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ABSTRACT During transportation, prediction of the Remaining Shelf-Life (RSL) of Fresh Fruits and
Vegetables (FFVs) is critical for planning and quality cost estimation. The Internet of Things (IoT) enables
measured environmental variables to be processed in real-time. However, there is a need for a validated,
real-time computational method that translates environmental measurements to dynamic RSL estimates.
Most existing generic RSL models for FFVs are qualitative, invasive, or static. This study establishes a
generic RSL model for FFVs under dynamic and unplanned logistic conditions. The model is based on
estimating the current rate of general decay based on the expected respiration rate of the product, and
integrating the decay rate with respect to time. Its implementation is non-destructive, non-invasive, and does
not require accelerated shelf-life experiments before deployment. In addition, since the original model is
rather computationally intensive, a surrogate model was proposed to allow the model to be implemented in
fast, real-time applications for ‘Edge IoT.’ Experimental validation of the model using three fresh products
(strawberries, apricots, and spinach) in a domestic refrigerator resulted in a maximum deviation of 1.3 days
in prediction error using the original model and 2.95 days using the surrogate model. Nonetheless, the
predictions made using either the original or surrogate models were statistically sound and not significantly
different from the observed shelf lives of the samples, even at the 0.01 significance level.

INDEX TERMS Remaining shelf life, fresh fruits and vegetables, IoT, food supply chain, qualitymonitoring,
transportation.

I. INTRODUCTION
The waste of Fresh Fruits and Vegetables (FFVs) is a signifi-
cant issue in food supply chain industries. Srivastava et al. [1]
reported that food retailers experience profit margin losses
due to cold chain risks such as transport delays and break-
downs, temperature abuse, and cross-contamination. Food
losses are a burden to society, too, with one-third of all edible
human food wasted annually [2].

It is well known that temperature variability is inevitable
across the supply chain and that in the case of fresh products,
degradation reactions are accelerated at temperatures above
the recommended storage temperatures. Therefore, temper-
ature variability must be accounted for when estimating the
product’s RSL at any point in the chain. IoT makes it possible
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to measure environmental parameters such as temperature
and humidity during transit and communicate these measure-
ments in real-time to the cloud [3] for quality monitoring and
real-time fleet routing optimization [4]. The product’s RSL
can be estimated in real time with a suitable computational
method. A mathematical model that accepts the measured
environmental parameters and outputs the RSL for a given
product in real time is thus pivotal to the success of such
advanced decision systems.

Predicting the shelf-life of sealed, dried, highly processed,
and chemically-preserved foods is well understood and estab-
lished with simple and reliable mathematical models. On the
other hand, predicting the shelf-life of unsealed, unprocessed,
and biologically active foods (such as fresh fruits and vegeta-
bles, milk, fish, and meat) shipped together with other types
of fresh foods under chaotic logistic conditions remains a
largely divisive and elusive problem. This is not due to the
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lack of complex mathematical models that cater to the main
decay factors of such foods. Rather, the numerous limitations,
high specificity to a food species, and the need for destructive
tests and/or time-consuming pre-tests render current theoret-
ical models unsustainable in practice.

In this paper, we present a new, real-time, non-destructive,
highly generalizable computational method to predict the
remaining shelf-life of FFVs under unplanned logistic con-
ditions. The method uses real-time measurements of temper-
ature and humidity and - most significantly - precludes the
need for characterization pre-tests as it is initialized with only
well-documented and easily accessible thermophysical prop-
erties of the product. Moreover, the proposed model has been
validated with three types of FFVs under various packaging
conditions and frequencies of temperature disruptions.

II. LITERATURE REVIEW
During circulation, it cannot be guaranteed that the product’s
recommended storage temperature requirements will always
be met. Consequently, the problem of shelf-life reduction due
to deviation from the recommended storage conditions has
long been of interest to the food science community. There
are five types of decay in relation to FFVs: Preharvest bio-
logical decay, senescence, microbiological decay, chemical
deterioration, and physical degradation [5].

Despite the temperature and headspace gas composi-
tion being just two of many sources of degradation of
fresh produce, they are still considered major predictors of
post-harvest degradation and distribution losses [6]. As a
result, temperature and gas measurements can be used to
provide an optimistic prediction of the RSL. All other sources
of decay, such as vibration and moisture loss, can be ignored
if they are not significantly different from the logistic condi-
tions under which the initial shelf-life was estimated.

Hence, for all future discussions, we shall use the word
‘decay’ to refer to the amalgamation of all post-harvest,
undesirable quality changes that are affected by temperature
and/or atmospheric composition, namely: Senescence, chem-
ical deterioration, and microbiological decay.

In their review, Hertog et al. [7] categorized the modeling
approaches for warehouse management into three groups, all
of which use the measured environmental conditions along
the cold chain. Namely, Statistical Process Control (SPC),
specific quality attribute models, and generic shelf-life mod-
els. SPC models focus on monitoring and correcting environ-
mental conditions, while specific attribute models monitor
a single biochemical attribute over time. The most com-
prehensive approach is the generic shelf-life model, where
the product’s shelf-life is determined considering not only a
limiting quality attribute of the product but also its respiration
activity andmoisture loss.We are interested in the second and
third approaches, as they output an RSL estimate: An action-
able piece of information based on which the storage, sales,
and distribution of perishable products can be optimized,
as opposed to a binary (Keep/Discard) recommendation from
an SPC model.

Most well-known mathematical models of shelf-life tra-
ditionally fall into the second category (specific quality
attribute models), consisting of a primary kinetic model and
one or more secondary models. The primary model consists
of one or more differential equations relating the rate of
change of the food quality index to time, while a secondary
model relates the rate of change of the food quality index
to degradation factors other than time, such as temperature,
pH, water activity, etc. The evolution of the shelf-life (defined
in terms of a food quality index) is found by integrating the
differential equations in the primary and secondary models
over time.

To develop a kinetic model of food degradation, a measur-
able physical, biological, chemical, or sensory property of the
food that strongly correlates with loss of quality and customer
acceptance, Q, is first defined, then experimentally measured
for different storage temperatures and times. Afterward, the
relationship between Q and storage time t at a constant tem-
perature T is fitted with either a straight-line on a linear plot
or a semi-log plot of the data points, whichever is the best
fitting. The differential of this line is of either zero-order or
first-order, based on which the overall kinetics of decay are
classified as either zero-order or first-order kinetics, respec-
tively, and the reaction rate constant k is found at that specific
temperature T. The reaction rate constant k is often a function
of the storage temperature T, thus the need for a secondary
model to account for the effect of temperature on the rate
constant k.
The Arrhenius relationship has been widely used to model

the reaction rate constant, k with respect to T. Eventually,
a specific quality attribute model considers a product to have
reached its shelf-life when the quality index Q reaches a
predefined acceptability limit.

Despite the overwhelming popularity of using traditional
zero-, first-, and second-order kinetics to model degradation
in fresh and horticultural products, [8] asserted that most
food degradation processes do not follow any standard kinetic
model and that shelf-life estimation need not assume a kinetic
model order a priori. Another drawback of using fixed-order
kinetics is that the change in the limiting quality attribute is
often due to multiple biochemical reactions which are not
necessarily of the same order. Moreover, several models of
different order might fit the data points equally well, resulting
in the reaction order not being clearly defined and possibly,
the selection of an inaccurate model that systematically over -
or underestimates the shelf-life [5], [8].

The equally popular Arrhenius model has been classically
used as a secondary model for microbial growth and, conse-
quently, food deterioration models. However, its widespread
adoption has also been greatly criticized. It is perfectly appro-
priate for predicting the rate of reactions between gases in
solutions, but ‘‘makes no sense at all in the description of
microbial growth kinetics’’ [9, p. 932], for several reasons,
including but not limited to: The temperature-independence
of the activation energy, the model’s inability to account
for optimal growth temperature, the irrelevance of the
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Universal Gas Constant R, and (in microbial growth models
specifically), the cumbersome reference to a mol of bacteria
(whichwouldweigh 600,000metric tons), and that it attempts
to model the number of microbial cells or their growth rate,
which is fundamentally different than modeling the concen-
tration of a chemical reactant.

Furthermore, [10] reviewed the appropriateness of the
Arrhenius and two other widely-used secondary models,
namely, the Eyring-Polanyi and WLF models, both of which
were -like the Arrhenius model- originally derived for non-
food systems, and pointed out that a model’s good fit alone
does not assure its validity. They demonstrated that using
those three classical models in the context of food deteriora-
tion is theoretically flawed and that their parameters should
not be given any physical meaning.

Overall, determining kinetic model constants typically
requires tedious accelerated shelf-life studies that must be
conducted for each unique combination of food type, quality
index, and packaging. Nonetheless, the best quality index to
be used as a predictor of deterioration can be different for
each product, and - for the same product- differ for isothermal
versus non-isothermal conditions. For example, [11] found
that the shelf-life of fresh rocket leaves was limited by their
appearance score at 5◦C , but by their ascorbic acid content
under dynamic temperature conditions.

Generally, the use of specific quality attribute models -as
defined by [7]- also entails the determination of the initial
value of the selected food quality index: This may not always
be feasible and expedient. Although the index might be a
quality that can be measured instantly and non-destructively,
such as the color of the product, which can bemeasured easily
with a portable spectrophotometer, it may very well be a
quality that takes much longer to measure, requires a destruc-
tive or invasive procedure, relatively expensive equipment,
or a specialized lab environment such as microbial counting,
for which a sample needs to be incubated for 1-2 days in a
sterilized environment. Without the initial value of the food
quality index, the applicability of many kinetic models in the
FFV sector would be limited.

Equally important practical challenges also include the
real-time determination of FFV pulp temperature non-
destructively, as well as exogenous and endogenous factors
that affect the deterioration rate of FFVs besides temperature,
namely: O2 and CO2 concentrations, and the respiratory cli-
macteric phases characteristic of climacteric fruits, both of
which cannot be captured by a single secondary model for
temperature [12].

The above reasons have instigated research into other
smarter methods of food quality monitoring, such as Time-
Temperature Indicators (TTIs), which are non-destructive and
responsive to the product’s surface temperature rather than
the ambient temperature. TTIs are small, physical devices
in the form of small stickers placed on food packages
that change color irreversibly if a threshold temperature
is exceeded (partial-history TTIs) or when the cumulative

temperature history renders the product unsafe (full-history
TTIs). As they only provide visual cues, they do not provide
quantitative information about the RSL. A recent review [13]
of the commercially-available TTIs shows that all but one
are only qualitative indicators. Moreover, the only quan-
titative indicator simply indicates cumulative temperature
exposure and not necessarily the quality or freshness of the
product. Without quantitative shelf-life estimates available
in real-time, third-order cold supply chain logistics (where
actionable insights and decisions are produced and altered in
real-time [7]) cannot be implemented.

La Scalia et al. [14] developed a battery-powered Smart
Logistic Unit (SLU) that measures temperature, CO2, relative
humidity (RH), and the concentration of Volatile Organic
Compounds (VOCs), contains a GPS module, and has net-
work connectivity to post measurements to a database.
A shelf-life model was formulated and tested on strawberries
based on the linear correlation between VOC level andmicro-
biological growth. In practice, however, many products are
shipped in air-tight packaging, making it impossible for such
a device to detect the CO2 or VOCs emitted by such products.
In addition, several storage-compatible products are often
shipped in a single compartment, in which case, it would be
impossible to isolate the contributions of the different prod-
ucts to the total VOCs emitted and measured in the shared
headspace. They conducted further experiments on strawber-
ries with their SLU in conjunctionwith four shelf-lifemodels:
A kinetic model with the Arrhenius as a secondary model, a
measured-VOCs-based model developed earlier in [15],
a measured-CO2-based model, and a calculated-CO2-based
model [16]. The shelf-life estimates from each of the four
models were compared to the true shelf-life determined based
on microbiological testing. Although they found the kinetic-
Arrhenius shelf-life model to have the smallest percent error,
one cannot conclude that the kinetic-Arrhenius model is the
best overall, as it is the model which takes the fewest exter-
nal factors into account: Temperature only. Furthermore, the
theoretical soundness of using the Arrhenius model for the
shelf-life prediction of food remains a highly divisive issue.
Not to mention that air-tight packaging and/or mixing differ-
ent products in the same storage compartment would render
inapplicable anymodels relying on the direct measurement of
gas concentrations. Therefore, a calculated-CO2-basedmodel
seems the most digestible in theory and expedient practice,
but [16]’s structuring of that model lacks at least two respects:
1) Aerobic respiration was assumed throughout, which may
not always be the predominant mode of respiration under
modified atmospheres, and 2) A constant respiratory quotient
was assumed- whereas it is generally a function of tempera-
ture, storage time, and the concentrations of CO2 and O2 [17].

To summarize, third-order cold supply chain logistics
require advancing generic shelf-life models, rather than spe-
cific quality attribute models. Despite being the most pop-
ular, specific quality attribute models are flawed in their
theoretical bases, are time-consuming (and sometimes too
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expensive) to apply in the last-mile delivery of FFVs, and,
most importantly, fail to capture the effects of dynamic
environmental factors other than temperature. Generic shelf-
life models, in essence, recognize and acknowledge the
importance of environmental effects other than tempera-
ture, such as VOCs, vibration, moisture loss, and cur-
rent respiration activity. However, based on our literature
review, the following challenges hinder the real-time appli-
cation of generic shelf-life models in the last-mile delivery
of FFVs:

1) The dynamic formation of a local, modified atmo-
sphere due to airtight packaging

2) When measured CO2 and VOCs are used to track the
respiration activity, how would such a model handle
a transportation scenario where multiple species of
products are being shipped together in the same com-
partment and sharing the same headspace?

3) The onset of anaerobic respiration in each species when
CO2 gas concentrations reach their maximum tolerable
CO2 limits

4) The changes in respiration rate that occur due to the
onset of anaerobic respiration and due to different cli-
macteric phases

5) Estimation of the product’s pulp temperature dynami-
cally and non-destructively, since the product’s respira-
tion rate is a function of the product’s pulp temperature
rather than its ambient temperature

Hence, the objective of this study is to establish a generic
shelf-life model for FFVs under dynamic logistic conditions
that addresses the above five challenges. The model proposed
in this paper has been designed such that the effects of
instantaneous temperature and CO2 gas concentration in the
local atmosphere are captured without the need for directly
measuring the latter. In addition, the model can be applied
independently of whether the product is in standard air or a
modified atmosphere, shipped alone or with other storage-
compatible products.

A. ABBREVIATIONS AND ACRONYMS
List of Abbreviations
1DO One Door Opening.
3DO Three Door Openings.
CSL Consumed Shelf-Life.
FFVs Fresh Fruits and Vegetables.
IoT Internet of Things.
PDE Partial Differential Equation.
QnD Quick and Dirty.
RH Relative Humidity.
RSL Remaining Shelf-Life.
SLEM Shelf-Life Estimation Model.
SLU Smart Logistic Unit.
SPC Statistical Process Control.
SST Sensor Sampling Time.
TTIs Time-Temperature Indicators.
VOCs Volatile Organic Compounds.

List of Abbreviations The next list describes several sym-
bols that will be later used within the body of the document.

List of Symbols
RSL(t) Remaining Shelf-Life (RSL) at time t .
CSL(t) Consumed shelf-life up to time t .
DR(t) Relative decay rate at time t .
RR(t) Product’s respiration rate at time t ,

[mL kg−1hr−1].
RRo(t) Product’s respiration rate under optimal

storage conditions and standard atmo-
spheric CO2 concentration of 0.04% at
time t , [mL kg−1hr−1].

RRi Respiration rate at time step i,
[mL kg−1hr−1].

symtype Symmetry type, 0 for slab, 1 for a
cylinder, and 2 for a sphere.

hi Surface convection coefficient at
time step i, [W/(m2

·
◦ C)].

Rei Reynolds number at time step i.
Nui Nusselt number at time step i.
Gri Grashof number at time step i.
Pri Prandtl number at time step i.
µhsair,i Dynamic viscosity of the trapped

headspace air, [kg m−1 s−1].
Lc Characteristic length, which is the radius

for a cylinder or sphere, and half the
thickness for a slab, [m].

S Average velocity of the fluid, [m/s].
ϕ Macroscopic porosity of bunched leafy

vegetable.
SST Sensor sampling interval [min].
T (r, t) Product’s temperature at the radial dis-

tance r from the center at time t , [◦C].
T∞i The ambient temperature at time

step i, [◦C].
Tmi Product’s midplane temperature at time

step i, equivalent to
T (Lc/2, SST × i), [◦C].

Ts,i Product’s surface temperature at time
step i, equivalent to T (Lc, SSt × i),[◦C].

ki Product’s thermal conductivity at time
step i, [W/(m ·

◦ C)].
ktpair,i Thermal conductivity of trapped air

pockets within the bunched product at
time step i,, [W/(m ·

◦ C)].
k ′
i Effective thermal conductivity of the

porous bulk geometry at time step i,
[W/(m ·

◦ C)].
khsair,i Thermal conductivity of the trapped

headspace air at time step i,
[W/(m ·

◦ C)].
α′
i Effective thermal diffusivity of the

porous bulk geometry, [m2/s].
Mprod Mass of the product [kg].
CO2Massi Mass of carbon dioxide evolved during

time step i, [g].
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Mhsair Mass of trapped headspace air in the air-
tight container, [g].

Mtpair Mass of trapped air pockets within the
bunched product, [g].

CO2Voli Volume of CO2 in the container at time
step i, [mL].

Vtpair,i The total volume of trapped air pockets
within the bunched product at time
step i, [mL].

Vprod The product volume, including trapped
air pockets.

Vhsair Volume of trapped headspace air, [mL].
CO2Conci CO2 concentration at time step i.
maxCO2Conc Product’s maximum tolerable CO2 con-

centration in the local atmosphere, above
which anerobic respiration begins to
dominate.

ρprod Product’s apparent (bulk) density,
[kg/m3].

ρtpair,i Density of trapped air pockets within the
bunched product at time step i, [kg/m3].

ρhsair,i Density of trapped headspace air at time
step i, [kg/m3].

ρ′
i Effective density of the porous bulk

geometry, [kg/m3].
cp,i Product’s specific heat capacity at time

step i, [J/(kg ·
◦ C)].

cp,tpair,i Specific heat capacity of trapped air
pockets within the bunched product at
time step i, [J/(kg ·

◦ C)].
c′p,i Effective specific heat capacity of the

porous bulk geometry at time step i,
[J/(kg ·

◦ C)].
cp,hsair,i Specific heat capacity of the trapped

headspace air at time step i, [J/(kg·
◦C)].

ėgen,i Rate of heat generation per unit volume
of the product at time step i, [W/m3].

ėgen,i,anerobic Rate of heat generation under anerobic
respiration, per unit volume of the
product at time step i, [W/m3].

ėgen,i,anerobic Rate of heat generation under aerobic
respiration, per unit volume of the
product at time step i, [W/m3].

III. THEORY AND CALCULATION
The decay rate of an FFV may be accelerated by several
factors, such as (1) deviations in temperature from recom-
mended levels, (2) deviations in oxygen, carbon dioxide,
ethylene, and Relative Humidity (RH) from the respective
recommended levels, and (3) damage due to impact and vibra-
tion. Restricting ourselves only to the case of short-lived last-
mile transportation, themost influential of those decay factors
is most likely to be the temperature and local atmospheric
composition, which happen to be, quite possibly, the only
decay determinants that could be measured cheaply, non-
invasively, and reliably inside the refrigeration compartment.

Thus, the following discussion focuses on temperature-driven
decay and considers condensation-driven and damage-driven
decay to be out of scope.

It is widely reported that the decay rate of an FFV is
proportional to its respiration rate [18, p. 71], where the latter
is measured in terms of the CO2 volume evolved per hour
per kilogram of product. Since the decay rate can be inter-
preted as the rate at which the RSL is consumed, we propose
the hypothesis that by integrating the decay rate over the
elapsed time, the integral should equal, or well approximate,
the shelf-life consumed during that time. Should a shelf-life
estimation model be built on that premise and proven to be
statistically valid, it would be extremely useful for cheap
and non-invasive real-time quality monitoring applications.
Mathematically, we first begin by defining the RSL at a given
time instant t as RSL(t) with (1), which is the difference
between the initial estimate of RSL, RSL(0), and the con-
sumed shelf-life up to time t , CSL(t):

RSL(t) := RSL(0)−CSL(t) (1)

where RSL(0) is set by the distributor based on experience or
taken as the maximum shelf-life from handbooks/standards,
e.g., [12] and [19] less the time spent since harvest. The
problem reduces to computing the CSL up to time t , which
is posited to be the area under the curve of the relative decay
rate, DR(t), as in (2):

CSL(t) :=

∫ t

0
DR(t) dt (2)

The current decay rate is defined as the ratio of the product’s
current respiration rate RR(t), to its respiration rate under
optimal storage conditions at time t , RRo(t), under standard
atmospheric CO2 concentration of 0.04%, as in (3). Respi-
ration rates should be ideally sourced from a reliable and
accurate experimental dataset with the same cultivar, origin,
and maturity at harvest as the modeled product.

DR(t) :=
RR(t)
RRo(t)

(3)

Before addressing how RR(t) is calculated, the assumptions
on which the proposed Shelf-Life Estimation Model (SLEM)
is based should be laid out:

1) An initial shelf-life estimate, RSL(0), is known.
2) There are two possible types of packaging:

a) Unsealed: The temperature and composition of
the local atmosphere around the FFV are no dif-
ferent from the ambient atmosphere. The product
exchanges heat with its surroundings either by
forced convection if it is in a refrigerated display
or natural convection in a room-temperature dis-
play. The product may also be in a box with large
hole vents, e.g., strawberries in PET clamshell
boxes.

b) Airtight/Sealed: The product is hermetically
sealed, which forms a local atmosphere around
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the FFV that can differ significantly from the stan-
dard atmospheric composition. O2 levels would
decrease, and CO2 levels would increase due
to the product’s respiration, creating a modified
atmosphere that further inhibits the respiration
rate. The product exchanges heat with its local
atmosphere by natural convection.

3) For airtight/sealed products, the seal is non-permeable
(Perfect seal). The pressure within the sealed package is
approximately atmospheric. The packaging boundaries
are movable, as is the case with polyethylene bags.
Moreover, only CO2 concentration is tracked by the
model and used to predict the onset of fermentation.

4) Non-simultaneous respiration modes: It is assumed
that at any time, one of the two modes of respiration
(aerobic or anaerobic) is applicable. In reality, a fresh
product may utilize the two modes simultaneously, but
usually, one is more prominent at a given atmospheric
composition [12, p. 24], [20].

5) Optimistic estimate of the RSL: Whenever this is a
positive value according to (1), RSL(t) is the time the
product would last if the ambient temperature were to
return to the product’s recommended storage condi-
tions immediately.

6) No exogenous ethylene exposure: The effect of endoge-
nous ethylene is captured by the respiration rate. The
effect of exogenous ethylene, however, is not accounted
for.

7) Transpiration losses are irrelevant: The effect of mois-
ture loss is only unaesthetic but is not assumed to
necessitate spoilage or discarding the product for safety
concerns.

8) No freezing or chilling injury
9) No mechanical damage, cuts, or bruises that may be

caused by vibration during transportation.
10) Heat conduction between individual fruits/vegetables is

negligible.

A. INSTANTANEOUS RESPIRATION RATE
The instantaneous respiration rate RR(t) is the volume of
CO2 gas evolved at time t , per unit mass of the product per
unit of time. However, it would be impractical to measure the
CO2 production rate in the refrigeration compartment, as any
CO2 concentration measured would be impossible to isolate
for each product in a compartment housingmultiple products.
Also, some products may be packaged in open packages,
while others are in airtight packages that do not allow evolved
CO2 to escape and consequently be detected. Therefore, it is
more sensible to calculate - rather than measure - the respira-
tion rate of the modeled product by interpolating on a given
dataset of respiration rates under various temperatures, times,
and CO2 concentrations. Other variables that influence the
respiration rate, e.g., the presence of cuts, bruises, and vibra-
tion level, will be ignored due to the scarcity of experimental
datasets that relate those quantities to the respiration rate.

Suppose the products are packaged in unsealed pack-
aging. In that case, the standard atmospheric composition
is assumed. Thus, the respiration rate under this condition
would become a function of two independent variables (time
and temperature). However, if the products are transported
in airtight packaging, the CO2 evolved due to respiration
is expected to accumulate and create a locally modified
atmosphere, where CO2 concentration is expected to rise
over time. Given an estimate of the volume of air trapped
in the airtight packaging, the CO2 concentration level over
time is calculated. In summary, constructing a respiration
rate function follows the logic depicted in Figure 1, resulting
in two versions of the respiration rate function: One is a
function of two variables, and the other of three variables
(time, temperature, and CO2 concentration).

B. PRODUCT’s MIDPLANE TEMPERATURE
The dataset underlying the scattered interpolant respiration
function in Figure 1 is in terms of the product’s midplane
temperature, not the ambient temperature, e.g., [21] and [22].
Under a dynamic ambient temperature profile, the temper-
ature below the surface at any moment is seldom equal to
the ambient temperature: Fresh products’ tissues are mostly
water which has a high specific heat capacity, resulting in the
product’s thermal inertia. As a result, the measured ambient
temperature T∞ must be first converted to the product’s
midplane temperature Tm before calculating the respiration
rate, RR(t). This is possible by solving the one-dimensional,
transient heat conduction equation with constant heat gener-
ation and constant thermal conductivity:

1
rsymtype

∂

∂r

(
rsymtype

∂T
∂r

)
+
ėgen
k

=
1
α

∂T
∂t

(4)

subject to the following conditions:

∂T (0, t)
∂r

= 0 (5)

−k
∂T (Lc, t)

∂r
= [T (Lc, t) − T∞] (6)

T (r, 0) = Tm (7)

where equations (5)-(7) represent the thermal symmetry,
convection symmetry, and uniform initial temperature con-
ditions, respectively. T (r, t) is the temperature at the radial
distance r from the center of the sphere, cylinder, or mid-
plane of a slab at time t , α is the product’s effective thermal
diffusivity, k is the product’s effective thermal conductivity,
ėgen is the heat generation rate per unit volume of the product.
The value of symtype, the symmetry type, depends on the
product’s geometry, being 0 for a slab, 1 for a cylinder,
and 2 for a sphere. h is the surface convection coefficient,
Lc is the radial distance from the center of the product to
the surface (also called the characteristic length), Tm is the
midplane temperature, and T∞ is the ambient temperature.

A few challenges hinder the direct application of (4) to
the transportation context. For instance, T∞ is time-varying.
Also, ėgen depends on RR(t) and the mode of respiration
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FIGURE 1. Flowchart for constructing the respiration rate function.

(aerobic or anaerobic), as much less energy is released in
the latter. Hence, (4) should be solved once for every Sensor
Sampling Time (SST). In other words, a temperature profile
consisting of m data points would require solving the partial
differential (4) m times, where the midplane temperature
predicted by the previous solution becomes the initial uniform
temperature for the next solution. The loop logic shall follow
Algorithm 1, which is provided in detail in Supplementary
File 1.

C. CO2 EVOLUTION
If the product is in an airtight package - assuming RR(t)
remains constant until the next sampling instant - the volume
of CO2 evolved inside the package during SST minutes is
calculated as the product ofRRi, which isRR(t) of the product
at time step i, the mass of the product, Mprod , and SST .
Adding that value to the CO2 volume in the package at the
start of this time step, CO2Voli, we obtain the incremented
CO2 volume, CO2Voli+1 at the start of the next time step,
as per (8).

CO2Voli+1[ mL] = CO2Voli

+RRi
[
mL kg−1hr−1

]
×Mprod [kg]

×
SST [min]

60
(8)

Consequently, the CO2 concentration inside the package
at the start of the next time step, CO2Conci+1, is the ratio of
CO2 volume at the start of the next time step, CO2Voli+1 to
the total volume of air in the airtight package.

Applying the ideal gas law, the mass of CO2 evolved is
calculated as shown in (9).

CO2Massi[g]

=
101325[Pa] · CO2Voli[mL] · 44.0095

[
g mol−1]

8.314
[
J mol−1 K−1]

·
(
T∞i [◦C] + 273.15

) × 10−6

(9)

D. VOLUMETRIC RATE OF HEAT GENERATION
The current volumetric heat generation rate ėgen,i is calculated
based on the mode of respiration. If the current CO2 concen-
tration is above the maximum tolerable limit, maxCO2Conc,
(which can be found preferably by experimentation or
alternatively, in production guides and handbooks such
as [12, p. 24]), anaerobic respiration dominates, and more
specifically, fermentation. 2.55 Cal of energy is released per
gram of CO2 released under aerobic respiration, whereas
0.242 Cal is released when the product respires anaerobically
by fermentation [23]. Therefore, ėgen,i is calculated for aero-
bic and anaerobic respiration per (10) - (11), as shown at the
bottom of the next page, respectively.

We make the simplifying assumption that at any instant,
the two modes of respiration (aerobic and anerobic) do
not overlap. Therefore, ėgen,i is defined in the model
as per (12).

ėgen,i :=

{
ėgen,i,aerobic CO2Conci ≤ maxCO2Conc
ėgen,i,anerobic CO2Conci > maxCO2Conc

(12)
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E. TEMPERATURE DEPENDENCE OF THERMOPHYSICAL
PROPERTIES
[19, p. 19.3] distinguishes the specific heat capacity of FFVs
above and below their initial freezing points. Hence, the cur-
rent midplane temperature Tm,i is compared to the product’s
highest freezing temperature, and the appropriate value of cp,i
is selected accordingly.

[19, p. 19.12] also cites different values of the product’s
thermal conductivity ki at different temperatures. Thus, ki is
determined by interpolation in the tabulated thermal conduc-
tivity values at Tm,i.

F. MACROSCOPIC POROSITY IN BUNCHED PRODUCTS
The thermophysical properties of FFVs found in the literature
have already accounted for microscopic porosity. However,
in the case of bunched leafy vegetables, e.g., bunched spinach
or lettuce, there are often trapped air pockets between the
leaves of a single bunch or between bunches, as illustrated
in Figure 2.

FIGURE 2. Illustration of types of air entrapment.

Macroscopic porosity influences the heat transfer calcu-
lations for the product and its overall thermophysical prop-
erties. It would not be appropriate to apply (4) to a single
leaf with negligible thickness since most of its surface area
is in contact with other leaves. This is because the pre-
dominant mode of heat transfer to the surroundings of the
leaf is conduction rather than convection. As a result, it is
more appropriate to consider the entire bunch of leaves as
a cylindrical bulk unit. Due to trapped air pockets within the
cylindrical bunch, allowance should bemade for macroscopic
porosity, ϕ ∈ [0, 1] in Step 17 of Algorithm 1, which we
define as the ratio of the initial volume of air pockets Vtpair,1

to the volume of the porous geometry Vprod , as in (13).

ϕ :=
Vtpair,1[mL] × 10−6[m3/mL]

Vprod [m3]
(13)

where ϕ is an input to the model, and Vprod is calculated as
the ratio of the product’s mass Mprod to its apparent (bulk)
density ρprod , as in (14).

Vprod [m3] :=
Mprod [kg]

ρprod [kg/m3]
(14)

We find the thermal conductivity, specific heat capacity,
density, and thermal diffusivity of the porous bulk geometry(
k ′
i , c

′
p,i, ρ

′
i and α′

i, respectively
)
by considering the classic

two-phase mixture problem. Many analytical relations in the
literature have been proposed to describe the effective ther-
mal conductivity of a porous material as a function of the
solid-phase thermal conductivity ki, the thermal conductivity
of trapped air ktpair,i, and macroscopic porosity ϕ. To find the
density of the bulk geometry, ρ′

i , the upper bound of the rule
of mixtures was used per (15).

ρ′
i

[
kg
m3

]
= ρprod

[
kg
m3

]
· (1 − ϕ) + ρtpair,i

[
kg
m3

]
· ϕ

(15)

As for the effective thermal conductivity of a porous
object, [24] proposed four more relations: Maxwell-Eucken,
Landauer’s, Russell’s, and Ashby’s relations, where the rec-
ommended use of each depends on the range of values ϕ lies
in and whether the pore phase is connected. Based on their
recommendations, ki′ is defined using one of the Maxwell-
Eucken, Landauer, or Russell’s relations per (16), as shown
at the bottom of the next page.

According to [25], c′p,i is computed using (17).

c′p,i

[
J

kg ·◦ C

]

=

Mprod [kg] · cp,i [ J
kg·◦C ] +

Mtpair [g]
103[g/kg]

· cp,tpair,i[ J
kg·◦C ]

Mtpair [g] × 10−3[g/kg] +Mprod [kg]
(17)

where Mtpair is the mass of trapped air within between
bunched leaves. As shown in (18), it can be estimated as
the product of the initial density of the trapped air pockets,

ėgen,i,aerobic
[
W/m3

]
=

CO2Massi[ g] · 2.55[Cal/g] · 4.184[ J/Cal] · ρprod
[
kg/m3

]
(SST [min] · 60[ s/min]) ·Mprod [kg]

(10)

ėgen,i,anerobic
[
W/m3

]
=

CO2Massi[g] · 0.24199[Cal/g] · 4.184[J/Cal] · ρprod
[
kg/m3

]
(SST [min] · 60[s/min]) ·Mprod [kg]

(11)
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ρtpair,1, and the initial estimate of the trapped air pockets’
volume, Vtpair,1:

Mtpair [g] =
ρtpair,1[kg/m3]

103
[
kg/m3

g/mL

] Vtpair,1[mL] (18)

The thermal conductivity and specific heat capacity of
trapped air pockets viz. (ktpair,i and cp,tpair,i) are defined as
functions of Tm,i (since the air pockets are assumed isother-
mal with the product) and assuming 100%RH. Hence, humid
air properties must be calculated before applying (15), which
is addressed in §III-G.

Unless the user provides a single overriding value for
the thermal diffusivity of the product, the effective thermal
diffusivity for the bulk geometry is calculated by the model
for every time step as per (19).

α′
i [m

2/s] =
k ′
i [W/(m ·

◦ C)]

ρ′
i

[
kg/m3

]
c′p,i

[
J

kg·◦C

] (19)

The headspace air, by contrast, does not alter the product’s
thermophysical properties but influences the rate of formation
of the modified atmosphere and the calculation of hi. Thus,
the initial volume of headspace air, Vhsair,1, must be provided
by the user if the packaging is airtight. Since the package
boundary is assumed to be movable (as most airtight food
packages are polyethylene bags), Vhsair,i>1 will vary with
T∞,i from the initial user-provided value as per the ideal gas
law applied in (20).

Vhsair,i>1[ mL]

=
Mhsair [g] ∗ 8.314

[
J mol−1 K−1]

∗ T∞,i[ K ]

28.97
[
g mol−1]

∗ 101325 [Pa]
× 106

(20)

where Mhsair can be estimated as the product of the initial
headspace air density ρhsair,1, and the initial (user-provided)
headspace air volume Vhsair,1, as in (21).

Mhsair [g] =
ρhsair,1

[
kg/m3

]
103

[
kg/m3

g/mL

] Vhsair,1[mL] (21)

G. HUMID AIR PROPERTIES
Dry air properties significantly differ from humid air [26].
The air inside refrigeration compartments and freezers is
usually very humid, with RH values reaching up to 98%.

Tsilingiris [27] provides correlations for various thermophys-
ical properties of air as functions of T∞ and RH, which were
applied in our implementation of Step 11 in Algorithm 1 to
find the thermophysical properties of headspace air in sealed
products and of trapped air pockets within bunched products,
specifically: ρhsair,i, ρtpair,i, µhsair,i, khsair,i, ktpair,i, cp,hsair,i,
and cp,tpair,i.

H. SURFACE CONVECTION COEFFICIENT
The surface convection coefficient h is either provided by
the user as a single overriding value or calculated from a
correlation whose parameters should be provided by the user.
Often, literature sources would not provide a single value
of h but instead, report empirical equations of the form Nu =

aRenPrm for forced convection, where Nu is the Nusselt
number, Re is the Reynolds number, Pr is the Prandtl number,
a, n, and m are empirical constants. For natural convection,
however, an equation of the form Nu = b Prm Grq is usually
provided instead, where Gr is the Grashof number, b, m,
and q are empirical constants. Both types of correlations can
be generalized into a Nu-Re-Pr-Gr correlation represented
by (22).

Nu = aRenPrmGrq (22)

where q is zero in a Nu-Re-Pr correlation, and n is zero
in a Nu-Pr-Gr correlation. Single values of h, as well as
Nu-Re-Pr and Nu-Pr-Gr correlations compiled from the liter-
ature for various products under different modes of cooling
and types of packaging, can be found in [19, p. 19.25],
Zogzas et al. [28], and [29], for example. Each of the dimen-
sionless numbers on the right-hand side of (22) are calculated
as per their definitions in equations (23) - (25).

Rei =
ρhsair,i[kg/m3] · Lc[m] · S[m/s]

µhsair,i[kg m−1 s−1]
(23)

The i’th Reynolds number is calculated per (23), where
µhsair,i is the i’th dynamic viscosity of the headspace air, Lc is
the characteristic length, and S is the average velocity of the
fluid [m/s] (and should be provided by the user for forced con-
vection). Generally, S in a refrigeration compartment varies
with time and position [30]. For a domestic refrigerator, the
average air velocity is about 0.22 m/s [31]. Nonetheless, the
transportation context requires consideration of a refriger-
ated trailer compartment. The user should consider the least

k ′
i :=



ki
ktpair,i + 2ki + 2ϕ

(
ktpair,i − ki

)
ktpair,i + 2ki − ϕ

(
ktpair,i − ki

) ϕ < 0.15

1
4

[
ktpair,i(3ϕ − 1) + ki(2 − 3ϕ) +

√(
ktpair,i(3ϕ − 1) + ki(2 − 3ϕ)

)2
+ 8kiktpair,i

]
ϕ ∈ [0.15, 0.65)

ki
[
ki + ϕ2/3

(
ktpair,i − ki

)]
ki +

(
ktpair,i − ki

) (
k2/3tpair,i − ϕ

) ϕ ≥ 0.65

(16)
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ventilated compartment region where products are most
prone to spoilage.

The i’th Prandtl and Grashof numbers are defined per
equations (24) and (25).

Pr i =

cp,hsair,i
[

J
kg·◦C

]
· µhsair,i[kg m−1 s−1]

khsair,i[W/(m ·◦ C)]
(24)

Gri =

(
9.81

[
m/s2

])
· ρhsair,i

2
· Lc3 ·

(
Ts,i − T∞i

)(
T∞i [◦C] + 273.15

)
· µhsair,i

2

(25)

where Ts,i is the i’th surface temperature, cp,hsair,i, khsair,i,
and ρhsair,i are the i’th specific heat capacity, thermal con-
ductivity, and density of the trapped headspace air, respec-
tively. Since the user provides parameters a, n, m, and q, the
right-hand side of (22) is thus determined, and the i’th Nusselt
number is found.

Since h = Nu·khsair /Lc, then the i’th convection coefficient
is:

hi =
Nui · khsair,i [W/(m ·

◦ C)]
Lc [m]

(26)

I. SOLUTION OF THE HEAT CONDUCTION EQUATION
The one-dimensional transient heat conduction equation
with constant heat generation is to be solved. Skeel and
Berzins [32] provided a numerical solution algorithm for
1-D parabolic and elliptic PDEs that can be used as a library
program. It is available in MATLAB as the function called
‘pdepe,’ which will be used in our implementation to solve
the heat transfer problem and referred to hereinafter as the
numerical method. However, repetitive calls to the function
become time-consuming. Performance tests1 reveal that a
single call to this PDE solver for the smallest possible mesh
size (3 × 3 mesh) takes up 2.27 seconds at best. This is
problematic when a SLEM is integrated with an optimiza-
tion engine solving a vehicle routing problem, which would
repetitively query the SLEM for various delivery scenarios.
For this reason, we devised a ‘quick and dirty’ approximation
or surrogate model to the numerical solution of the PDE using
a combination of analytical solutions for situations where
computational speed is favored over accuracy. The Quick
and Dirty (QnD) approximation method is fully laid out in
Supplementary File 2 as Algorithm 2.

IV. MATERIAL AND METHODS
Samples of three types of fresh products are subjected
to pre-defined dynamic temperature profiles until they are
observed by the experimenters (through sensory evaluation)
to have spoiled. The observed spoilage time is to be compared
to the predicted spoilage time output by the SLEM, given
the product’s properties, packaging condition, and ambient
temperature profile.

1Conducted on a quiescent machine with an 8th Generation Quadcore
1.60-3.90 GHz CPU and 16 GB RAM.

The three products considered for experimental valida-
tion are strawberries (cv. Elsanta) in PET Clamshell boxes
with large vent holes, bunched red spinach (cv. Amaranthus
dubius) in sealed polyethylene bags, and apricots (cv. Prunus
armeniaca, L.) on expanded polystyrene foam dishes.

A. SETUP
The experimental setup consists of a mini-fridge - set
to 0◦C - placed outdoors, where the outdoor temperature can
reach up to 40◦C during Summer. The purpose of this setting
is to simulate the situation where the refrigeration compart-
ment in a truck is opened to a high-temperature ambiance
during loading and unloading events. Once a transportation
trip is simulated (by opening and closing the mini-fridge
intermittently with the products inside), the products are
moved either into an indoor domestic fridge set at 6◦C (to
simulate refrigerated display at a retailer) or to the indoor
kitchen counter at room temperature (to simulate retail show-
room display). The temperature to which the products were
exposed was logged every 3 minutes using an Efento Blue-
tooth Low Energy wireless temperature sensor with +/−2◦C
accuracy connected to a DAQ. However, the sensor did not
provide the option of measuring RH, so it was not logged.
The ambient temperature logged during the experiments are
reported in Supplementary File 4 as charts and are also avail-
able in tabular format in the public data repository available
at https://data.mendeley.com/datasets/kphtgxn3ff.

B. DESIGN
Three homogeneous samples from each product were sub-
jected to three different treatments. The products were not
washed or moved into different packaging. For each prod-
uct, the first sample (control) was directly stored at the rec-
ommended retail temperature until spoilage without being
placed in the outdoor mini-fridge. The second and third
samples were placed in the mini-fridge located outdoors for
some time to simulate transportation from the distribution
center (DC) to the retail center. In the case of One Door
Opening (1DO) treatment, the mini-fridge door is opened
for 10-15 minutes to simulate product exposure to the hot
outside temperature while unloading the truck at a retail
center before it reaches the last retailer. In the case of the
Three Door Openings (3DO) treatment, the mini-fridge door
was opened three times at regular intervals. Finally, the 1DO
and 3DO samples were transferred indoors and stored at their
recommended retail temperatures.2

To judge whether a sample had spoiled, the experimenter
visually checked the samples regularly and recorded any
signs of spoilage. A sample is declared spoiled for strawber-
ries and apricots when the experimenter first notices white
mold. Spinach, however, does not usually spoil by growing
fungi but rather by bacterial soft rot, making the leaves wilted

2Spinach and strawberries are usually retailed in refrigerated displays
at about 6◦C, while apricots are retailed at room temperature display at
about 25◦C.
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and saggy. Though the onset of spoilage may begin before
mold or sagginess becomes visible to the human eye, visual
checking is, nonetheless, the predominant screening method
used by end customers to gauge the freshness of the FFV
sample they intend to purchase. It is also worth noting that
the onset of visible mold will depend on the initial deposition
of spores, which varies from field to field and will depend on
the cultivation method. This is where the model input RSL(0),
i.e., the initial remaining shelf-life, comes in handy. This
input, as explained earlier, should be most preferably set by
the last-mile distributor based on experience with transport-
ing that species or cultivar and the conditions under which it
was cultivated, harvested, prepared, and shipped up until that
point in the supply chain. Only in the unfortunate event that a
last-mile distributor has no prior experience transporting the
product should the midpoint of the shelf-life ranges reported
in handbooks or standards be used as a last resort. Table 1
summarizes the test-run settings and the observed spoilage
times.

TABLE 1. Experimental treatments and results.

V. RESULTS
Based on the model inputs reported in Supplementary File 3
(including the respiration rate vs. time and temperature
datasets as well as other FFV properties used to initialize
the model), the predicted RSLs and error quantities derived
using the numerical method are reported in Table 2, while the
same is reported for the QnD method in Table 3. We define
the model error as the percent deviation of the predicted
RSL from the observed RSL. Since the numerical method
is presumed to yield the model’s most accurate prediction
of the RSL and the QnD method being proposed as a sur-
rogate, faster method to potentially substitute the numerical
method in real-time applications, the approximation error
was defined as the percent deviation of the QnD prediction
from the numerical method prediction.

Graphical results were extracted from the model in each
run. Since 24 graphs were generated by the model for the
12 tests ran for validation (6 runs using the original model
and 6 using the surrogate model), they would be too many
to report in this manuscript. Therefore, the graphical results
have been provided in Supplementary File 4. Nonetheless,
the graphical output generated for Strawberry (1DO) using
the numerical method is shown in Figure 3 and Figure 4 to
demonstrate the typical output from the Matlab program.

TABLE 2. Experimental results and error analysis for the numerical
method.

TABLE 3. Experimental results and error analysis for the quick and dirty
(QnD) method.

The produced charts plot the time evolution of T∞ and
Tm temperatures, DR(t), CSL(t), and RSL(t). Recall that
the model estimates the area under DR(t) curve by trape-
zoidal integration to obtainCSL(t). The product is considered
spoiled when the cumulative integral under the DR(t) graph
equals RSL(0). In the following section, the statistical sound-
ness of the model and its behavior across the three products
considered in this study are discussed.

VI. DISCUSSION
A. HYPOTHESIS TESTING
In all trials, Samples under 3DO condition were always
observed to spoil sooner than those under 1DO. Likewise,
samples that experienced any number of prolonged door
openings spoiled sooner than the control samples that did
not experience any prolonged door openings. A two-factor
ANOVA test (without replication) was performed on the
observed shelf-lives, where the two factors are the product
(Strawberry, Spinach, Apricot) and the treatment (Control,
1DO, 3DO). The ANOVA test results are reported in Table 4.
The p-value for columns in Table 4 is 0.001162, showing

that the observed shelf lives across the treatments are signif-
icantly different from one another, even at the strict 0.01 sig-
nificance level. The model agrees with this result, predicting
shorter lifetimes for 3DO samples than 1DO samples for
all FFVs regardless of the method used (whether numerical
or QnD). Another important hypothesis we’d like to test
is whether the RSL predicted by the model is significantly
different from the observed RSL for each combination of
product and treatment. This calls for three more two-factor
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FIGURE 3. Temperature and decay rate for strawberry- sample 1DO - numerical method.

TABLE 4. Results of ANOVA test conducted on observed shelf-lives across
different treatments and products.

ANOVA tests, where one test would compare the observed
RSL to the RSL predicted by the model using the Numer-
ical method (see Table 5), another test would compare the
observed RSL to that predicted by the model using the QnD
approach (see Table 6), and the third would inspect whether
the predictions made by the model under the Numerical and
QnD methods are significantly different from one another
(see Table 7).
The p-value for columns in Table 5 (0.945783) is quite

large, revealing that the predictions made by the model using
the Numerical method are not significantly different from the
observed shelf-life, even at the 0.05 significance level. This
conclusion supports the validity of the model despite its many
simplifying assumptions.

TABLE 5. Results of ANOVA test conducted on observed and predicted
RSL (numerical).

Next, we’d like to assert whether the model’s predictions
using the QnD method are statistically different from the
observed RSL.

The large p-value for columns (0.449737) in Table 6
demonstrates that, once again, predictions made by the model
under the QnDmethod are not significantly different from the
observed shelf lives, lending validity to the surrogate model.

Finally, we’d like to check whether the differences between
the predictions made by the model under either method
(Numerical or QnD) are statistically significant.
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FIGURE 4. Shelf-Life chart for strawberry- sample 1DO - numerical method.

TABLE 6. Results of ANOVA test conducted on observed and predicted
RSL (QnD).

Table 7 shows that the differences between the predictions
made under either method is also not statistically signifi-
cant due to the p-value (0.164261), which is larger than the
0.05 significance level.

B. MODEL ACCURACY ACROSS PRODUCTS
Upon inspecting the model errors in Tables 2 and 3, the
SLEM is most accurate for strawberries, for which the
model and approximation errors are less than 1% and well

TABLE 7. Results of ANOVA test conducted on predicted RSLs under
numerical and QnD methods.

below +/−1 day. For sealed-bunched spinach, however, the
numerical method yielded much more acceptable results than
the QnD method, with the former not exceeding 1.5 days in
prediction error, while QnD prediction for this case reached
2.9 days in error, possibly due to the length of the spinach
experiment, which was almost twice as long as those of
strawberries or apricots. Thus, there was more room for
approximation errors in QnD calculations to accumulate.
Moreover, the sealed and bunched spinach problem involved
several sources of error, namely, the assumption of a perfect
seal and human error in estimating (1) the exact time the
spinach samples were declared to have spoiled (since spinach
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leaves spoil less noticeably by wilting as opposed to forming
mold), (2) the volume of trapped headspace air Vhsair , and
(3) the macroscopic porosity ϕ. It is noteworthy that the
model results were exceptionally sensitive to the value of ϕ.
Therefore, we recommend using the Numerical method for
estimating the midplane temperature of sealed, bunched leafy
vegetables.

As for apricots, both QnD and the Numerical methods
performed acceptably well, with a maximum of 1.2 days in
prediction error and negligible difference between the pre-
dictions made using the two methods. Hence, we have no
reservations about using either method for unsealed fruits,
whether or not they are climacteric.

It is noted that the SLEM consistently overestimated the
RSL for apricots. This is likely due to the apricot’s decay rate
being accelerated by exposure to exogenous ethylene, which
is unaccounted for in the model. Even though the model and
approximation errors are high in terms of percentages, they
could still be tolerable, considering that they are no more than
1.2 days in error and the fact that a model which accounts
for endogenous ethylene production and its interaction with
temperature and time is still an improvement over models
that do not account for the variation of either endogenous or
exogenous ethylene interaction over temperature and time.

VII. CONCLUSION
This paper presented a white-box Shelf-Life Estimation
Model (SLEM) implemented in Matlab, which uses any
ambient temperature history to estimate the RSL of an FFV in
real time. The proposed SLEM was validated experimentally
for three fresh products in sealed and unsealed packaging
under dynamic temperature profiles. The model performed
well with unsealed strawberries and apricots, with errors
ranging from 0.04 to 1.2 days in error. The model was
exceptionally superior for strawberries, an exemplary non-
climacteric fruit.

A surrogate method (QnD) was proposed for computing
the pulp temperature for fast, real-time applications, which
also produced acceptable results for strawberries and apri-
cots, but performed poorly for bunched and sealed spinach.

Despite simplifying assumptions, the SLEM was found to
generate statistically sound predictions nonetheless, which
supports the view that the respiration rate and its interaction
with time, temperature, and the local CO2 concentration are
the key predictors of decay, notwithstanding the effects of
microbiological activity, relative humidity, and exogenous
ethylene.

Even though the original and surrogate model results are
statistically sound, the surrogate model is not recommended
for sealed fresh products or prolonged experiments if pre-
diction errors exceeding 2 days are unacceptable by the end
customer.

Although the transportation context was targeted, all key
inputs to the model are independent of whether the product
is in motion or at rest. Therefore, it can also be applied
in cold stores and showrooms for dynamic product pricing

and inventory valuation. Another potential application is in
vehicle routing problems where the cost of poor quality is to
be minimized.

In summary, we consider this model to be a promising
solution for quality monitoring and last-mile routing opti-
mization problems. It is non-destructive, non-invasive, and
cost-effective as it does not require any additional sensors
besides a temperature and humidity sensor.

For future work, some future upgrades may be added
to improve versatility, e.g., accounting for the permeabil-
ity of different types of plastic bags, tracking the levels of
O2 to better predict the onset of anoxia, and the interaction
effects between ethylene-generating and ethylene-sensitive
products.
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