billion people by the year 2050 is the next global challenge.
Fresh produce systems account for a significant fraction of total food and resource consumption due to their
perishable nature, with postharvest quality being a key challenge. Production models for fresh produce are
widely used and well adapted, whereas postharvest operations (PO) models have only recently been developed.
The overarching goal is to quantify interactions of food quality, water and energy use in PO. In this study, an
existing PO model was enhanced and implemented for a field grown tomato operation in Florida. Model esti-
mates were compared with data from a representative operation, and were upscaled to obtain statewide esti-
mates. The enhanced model was found to be the most sensitive to harvest frequency, quantity shipped to cus-
tomer, and quantity harvested. At maximum grower profit, the model estimated water and energy quantities
roughly 20% lower for each operation. The representative operation exceeded optimal water and energy usage
because the farmers, despite having efficient production, commonly ”over-produce” far beyond optimal levels
for reasons including risk of loss, tradition, low market prices, and large fixed costs of operation. Postharvest loss
estimated by the model was 22% of quantity harvested for the representative operation. The upscaled regional
postharvest losses were at 16% for the state of Florida. Operation-specific water and energy use from the case
study were upscaled to give regional monthly estimates of 50.3 million liters and 28.3 million kWh, respectively.
Such interactions provide insights into postharvest decisions made by commercial operations and impacts of
these decisions on the food, water and energy system. The integrated modeling framework in this study can be
extended to other crops and quantify interactions of water, energy and, postharvest losses to optimize efficient
management practices.

1. Introduction

et al., 2005; Kader, 2004). It is a waste of resources to produce food and
not have it reach the consumer at a quality fit for consumption (Bourne,

Fresh produce systems account for a significant fraction of total food
waste due to the perishable nature of produce and and high sensitivity
to environmental conditions during production, harvest, packing, sto-
rage, and transportation (Widodo et al., 2006; Murthy et al., 2009). A
recent report by the UN Food and Agricultural Organization (FAO)
projects the world population to be 9.15 billion by 2050, which will
require current food production to increase by 60% (Gustavsson et al.,
2011). Food availability and accessibility can not only be increased by
efficient production (Tilman et al., 2011; Benke and Tombkins, 2017),
but also by reducing losses during the production and postharvest op-
erations (McNamara and Tata, 2015; Hodges et al., 2011; Soto-Zamora
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2014). Reduction of food losses benefits farmers, consumers, and the
environment. In addition, postharvest losses (PHL) also result in nu-
trient losses, negatively impacting food security. Such losses contribute
to 2-3% forfeiture in GDP from nutrition-related decrease in human
health (Gebhardt et al., 2008). Quantifying resource consumption and
losses in the fresh produce system is critical to understanding food se-
curity.

A significant amount of resources such as water, energy, and labor
are consumed by the fresh produce system. Recently, there have been
concerns regarding agricultural energy and water consumption (Shukla
and Jharkharia, 2013). Overall, agriculture represents approximately
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70% of global freshwater withdrawals, the majority of which is dis-
placed from its original source, referred to as “consumed” (Christian-
Smith et al., 2011). At the same time, current farming practices are a
major source (19-29%) of anthropogenic greenhouse gas emissions
(Vermeulen et al., 2012). Production of fresh market horticultural
commodities is labor-intensive, with labor costs comprising roughly
30% of the total production cost (VanSickle and McAvoy, 2015).
Pressures from drought, climate change, natural disaster, and in-
creasing concerns over future food security have given attention to the
interdependencies among three important natural resources, food, en-
ergy and water, which is also known as the food-energy-water (FEW)
nexus (Beck and Walker, 2013b,a). In the FEW nexus, a constraint in
one of these resources can inhibit access to another resource, which can
negatively affect future global food security (Sanders and Masri, 2016).
For example, shifts in food consumption patterns, such as organic food
choices, reduce both water and energy usage at the production level
(Zimmerman et al., 2016; Tuomisto et al., 2012). In contrast, such shifts
increase cost of labor required for organic production and postharvest
operations (Pimentel et al., 1983). Achieving sustainability and food
security requires more than focusing on production or on markets or on
consumer behavior, but an integrated approach to the overall food
system that considers the necessary feedback mechanisms among the
various production and postharvest stages (Ingram, 2011; Allen and
Prosperi, 2016).

Modeling the energy and water use of a fresh produce system re-
quires an integrated view of production and postharvest stages. Life
cycle analysis (LCA) is a common holistic approach which considers
environmental impacts during production and postharvest stages (Roy
et al., 2009; Andersson et al., 1994; Stoessel et al., 2012). While certain
types of LCA allow for derivation of water and energy consumption
values, it does not incorporate the trade-offs of these consumption
patterns on the costs of production, product quality, and pricing
(Michalski, 2015; Ekvall et al., 2007). Because of this limitation, the
typical LCA approach may not provide information adequate for de-
ciding how to make the system more efficient and resilient.

Alternatively, linking existing biophysical crop production models
and postharvest models can also provide an integrated view of the fresh
produce system. Crop simulation models are well developed and
widely-used for simulating growth and development for a variety of
crops such as corn, green bean, potato, and rice, providing estimates of
within-season root-zone water balance, crop water use, biomass, and
yield at harvest (for example, DSSAT- (Jones et al., 2003); APSIM-
(Keating et al., 2003); and EPIC- (Williams et al., 1989)). For modeling
postharvest operations (PO), supply chain models are commonly used
(Blackburn and Scudder, 2009; Soto-Silva et al., 2016). However few
account for deterioration of quality which is a primary indicator of PHL
during PO (Ahumada and Villalobos, 2009). Postharvest quality is af-
fected by all handling operations including harvest, packing, cooling,
storage, and travel distance until reaching the customer (Sargent et al.,
2000; Maul et al., 2000; Kader, 1984). It is important to quantify water
and energy required to maintain quality of fresh produce, not only for
consumers, but also for retailers, food service vendors, and other
businesses that play a central role in supplying fresh produce (Aldaya
and Hoekstra, 2010; Ingram et al., 2012). Insights from PO models that
quantify PHL, accounting for quality, water and energy use are highly
relevant for commercial PO decisions, that need to be considered by
postharvest researchers.

In general, PO models provide optimal decision variables by either
minimizing cost or maximizing profit with respect to constraints on
given resources. However, few models integrate quality features such as
shelf life and rejection of shipments in the optimization of cost/profit
objectives (Ahumada and Villalobos, 2009; Shukla and Jharkharia,
2013; Rong et al., 2011). Ahumada and Villalobos (2011) developed a
PO model that optimizes grower profit while accounting for the value of
preserving quality by incorporating biological maturation functions and

62

Postharvest Biology and Technology 153 (2019) 61-68

shelf life attributes. This model was implemented using a synthetic
dataset for tomato and pepper in North America. Ghezavati et al.
(2017) modified the Ahumada and Villalobos (2011) model by in-
corporating site-specific components in the model using data from a
tomato distributor in the Maghdid region of Iran. However, the model
was not evaluated using regional data and the focus of their study was
to improve computational efficiency of the algorithm. None of the PO
models to date are able to quantify water and energy consumption.
Given the importance of maintaining quality and reducing loss in fresh
produce systems, it is necessary to develop a model for PO that ex-
plicitly accounts for water and energy consumption, in addition to food
quality (Bazilian et al., 2011).

The overarching goal of this study is to address the above gaps and
understand the interactions of postharvest food quality, water, and
energy use in PO for fresh tomatoes. Tomatoes are an ideal crop for
developing and evaluating PO models due to their modeling com-
plexity, sensitivity to environmental conditions, and economic im-
portance (Johnson, 2006; Alexander and Grierson, 2002). Specifically,
objectives of this study are to 1) enhance and implement an existing PO
for field-grown fresh tomatoes in the Florida region, 2) evaluate the
model predictions of water and energy consumption with data from
representative operations to customers such as retailers or food service
agents, and 3) upscale model estimates to obtain PHL at a regional
scale, for the state of Florida. Such a modeling framework can be ex-
tended to predict water and energy consumption for other crops such as
cucumber, peppers, and eggplant (Ahumada and Villalobos, 2011;
Marcelis, 2001).

2. Methods
2.1. Postharvest operations for fresh tomatoes in Florida

Florida is ranked first in the US for production value of fresh-market
tomatoes representing almost all of the fresh-market, field-grown to-
mato production during the season (Vilsack and Clark, 2012;
FloridaTomatoes.org, 2013). Florida tomato production represents 42%
of the 1.6 billion of tons of U.S. fresh-market field-grown tomato pro-
duction valued at 500 million dollars (Vilsack and Clark, 2007). Tomato
production occurs from October through June in four tomato growing

District 4

Harvest:
Peak:

Mid-October through mid-June

Mid-November through December
Mid-April through mid-June

District 3
Harvest:
Peak:

Late October through mid-June

December through January
Mid-February through May

District 2
Harvest:
Peak:

Late October through June

December through January
Mid-February through May

District 1
Harvest:
Peak:

Late November through April
January through March

Fig. 1. Tomato growing regions in the state of Florida (FloridaTomatoes.org,
2015).
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districts, as shown in Fig. 1. It is a common practice for producers to not
only cultivate but also pack and ship their product to their customers
which are buyers such as retailers and food service agents. These pro-
ducers are often termed grower-shippers. In the field, tomatoes are
harvested at the mature green stage. Once shipped to the packinghouse,
they are rinsed by a heated chlorinated water dump flume system
which transfers them to the packing line. Here they are dried, me-
chanically sized, hand-sorted, hand-graded, and may be waxed before
being packed into 11 kg (25-1b) boxes, which are palletized. The per-
cent of the produce that is packed compared to the amount that is
delivered to the packinghouse is referred to as ‘packout’. The packout
reflects the losses due to grading, handling and mechanical damage.
Almost all packing facilities ship their product to a repacking facility
where bulk produce is re-washed via misting, re-sorted and re-graded to
the finished product based upon customer demand. This loss at the re-
packer level is similar to the packout at the packinghouse level. Me-
chanical damage after packing is rare. Customer preference determines
if the fruit are ripened with ethylene gas at the grower's packinghouse
prior to shipping. For ripening, tomatoes are kept in specialized rooms
at 20-22 °C, with 85-95% relative humidity. The duration of the
treatment depends upon the harvest maturity and customer demand.
Typically, they are ripened until greater than 90% are showing red
color. The fruit are cooled in separate refrigerated storage rooms to no
lower than 13 °C and held for 1-2 days prior to shipping. Tomatoes are
then shipped in refrigerated truck-trailers at 13-25 °C for control of
further ripening during transit. The trailer temperature is adjusted so
that the fruit arrives at the destination facility at the desired ripeness
stage.

Most Florida tomatoes are shipped to destinations along the Eastern
coast of the US, with shipping times ranging from 1 to 4 days. The
buyers have respective distribution centers (DCs), where tomatoes are
combined with other produce items into final shipments of mixed loads
for delivery to their outlets where the produce is made available to the
consumer, including retail stores and food service. Henceforth, the term
outlet will refer to a retail store or food service provider and the term
buyer will encompass the DC and its respective outlets. The amount of
tomatoes shipped out of a DC may be less than the amount entering that
facility if decay or disorders such as chilling injury, irregular ripening or
overripening develop during storage. This loss at the DC level will also
be referred to as packout in this study. An accept or reject decision is
made upon arrival of the products at a DC. Alternatively, a price ad-
justment may be negotiated if the product requires re-sorting before it
can be sent to the retail stores or re-sold by the re-packer. The products
may be briefly stored at DCs and re-packers for one to a few days before
further distribution.

2.2. Model structure

In this study, we enhance the PO model developed by Ahumada and
Villalobos (2011). It is a mixed integer linear program for multiple
crops and transportation modes. As shown in Fig. 2a, the original model
accounts for flows from packing house directly to DC and from ware-
house ' directly to customers,” in addition to the traditional sequential
flows among operations. In the model, an objective function maximizes
the income of the grow-shipper given an array of customers, market
price, and transportation costs. The objective function comprises terms
(1a) - (1k) below.”

! The warehouse term will represent the re-packer described in Section 2.1.

2The term ”customer” used by the Ahumada and Villalobos (2011) model
shown in Fig. 2a represent ”outlets” in the Florida case in Fig. 2b, as previously
described in Section 2.1.

3 The model indices, parameters, and variables are defined in A.
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Fig. 2. (a) Model Structure in Ahumada et al. 2011. (b) Flow of product in the
enhanced PO model for implementation in Florida: Multiple plots ship to same
packinghouse and then repacker, two distribution centers which ship to the
buyer's outlets where the product is made available to the consumer such as
food service and retail stores.
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(1k)

The term (1a) of the objective function represents sales and ac-
counts for all routes to the customer, such as: warehouse to customer,
DC to customer and open market sales. Terms (1b) and (1c) represent
sales from salvaged products and purchase from open market, respec-
tively. Term (1d) accounts for the fixed cost of growing and harvest,
and (1e) considers cost of labor utilized in each specific harvest pattern.
Additional costs are included in term (1f) for shipping from plot to
packinghouse, in term (1g) for packing and labor, in term (1h) for in-
ventory storage in warehouse and DC, and finally, in term (1i) for
shipping containers to customer.

As explained in Ahumada and Villalobos (2011), a unique aspect of
the objective function is the estimated cost of postharvest losses that
depends upon the probability of rejection by customer (PROB) in term
(1j), price penalty of products below desired quality term (1k), and
physiological ripening. The physiological ripeness throughout the PO
for each product is a function of initial maturity, time and temperature
during storage and transportation (Tijskens and Evelo, 1994). In the
model, the temperature is assumed constant. Equation (2) can be used
to estimated the change in ripeness over time (Hertog et al., 2004).

Hpin — H
H(t) — Hmax + min max
Kt(Hmin —Hmax) Hmin*Ho)
1+ (e e Ho — Hmax 2

Where H(t) as the quantitative value for the color (ripeness) of the
fruit in Hue angle at t days after harvest and is used as the COL para-
meter in term (1k). (H,;,) is the lowest ripeness (color) that can exist,
typically 1 in tomatoes. (H,,q,) is the highest ripeness that can exist,
typically stage 5 in tomatoes. (Hp) denotes the initial maturity at har-
vest, while K is the temperature rate constant in units of per hue-days.

Model constraints include those related to harvest, packing, and
shipping (Ahumada and Villalobos, 2011). The main constraints on
harvest and packing are applied to quantity harvested (QH) in term
(1d), quantity packed (QP) in term (3), quantity salvaged (QS) in term
(1b), and available labor (LAH) in term (le). Main constraints on
shipping and shelf-life are applied to decision variables SC, SW and SD
as seen in term (la), and inventories in warehouse (INVW) and DC
(INVD) as seen in terms (4) and (5). Detailed description of these
constraints are given in Ahumada and Villalobos (2011).

2.3. Model enhancements and implementation for Florida

The flows of the model described earlier in Fig. 2a were modified to
represent US fresh tomato postharvest operations illustrated in Fig. 2b.”
Because the flows between modules occur in a sequential manner in the
US, the sales directly from warehouse, from packing house to outlet and
from warehouse to outlet were removed from term (1a). Repacking
facilities replaced warehouses in the original model. The objective
function was modified to exclude terms for salvaged produce (1b) and
transportation (11i), since shipping cost is paid by the outlet. In the US,
transportation of tomatoes is primarily via refrigerated trucks, therefore

4 The term ”customer” used by Ahumada and Villalobos (2011) in Fig. 2a is
analogous to the term ”outlet” in the enhanced mode in Fig. 2b.
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only one form of transportation was considered. Furthermore, the
model was simplified to include only one crop, tomato.

Several enhancements were made to the model to improve estimates
of PHL, allow for quantification of water and energy consumption, and
increase its applicability for Florida. Constraints for quantity packed,
inventory in warehouse, and inventory in DC in terms (1g) and (1h)
were modified to include packout percentages that consider realistic
losses due to grading, sorting and mechanical damage. Since smaller
sized tomatoes result in higher quantities per box, the losses due to
packout for such products were assumed to be higher. The bold faced
terms shown in Equations (3), (4) and (5), represent packout percen-
tages for packinghouse (PKO), repacker (PWR) and DC (WIR), respec-
tively.”

QPpyqr = PKOyq Z VGpkSPhpqt
p

3)
INVVVhtkqw = II‘IVVVht—lkqwr + PWqu Zf SPwhtkqfwr - Zi Swht4kqwir
for all t > h, k, w, qwherety = ¢ + TiW,andts = ¢ + TiWDyqr

()]
INVDhpqd = Invdhi—1kqwr + Zf SPDhkgtar — 2; SDhtekqdir
+ WDCRyq Y, SWDhkquar
for all t > h, k, d, q where ts =t + TiDg; 5)

Incorporating the actual cost structure of water and energy would
increase model complexity, therefore a simplified fixed rate per box was
assumed for the Florida case. The fixed rates were calculated from
monthly water and energy bills and quantity of boxes produced by a
representative operation in Florida. At the DC level, energy consump-
tion was calculated using costs from Energy Information Administration
(EIA) database (EIA, 2015) and energy use of cold storage was esti-
mated for the given volume of product (U.S. Cooler, 2015). Energy use
during shipping includes refrigeration during transit time and fuel re-
quired for transportation distance. The water and energy parameters
were introduced into the objective function for the packing house in
term (1g), where CK = PCyqer + PCenergy and for repacker and DC into
terms (1h) where CI = RPyqter + RPenergy and CID = DCyqter + DCenergys
respectively.

To better portray the change of ripeness over time, the COL para-
meter was recalculated using a more realistic storage temperature of 13
°C, instead of 15 °C, using Equation (2). Most tomato operations in the
US harvest at mature green, as shown in Table 1 instead of red ripe as
assumed by the original model (Ahumada and Villalobos, 2011).
Therefore the distribution of maturity at harvest was assumed to be
Poisson with the mean at stage 1, ranging from USDA color stages of 1
through 3. It is difficult to account for ripening via ethylene gas using
Equation (2). Change in ripeness was depicted by a realistic forward
time shift. The behavior of the non-linear regression model by Hertog
using dataset for fruit ripened in air at 13 °C shows that it takes 6-8 days
of storage to reach the required > 90% red color. In addition, Chom-
chalow et al., (2002) observed that it takes around 7 days to ripen in air
(without ethylene treatment) from mature green to red ripe at 15°C. In
this study, we used 6 day forward shift in the storage time to depict
ethylene induced ripening for the buyer's desired preference.

The model was implemented for a Florida grow-shipper whose
practices were similar to 90% of its peers in Florida, henceforth referred
to as the representative operation. The model can also be modified for
any size and type of operation. Even though the model can easily take
input of an extended period (season or year), obtaining complete da-
tasets to run and evaluate the model for an extended time period con-
tinues to be a problem for modeling postharvest operations. In this
study, implementation was done for the month of February 2015, which
was a good representative period in terms of weather and production

5 The parameters and variables in equations 3, 4, and 5 are defined in A.
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Table 1

Standards of USDA Tomato classification of ripeness (Saltveit, 2005).
Maturity USDA Hue angle
Mature Green (Hpn) 1 115.00
Breaker 2 83.90
Turning 3 72.95
Pink 4 61.80
Light-red 5 48.00
Rep Ripe 6 41.30
Over-ripe (Hpax) 6+ 37.00

Table 2
Datasets used in this study.

Data Type Sources

Water and Energy Costs

Quantities Shipped &Packout Rates
Materials and Labor Costs

Packing and Repacking facility output
Yield

Yield Size and Color Distribution
Product Prices

FL Operation

FL Operation

FL Operation

FL Operation

USDA NASS

Florida Tomato Annual Report
Florida Tomato Annual Report

and consisted of two 12 day planning periods. The model maximizes
profit which accounts for the cost of water and energy consumption.
Input parameters for the model were obtained from Florida Tomato
Committee Annual Report (FloridaTomatoes.org, 2015) and USDA
NASS (NASS, 2013). The percentage of total shipments in February was
assumed to be the same as the seasonal yield, and was used to obtain
the monthly yield for February. Table 2 shows the operation-specific
data obtained from interviews with a representative operation with a
farm size of 670 acres. Optimal decision variables of harvest frequency,
shipping quantities among modules, and total water and energy were
calculated for shipping to outlet destination. The representative op-
eration shipped to about 50 destinations during the month of February,
including food service agents, retailers and restaurants. Out of the 50,
three destinations were chosen based upon varying distances from the
representative operation: Jacksonville (closest), Charlotte, and New
York (farthest). All three buyers preferred ethylene treatment prior to
receiving.

2.4. Model evaluation and upscaling for Florida

Sensitivity analyses was conducted using AMPL CPLEX to obtain the
three parameters to which the maximum profit was most sensitive. In
addition we analyzed the profit and SD as response to changes in
market prices. The enhanced model also allowed for determination of
optimal stages for strictest quality control would maximize profit. This
was obtained by assessing different packout rates at stages in PO, from
lowest to highest quality control.

The model decision variables were compared with those derived
from information obtained from a representative tomato grow-shipping
company. Model outputs of optimal production quantities and water
and energy consumption were scaled up to obtain regional estimates of
PHL, and water and energy consumption. The estimate of PHL in the
model was obtained as the difference between product reaching the
outlet (SD) and the harvested quantity (QH). It was upscaled to obtain
regional estimates and percent loss in PO in Florida was computed as a
ratio of the upscaled PHL to the regional production data reported by
USDA (NASS, 2015), as shown in Eq. (6).

QH -SD ) G
CFarm FL

Hpr,

%Loss = X 100

(6)

where Cror, represents the individual farm acreage, and Cp; and Hpy
represent the total acreage harvested (32,200 acres) and total number
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of boxes harvested (21,638,400 boxes in this study) in Florida for the
2014-2015 growing season, respectively. was obtained by using an
equation similar to Eq. (6) with QH-SD replaced with case-specific
consumption.

3. Results and discussion

Overall, the objective of maximum profit was found to be most
sensitive to decisions regarding harvest frequency (X), followed by
quantity shipped to outlet (SD), and quantity harvested (QH). As ex-
pected, the profit increased linearly with the market price, as shown in
Fig. 3a. However, Fig. 3b shows that an increase beyond 40% of current
market price does not contribute to profitability but not due to increase
in SD. At this point, the supply elasticity reduces from 2.8 to zero, and it
is no longer profitable to produce more boxes. However, any increase in
profit beyond this point is due to increase in market price per box, as
shown in Fig. 3a. This reveals that even in the expectation of a price
spike, the farmer should not be investing in production capacity beyond
the 420,000 boxes per month.

In the enhanced model, the PHL occurs at three levels; packing-
house, repacker and DC. Profit was maximized when lower packout rate
occured earlier in the PO, at the packinghouse level. This is because
money is not spent on transporting and refrigerating products that will
eventually be graded out at later stages. Thus, the strictest quality
controls should be carried out at the earlier phases of PO.

3.1. Florida Case Study

For the month of February, the objective maximum monthly profit
in the enhanced model was estimated to be $440 per acre. Estimated
optimal harvest frequency of 1-2 times per week complies with stan-
dard practices of the representative operation. The optimal quantity
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harvested (QH) was 348,935 boxes, which was about ~ 20% lower
than the USDA-derived QH value of 448,224 boxes. The value of the
estimated QH was the same as quantity shipped from plot to packing-
house (SP). These are typically not the same due to PHL caused by
exposure to temperature stress and additional handling errors in the
field, which is not accounted for in enhanced model. Optimal quantities
packed (QP) was estimated to be 309,688 boxes, compared to the
369,168 boxes packed by the representative operation. It may indicate
that the representative operation produces more than the optimal
quantity required to maximize profit. Farmers, despite having efficient
production, continue to “over-produce” for various reasons, including
risk of loss, tradition, low market prices, and large fixed costs of op-
eration (CNN, 2001; Nunn, 2018; Dafulla, 2017). The optimal QP is the
same as the quantity shipped from packinghouse to repacker (SPW).
This implies no losses occur in transit from packinghouse to repacker.
Quantity shipped from repacker to DC (SWD) was estimated at 287,671
boxes, and quantity shipped from DC to outlet (SD) 273,077 boxes.
Considering the above optimal decision variables, the total PHL was
estimated at 22% of the QH. The SD from the representative operation
was 40% lower at 203,517 boxes for the three destinations. This is
because the scenario in this study is limited to three destinations. In
reality, the produce was shipped to 50 destinations, as mentioned
above. PHL from fluctuating storage temperatures and stressful en-
vironmental conditions throughout the handling process, are not ac-
counted for in the model, which assumes a constant transportation
temperature of 13 °C. However, temperature fluctuations have been
shown to impact PHL (Nunes and Emond, 2003; Aung and Chang,
2014). While published reports of temperatures for tomatoes in the
postharvest distribution system are scarce, in a study by Dea et al.
(2008), shipments of (non-precooled) tomatoes by sea from Puerto Rico
to Florida and subsequently within Florida by refrigerated truck had
temperature variation of 19 °C. However, in the Florida case, tomatoes
are routinely cooled before shipping and there is only one mode of
transportation. Therefore a much smaller temperature deviation can be
expected. A Florida study on strawberry transport to California by
Pelletier et al. (2011) noted that the fruit temperatures had increased by
a minimum of 0.8 °C and a maximum of 5 °C during a 4 day trip. We
found that the average increase of 3 °C results in PHL increased by less
than 1%. However, it should be noted that the distribution of tem-
perature change is highly unpredictable. In addition to fluctuating
temperatures, chilling injury and water losses are also significant fac-
tors that cause quality loss and ultimately PHL (Beckles, 2012; Maul
et al., 2000; Kader, 1984), modeling of which are beyond the scope of
the study.

The water and energy use estimated by the enhanced model and
that those obtained from the representative operation are shown in
Tables 3 and 4 , respectively. The water usage was maximum during
packing and repacking operations, with the use being four times higher
in packing than repacking, due to handling of larger quantities. Model
estimates of water use during packing and repacking are lower than the
reported values by the representative operation by 22% and 16%, re-
spectively. This is a result of lower QH and QP estimated by the model,

Table 3
Comparison of water cost (USD) and use (Liters) predicted by model and from
representative operation.

Water (L) Difference (%)
Model Producer

Packing

cost $13,697 $17,671

use 826712 1066613 -22

Repacking

cost $1,774 $2,122

use 221736 265329 -16

Total Use 1,048,448 1,331,942
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Table 4
Comparison of energy cost (USD) and use (kWh) predicted by model and from
representative operation.

Energy (kWh) Difference (%)

Model Producer
Packing
cost $16,369 $21,027
use 128579 165166 —-22
Repacking
cost $10,556 $12,584
use 119054 141920 -16
DC
cost $670 $847
use 7443 9414 -20
Shipping
cost $416,949 $330,833
use 307917 244220 26
Total Use 562,993 560,720

because the water use per box for each operation were obtained from
representative operation. Overall, total water use estimated by the
model is 21% lower than observed values obtained from representative
operation, as shown in Table 3. In contrast to the water usage that is
highest during packing operations, shipping accounts for the largest
portion of energy use, as shown in Table 4. Model estimates of energy
use during shipping were nearly 26% higher than obtained values, for
the three destinations due to lower SD in the representative operation.
Similar to the water use values, model estimates of energy use during
packing and repacking are 22% and 16% lower, respectively, than the
reported values. At the DC level, model estimates of energy use were
estimated to be 20% lower than the representative operation. Overall,
the model estimate of total energy use in PO was only 2% higher than
the representative operation. The model indicates that operations for
one box uses 0.81 L of water ad 2.0 KwH of energy. Currently the model
uses fixed rates for water and energy and doesn’t allow consideration of
tradeoffs. A more complete incorporation of production technologies is
needed to address efficiency tradeoffs and cases of water and energy
scarcity scenarios.

3.2. Florida regional estimates

Regional losses were calculated by upscaling optimal decision
variables from the case study. Using Eq. (6) and the acreage of the
representative farm mentioned in Section 2.3, the loss per acre was 113
boxes. Overall, out of 21.6 million boxes of tomato harvested in the
state of Florida, loss due to PHL was 3.6 million boxes, resulting in 16%
monthly PHL. Accounting for average temperature increase of 3 °C
resulted in 2% PHL. Operation-specific water and energy use from the
case study were upscaled to give regional monthly estimates of 50.3
million liters and 28.3 million kWh, respectively.

4. Conclusion

In this study, we enhanced a model for maximizing profit in fresh
produce postharvest operations. The enhanced model allows con-
sideration of postharvest losses, water and energy consumption. This
study addresses a significant gap in the quantification of the interac-
tions of PHL, water, and energy during postharvest operations.
Evaluation of the model with data from representative producer in
Florida and the upscaled results for the state of Florida were compared
with reported values. Overall, the model estimated water and energy
quantities roughly 20% lower for each operation. It is commonly re-
ported that farmers produce beyond optimal levels for many reasons
including potential risk of loss and large fixed costs of operation. PHL
estimated by the model was 22% of quantity harvested for the re-
presentative operation. The upscaled regional PHL were at 16% for the
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state of Florida, which is in agreement with recorded values of fresh
produce PHL. Overall, operation-specific water and energy use from the
case study were upscaled to give regional monthly estimates of 50.3
million liters and 28.3 million kWh, respectively. Such an integrated
modeling framework can be extended to other crops and quantify in-
teractions of water, energy and, postharvest losses to optimize efficient
management practices. Such a PO model can be coupled with produc-
tion models to provide an integrated view of the food system that
considers the dynamics in the pre and postharvest stages, incorporating

Appendix A. Table of Indices, parameters and variables
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feedback mechanisms.
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Indices
deD distribution centers
fePF packaging facilities
keK(@) products of crop j (package, grade)
peEP plot formed by the area in location I planted with crop j
reT™ transportation mode
teT planning periods (days)
ve v harvesting patterns for crop j
wew warehouses available for storage
Parameters
AP, Total area planted in plot p hectares
Clabor hourly cost of field labor
CF; fixed cost per box of crop j
CH; cost of harvesting a box of crop j
Cly cost at warehouse w per pallet of product (pallet/day) including use of water (RP_water) and energy (RP_energy)
CID4 cost of inventory at DC d per pallet of product (pallet/day) including use of water (DC_water) and energy (DC_energy)
CK cost of packing a box of product k which includes packing and casing and use of water (PC_water) and energy (PC_energy)
COLpiq expected color product k with initial color q after n days of harvest (n = th)
csp cost of shipping from plot to packinghouse
CTDg; cost of transportation from DC d to customer i by mode r
CTPDyqy, cost of transportation from facility f to DC d by mode r
CTPWj,, cost from packing facility f to warehouse w by mode r
CTW,yir cost of transportation from warehouse w to customer i by mode r
CTWD,4r cost of transportation from warehouse w to DC d by mode r
EHy,, Expected harvest in units of 0.45 kg (pounds)
Mop Maximum amount of field personal to hire
PCyi price per product k on period t sold to customer i
PNy price per product k on period t in the open market
PROB g estimate of the probability that the product with color q is not accepted by customers based on the time elapsed (n = th)
PS; salvage price of crop j
SHp, if pattern v requires harvest in period h (yes or no)
Tig, days from packing facility f to customer i by transportation mode r
TiD gir days from DC d to customer i by transportation mode r
TiPDy4- days from packing facility f to DC d by transportation mode r
TiPWpyr days from packing facility f to warehouse w by transportation mode r
TiWi days from warehouse w to customer i by transportation mode r
TiWD,y4r days from warehouse w to DC d by transportation mode r
VGrpic percentage of product k from plot p at period h (%)
VQyjq percentage of crop j with quality q in by pattern v (%)
VShj percentage of crop j salvaged at period h (%)
Decision Variables
INVinikga inventory in DC d of product k at period t with quality q harvested at h
INV,yhieqw inventory in warehouse w of product k at period t with quality q harvested at h
LBH; labor hours required to harvest one hectare of crop
NTCuar number of containers sent to DC d from warehouse w in time t by mode r
NTD, 4 number of containers sent to customer i from DC d in period t by mode r
NTlL;, number of containers sent to customer i from facility f in period t by mode r
NTK qr number of containers sent to DC d from facility f in time t by mode r
NTPyr number of trucks sent from facility f to warehouse w in period t by mode r
NTW,yir number of containers to customer i from warehouse w in period t by mode r
Oply, operator hours hired in the field at time h
QHppq harvest (boxes) of quality q from plot p in period h
QPrigr quantity of product k with quality q packed at facility f in period h
QSpy quantity salvaged of crop j in harvesting period h
SCuqfir product k of quality q shipped from facility f to customer i in period t by mode r
SDhkqdir product k of quality q harvested at h shipped from DC d to customer i in period t by mode r
SPhpqs quantity of crop with quality q to ship from plot p to facility f in period h
SPDheqfar product k of quality q harvested at h shipped from facility f to DC d in period t by mode r
SPWhkqfr product k of quality q harvested at h shipped from facility f to warehouse w in period t by mode r
SWhikqwir product k of quality q harvested at h shipped from warehouse w to customer i in period t by mode r
SWDhqwar product k of quality q harvested at h shipped from warehouse w to DC d in period t by mode r
SWOhqw product k with quality q harvested at h sold from warehouse w in period t (Open market)
Xy area of plot p harvested using pattern v (Hectares)

Zew quantity to purchase of product k, in period t for warehouse w
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