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ABSTRACT

Thermal conductivity data are important for fgwdcess modelling and design.
Where reliable thermal conductivity data areav@ilable, they need to be predicted.
The most accurate ‘first approximation’ methady! for predicting the isotropic
thermal conductivity of foods based only on datacomposition, initial freezing
temperature and temperature dependent thermductvity of the major food
components was sought. A key feature of the odgetlogy was that no experimental
measurements were to be required. A multi-stegigtion procedure employing the
Parallel, Levy and Effective Medium Theory madetquentially for the components
other than ice and air, ice and then air respygtis recommended. It was found to
provide the most accurate predictions over dinge of foods considered (both frozen
and unfrozen, porous and non-porous). The Cawdamus model applied in a single
step also provided prediction accuracy withi@%2(on average), except for the
porous frozen foods considered. For greaterracgumore rigorous modelling

approaches based on knowledge of the foodsstewvould be required.
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1. Introduction

Thermal property data are needed for modellmydeesign of food processing
operations. Datta (2007) argued that the imptat®n of advanced thermal
processing models of food is now limited mordh®yaccuracy and availability of
input parameters (which includes thermal condiig) than by computing power or

modelling expertise.

A large number of thermal conductivity data rbayfound in the literature (Houska et
al., 1994; Houska et al. 1997; Rahman 2009, ASIEHR010) and online (e.g.
Nelfood.com, Nesvadba et al., 2004) but most of these datéoarainimally

processed foods. In the event that thermal ptyppata for the food of interest are not
available, to predict them with similar precrsto thermal conductivity

measurement using relatively simple thermal aotidity models would be highly

desirable.

The literature describes a large number of theoonductivity models (Murakami
and Okos, 1989; Maroulis et al., 2002; Carsal.€2006; Carson 2006, Wang et al.
2006; Rahman, 2009; ASHRAE, 2010). Many of tleensimply empirical data-
reduction models, and hence have a limited rahgeplicability. A large number
have theoretical bases, although many of thetude one or more parameters the

values of which must be determined empiricalhdg these often perform well in



49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

model validation exercises (e.g. Murakami and€)k989; Hamdami et al., 2003).
However, if the numerical value of the empirigatameter is an unknown, these
models are of little use if the user intendpaédorm a prediction without

performing any measurements), particularly fpdtle is known about the
microstructure of the food. The aim of this papas to determine the most accurate
model/method for obtaining a first approximat{preferably to within £20%) of the
thermal conductivity of any isotropic food pratitby referring just to its composition
data, initial freezing temperature (if applicgldnd the temperature of the food,

without the need to perform any measurements.

2. Thermal Conductivity Prediction for Foods

The thermal conductivity of food products depead three basic factors:
composition, processing conditions, and strec(Rahman, 2009). Foods may be
considered as mixtures of the following majamponents: water, protein, fat,
carbohydrate and ash (i.e. non-combustible sslitgh as minerals etc). Some foods
may contain a significant volume fraction of a&l/or air (porosity). Temperature is
the most critical processing condition in sa@idl liquid phases although

pressure can be significant too e.g. high pregstocessing (HPP). The
temperature-dependent thermal conductivitigh@imajor food components were
measured by Choi and Okos (1986) and have lepeoduced in a number of other
sources (e.g. Rahman, 2009; ASHRAE, 2010). heige terms, the thermal
conductivities of protein, fat, carbohydrated ash are similar; about three times
lower than that of water, nine times lower thtzat of ice and ten times higher than

that of air.
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It is the dependence of the thermal conductiitthe food on structure that is
accounted for by the thermal conductivity mottethis study only models which
are functions of the composition of the food Hmetmal conductivities of the major
food components only, and do not involve anwapeaters which must be measured

experimentally.

For first approximations, one of two approaamey be employed:
1) Predict the thermal conductivitytloé food of concern in a single step by
using a single model equation
2) Use an algorithm consisting of a banof steps in which more than one

model may be used to predict the thermal camndtyc

2.1 Sngle-Sep Approach

Such an approach is desirable because of ifdisity and relative ease of
implementation. In addition to the requiremdatt they must only require the
volumetric fractions and thermal conductivittdghe components as inputs,
suitable models for first approximations willedeto be able to be applied to multi-
component mixtures and they should treat eaotpoaent equally, and hence require

no knowledge of the food structure.

The simplest thermal conductivity models thaetibe Single-step criteria are,
respectively, the arithmetic, harmonic and ggameeighted means of the thermal
conductivities of the components of the fooderehthe weighting coefficients being

provided by the volumetric fractions of the food
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Parallel Model (Rahman, 2009): ke => kv, (1)

Series Model (Rahman, 2009): K, = 1v (2)
2
Geometric Model (Rahman, 2009): k, = |_| k" (3)

The Series and Parallel models physically mstialctures where the components are
in layers perpendicular or parallel to the tieat direction respectively. The
geometric model represents no particular paysicucture but it is

mathematically simple. The Series and Panaltalels respectively represent the
theoretical lower and upper bounds of the tléoanductivity of mixtures, provided
thermal conduction is the only transport memannvolved (Carson, 2005). It is
therefore unlikely that they will provide thest accurate predictions; however, since
they provide limits it is useful to consideeithpredictions in any modelling exercise.
The predicted values by the Geometric modehaydviie between those predicted by

the Series and Parallel models.

Two other models which meet the single-stefertai are the well-known Effective

Medium Theory model (EMT) (Landauer, 1952):

(4)

()
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The EMT model represents the physical structdere all of the components are
randomly dispersed with each other (co-disp@rnse. no component necessarily
represents a continuous phase. The Co-Consn@i)) model represents a
physical structure where all of the componantscontinuous but intertwined and
none is dispersed. Figure 1 shows plots otthee models (Egs. 1 to 5) for a food
with two components in which the ratio of thatmonductivities of the components

ki/ko) is 20.

The well-known Maxwell-Eucken model (descrilbetow, Eqs. 8 and 9) represents
the physical structure where a component [gedsed in another one which is
continuous. The above single-step criteriaoukethe Maxwell-Eucken model for use
in a single step, since it requires the designmaf a continuous, and a dispersed
phase, and is only capable of handling two aomapts at a time. The Maxwell-
Eucken model is, however, suitable for usenmu#ti-step approach since it does not

contain any empirical parameters.

2.2 Multi-Step Approach

While the single-step, single model approadarsfsimplicity, there is the potential
for greater accuracy from the same input dsitagua multi-step method, since more
than one structural model may be employed.,Alsmponents in foods seldom exist
in a single well-defined micro-structure. Midtep thermal conductivity prediction
methods have been proposed and implementenbpsév(e.g. Maroulis et al., 2002;
Carson, 2006; Cogné et al., 2003); howevey, i method proposed by Wang et al.

(2010) does not employ models containing patarsevhich typically must be
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determined by experimental measurement, smi&asiprocedure will be used in this

study, as outlined below.

Figure 2 shows plots of the predictions of$leeies and Parallel models for four
different thermal conductivity ratiokifk,). The difference between the Series and
Parallel models increases with increasing/ik», and, since this region contains all
the possible effective thermal conductivitigyidedk; andv; are accurate, and only
conduction is involved), it follows that thecantainty involved in thermal
conductivity prediction also increasekgk, increases. Based on the ratio of the
maximum and minimum thermal conductivity comgrats, the problem of thermal

conductivity prediction for foods can be diddato four classes (Carson et al., 2006):

l. Unfrozen, non-porous foodger/Ksoligs = 3)
Il. Frozen, non-porous foodg.{Ksyids ~= 12)
. Unfrozen, porous food&e /Kar =~ 25)

V. Frozen, porous foodk{/ksr =~ 100)

Class | foods with the lowest maximum thernwadductivity ratio are the simplest
foods to predict thermal properties for si@euncertainty involved is relatively low,
as indicated by the small region bounded bys#rges and Parallel models (Fig. 2a).
In this case, most thermal conductivity modelsmonly found in the food
engineering and refrigeration literature withyide predictions of sufficient accuracy.
However, food Classes Il, lll and IV providegter challenges to thermal
conductivity prediction since the thermal cortdty of ice is an order of magnitude

higher than the thermal conductivities of ttieeo components, and the thermal
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conductivity of air is an order of magnitudevé (Figs. 2b — 2d). Further, for frozen
or porous foods the location (structure) ofitieeor air component may be definitive.
The approach recommended by Wang et al. (2810)break the problem down and
deal with the different food components segabwti.e. Class Il foods are
considered as being a mixture of a Class | &vatlice, Class Il foods are considered
as being a mixture of a Class | food and ad, @lass 1V foods are considered as
being a mixture of Class Il foods and air. Tdpproach is schematically illustrated in

Figure 3.

Wang et al. (2010) recommended that thermalwativity model for Class | food
components (as indicated in Figure 3) shoulthedarallel model, since it is the
simplest model yet provides sufficient accuraeg allows for any number of

components. This approach was also adoptedifostudy.

Wang et al. (2009) and Wang et al. (2010) revended that for Class Il foods the
presence of ice should be accounted for usawy’'s model (Levy 1981):

2kice + kI _Z(k B kI)F

1ce

k., =k =k
! 4 klce 2kice + kI + (kice - k| )F

(6)

- _2/G-1+20-v,) ~J[2/G -1+ 20-v,)]> - 81-V,)/G
2

(7)

(k' ~ k|)2

ice

" (K +K)? + Kk, /2

ce

(8)

The Levy model physically represents the stinecivhere the two components are

mixed in a combination of one dispersed inatier which is continuous and vice
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versa in proportions such that the compositelgctivity is the same (i.e. a mixture of

the two versions of the Maxwell-Eucken modestaswn in Figure 4).

Class lll and IV foods require consideratiompofosity in addition to ice, water and
other components. The effect of porosity omntia¢ conductivity is complicated by

the widely differing structures that porousdseanay have, e.g. air may be dispersed
as bubbles in continuous matrix, or it may f@reontinuous phase, as is the case with
particulate foods, or in some cases it mayt @xisoth dispersed and continuous
phases. For a given thermal conductivity ofsihkealled condensed phase (i.e. the
phase containing the solid and liquid compa)ettie thermal conductivity of food

will be significantly higher if the air formsdispersed phase rather than a continuous
phase (Carson et al., 2005). This is bestidtexdd by the Maxwell-Eucken model,
which assumes a structure of one phase spatisplgrsed within another. If air forms
the dispersed phase then the Maxwell-Euckerehasdthe following form (*MEL1”):

=k 2I(u + ka B 2(kn - ka)va

kK . =
" ! 2k|| + ka + (ku - ka)va

(9)

If air forms the continuous phase then it hasfollowing form (“ME2"):

_ 2Ktk —2(k, —k )A-v,)

k . =
MEZTR 2k, +k + (K, —k )A-V,)

(10)

Figure 4 shows plots of the two forms of thexiell-Eucken model, and it is clear
that the form in which air is the dispersedsgh@ponge/foam-like materials) predicts
significantly higher thermal conductivitiesathwhen air is the continuous phase
(particulate materials), other than for vemy lar very high porosities. The EMT, CC
and levy models are also shown in Figure 4y Baeh traverse the space between

ME1 and MEZ2 in different ways due to the stuues they represent.



211  The objective of this paper was to recommepbaedure in which nothing,

212  including the nature of the air distributiomassumed to be known about the structure
213 of the food; however, some general inferencag Ioe drawn about the air-

214  distribution from the porosity of the food. Sifieally, if the porosity is ‘low’ (e.g. <
215 0.3) then itis reasonable to assume (in grtbed the air is dispersed as bubbles.
216 Likewise, if the porosity is ‘high’ (e.g. > Q.then it is reasonable to assume (in
217 general) that air forms a continuous phasettamébod is most probably in

218 particulate form. In the mid-porosity rangetbparticulates (air continuous) and
219 sponge/foam structures (air dispersed) aralpeskleally, a model accounting for
220  porosity would provide similar predictions ke tMaxwell-Eucken model with air as
221 the dispersed phase for low porosities, sinpitadictions to the Maxwell-Eucken
222  model with air as the continuous phase for pigiosities, and predictions which are
223  mid-range between the two forms of the Maxueitken model for mid-range

224  porosities. Figure 4 shows that the EMT modH#il$ these requirements adequately
225  for first approximations (see also Carson .eR8l05), and therefore it is

226 recommended for use in the multi-step procedaraccount for porosity, i.e.

227 Class lll and IV food. The EMT model for theltirstep process is:

228 k||| — (3Va _1)ka + [3(1_Va) —1]k| + \/{(BZa _1)ka + [3(1_Va) _1]k|}2 +8k| ka

(11)

_ (v =Dk, +[3-v,) Tk, + (3, ~DK, +[30-v) Tk + Bk K, o
4

229 K,

230 Egs. 11 and 12 are simply the two-componemdgaf Eq. (4) rearranged to be
231  explicit in terms of the effective thermal cantivity.

232
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2.3 Composition data and ice fractions

When using a multi-step method for Class 1),dt 1V foods, it is important to bear in
mind that intermediate volume fractions mustibed at the intermediate stages. For
example, if a Class Il (frozen, non-porousxfebeing modelled, then the first stage
is to determine the conductivity of the ‘noe:iphase, using the Parallel model. In
this case the volume fractions employed mushée&olume fractions for the non-ice
phase, e.qg. for protein:

v, v,
U, = = (13)
VotV v vty 1oy

1ce

and similarly for the other components. This baymplemented most conveniently
by using the following form of the Parallel nebdrather than Eq. (1):

K = Ko Vy, KoV, + KV + KV + K Vg,
=

(14)
V, FV, FV VY HV

For a complete worked example of this methef@rito Wang et al. (2010).

It is also important to recognise that compasitiata for foods are usually available
on a mass basis, and yet the thermal condiycthodels employ volume fractions,
since thermal conductivity is a volumetric prdpg. The conversion between mass
and volume fractions for liquid and solid coments may be modelled by the

following relationship (Choi and Okos, 1986 hRen, 2009):

— pcond
v, = x, o (15)
P,

where: Pord =—— (16)
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If the food is porous and the porosity (i.e Wolume fraction of air,) has not been
measured it may be estimated from the appévatk) density ) (Choi and Okos,

1986; Rahman, 2009):

-5 an

Density data for the major food componentsiastions of temperature may be found
in the same sources as the thermal conductigity (i.e. Choi and Okos, 1986;
Rahman, 2009; ASHRAE, 2010). Rahman (2009udsss other models for
predicting porosity of foods from compositiordadensity data; however, Egs. (15) to

(17) were deemed to be sufficiently accuratéHis exercise.

The thermal conductivity of frozen foods i®agly dependent on the ice fraction,
which in turn is strongly dependent on tempgegtand therefore an ice fraction
model is required for thermal conductivity potidn. There are several ice

fraction models in the literature (Pham, 198Kiin, 1998; Boonsupthip and
Heldman, 2007; Rahman 2009). Many of theseiregalculations of mole fractions,
which in turn requires estimation of molar nessfor the macromolecules (proteins
and complex carbohydrates). Many contain eggliparameters, and most require
knowledge of the amount of bound or un-freezalater. The empirical model
proposed by Tchigeov based only on total wadatent, system temperature, and
initial freezing temperatur@d) has been found to work well for —45°CI< Tg

and -2 9 < -0.4°C (Fikiin, 1998, Pham, 2014):

—_ 1105xw,total
Xoe 0.7318
1+ ===
In(T: - T +1)

For initial freezing temperatures below —2°@a@re general relationship may be used:

(18)
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Xice = (Xw,total - Xb)(l_-l;-_lzj (19)

Note that in both Eq. (18) and (19) temperaiiie degrees Celsius rather than
Kelvin. If the fraction of bound watexy] is unknown it may be related to the
composition of the food. For example, Pham 7}98commended that for meat
products

X, = 04X, (20)

In this study, Tchigeov’'s method (Eg. 18) wasdifor foods with an initial freezing
temperature above —2 °C, and Pham’s methodl lmessprotein composition (Eq. 20)
was used for foods with initial freezing tengiares below -2 °C. No simple but
sufficiently accurate ice fraction predictioetimod without empirical parameters was
found in the literature. However, unlike therthal conductivity models that contain
empirical parameters which are specific toftloel in question and typically need to
be determined from a thermal conductivity mearsent, the empirical parameters in
Eq. (18) and (Eq. 20) apply generally and doneed to be determined from an ice
fraction measurement, provided, in the cadeqof{18) that the initial freezing
temperature is in the specified range, anthercase of Egs. (19) and (20), the food
contains a non-zero protein content. Therdfoe@ use is consistent with the aim of

predicting thermal conductivity without expeeimal measurements being required.

Initial freezing temperature data are availabldne literature for some foods, and
some predictive models have also been prop@sxhsupthip and Heldman, 2007;
Rahman, 2009). In the absence of any measatadFikiin (2014) recommends the
use of —1.0 °C for first approximations. Irstetudy, measured initial freezing

temperature data were used for all foods censit



300
301 The amount of unfrozen water in frozen foodsingply the difference between the ice

302 fraction and the total water content:

303 X = Xutotar ~ Xice (21)
304

305 3. Comparison of Single Step and Multi-step Predictionswith Measured Data
306 The predictions from each of the five singkepstinodels (Eqgs. 1 — 5) along with the
307  multistep procedures (as illustrated in Figh&je been compared to measured
308 thermal conductivity data from the literatuoe the four different Classes of foods.

309 The difference is defined as:

kexp - kmod

310 5= x 100% (22)

xp

311 Only measured thermal conductivity data whieeemheasurement methodology was
312 proven accurate and the composition of the {oududing porosity) and, in the case
313 of frozen foods, initial freezing temperaturergvavailable were considered for this
314  assessment exercise.

315

316 3.1Class| Foods

317  Figure 5 shows plots of thermal conductivitgdgictions from Egs. (1) to (5) as a
318 function of combined solids content for a ranfj€lass 1 foods at 20 °C (data from
319 Willix et al., 1998). Table 1 summarises therage differencesd) between the

320 model predictions and experimental data fohedc¢he different foods. All the model
321  predictions are within £20%, which is quite gable for a first approximation.

322 Hence the decision to employ the Parallel mwdile multi-step procedure is

323 justified, since it is the simplest model, &mdthe foods considered actually



324  produced the lowest average difference.

325

326 3.2Classll foods

327 Table 2 shows the differences between the nprddictions and experimental data
328 for the same selection of foods (data from iWeét al., 1998); however, this time the
329 temperature is —20°C. The Parallel model nodopgovides sufficient accuracy;
330 however, the Co-continuous and Geometric modslaell as the multi-step

331 procedure (i.e. using the Parallel model fertttermal conductivity of the non-ice
332 components, followed by Levy’'s model to accdonthe ice fraction) all provide
333  predictions within, on average, £20%.

334

335 3.3 ClassllI foods

336  Suitable data for testing the predictions fmmopis non-frozen foods were difficult to
337 obtain, since very often only minimal compasitdata are provided. In particular,
338 bulk or apparent density or porosity data isrohot available in the literature. Many
339 of the data for which composition and tempeeatiata were supplied were highly
330 questionable, since they lay outside the SandsParallel model bounds. Table 3
331 shows the differences between the model predgand experimental data for four
332 different Class Ill foods where all of the @lling data were provided: porosity (or
333  bulk density), moisture content, measuremenp&ature. Where these data were not
334  supplied, the solids contents were assumedl lmasgypical compositions for the
335 particular food in question (Rahman, 2009).1& 8shows that the multi-step

336  procedure (i.e. using the Parallel model fertttermal conductivity of the non-ice

337 components, followed by the EMT model to accdomnporosity) and the single-step
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CC and EMT equations on average provide predEtd sufficient accuracy for first
approximations, with the multi-step proceduvpling the greatest accuracy.
However, differences from individual measureta@vere sometimes greater than
20%, which highlights the greater uncertaintsolved in thermal conductivity

prediction once porosity is introduced.

3.4 Class IV foods

The number of examples of Class IV foods idike&ly small, and the group is mainly
comprised of frozen desserts. Of these, i@neie probably the most widely studied
in the food engineering literature, and thadiatm Cogné et al. (2003) were used
since all the necessary data (composition, éeatyre, initial freezing temperature)
were available. Table 4 shows the differeneta/den the model predictions and
experimental data at two different temperat@&8 °C, and —30 °C). In this instance
the multi-step procedure (i.e. using the Palratlodel for the thermal conductivity of
the non-ice components, followed by Levy’s mddeaccount for the ice fraction,
and the EMT model to account for porosity) hasdear advantage over the single-
step models, and none of the single-step puresgrovided predictions which are

accurate to within £30 %.

Note that while the average difference betwikerthermal conductivities predicted
by the standard Multi-step procedure is witt20%, individual values are
considerably higher (up to 50%). The differebegveen the predictions and the data
increases as the porosity increases. This mayilained by the fact that the air
remains dispersed as discrete bubbles eveghhbe porosity of ice cream increases

well beyond 0.3, and therefore the Maxwell-Euckedel with air as the dispersed
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phase is the more suitable model of the patiusture than the EMT model, which
assumes that air begins to form a continuoasehs the porosity increases. The final
column in Table 4 shows the difference betweg@e®mental data and model
predictions when the porosity is accountedfothe Maxwell Eucken model with air
is the dispersed phase, rather than the EMT mAdealxpected the predictions are
more accurate with the average difference balimgst half of the average difference
when the standard multi-step model using the EMdel is employed. Figure 6

serves to further illustrate this point.

4. Discussion

The results of the prediction comparison exescshow that for foods containing
porosity, both frozen and unfrozen, the muépghermal conductivity prediction
procedure proved to be the most accurate. Thiestep procedure also has the
advantage over the single-step procedure twthide it can be employed without any
knowledge of the structure of the food, thersciope for knowledge of the structure
of the food to be incorporated into the met(azdwas illustrated in Section 3.4).
Other than for the Class IV foods, the singgg-<o-Continuous model provided, on
average, prediction accuracies within thet‘fgproximation’ range of £20% and is

simpler to implement than the multi-step method

On balance, the authors recommend that the-stefi procedure be used since it
provided the greatest prediction accuracy theerange of foods considered, it has
the scope for improving prediction accuracyalgwing for equations at each stage

of the procedure to be changed if structufarmation about the food is known, and
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yet it can also be used with reasonable coméelén the form presented here without

any knowledge of the structure of the food.

5. Conclusion
Using only composition and initial freezingigerature data and knowledge of the
food’s temperature, a multi-step thermal cotiditg prediction procedure provided
the most accurate thermal conductivity predinifor the range of foods considered.
However, the single-step Co-Continuous matsel provided predictions within
+20% other than for food containing both icd air voids. On balance, however, the
multi-step procedure is recommended for gene| since it provided the most
accurate predictions over the widest rangeads$, and also because there is scope
for enhancements to be made within its framkwarlike the single-step method. It
is emphasised that this methodology is intetdefirst approximations based on the

minimum of input data, rather than as a rigenmwdelling framework.
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NOMENCLATURE

Subscripts

1

intermediate variable (Eq. 7)
intermediate variable (Eq. 8)
thermal conductivity (W mK™)
temperature (°C)

volume fraction

mass fraction

difference between experimental value and morgliption

density (kg rit)

intermediate volume fractions

property of component 1
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508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

cond

exp

[, 1, 111V
ice
mod

p

W

property of component 2

property of air
property of ash
property of bound water
property of carbohydrate
property of condensed (i.e. solid/liquid) phase
effective property
experimental property
property of fat
initial freezing property
ith component
property relating the class fidod as defined in Section 2.2
property of ice
property predicted by a model
property of protein

property of water

Figure and Table Captions

524 Table 1: Comparison of the differences betweedigted and experimental thermal

525

526

527

528

529

conductivity values for unfrozen, non-por¢0tass ) foods at 2C

(experimental data from Willix, et al., 1998)

Table 2: Comparison of the differences betweedigted and experimental thermal

conductivity values for frozen, non-porou$a&s 1l) foods at -AT

(experimental data from Willix, et al., 1998)
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Table 3: Comparison of the differences betweedigted and experimental thermal
conductivity values for unfrozen, porous ESI#1) foods [experimental data
Sources: a - Baik et al. (1999), b - Rahn2&09), c - Houska et al. (1997), d -
Houska et al. (1994), e - Carson et al.4200- Muramatsu et al., (2008), g —
Carson (2014), h - Carson and Kemp (2014)]

Table 4: Comparison of the differences betweedigted and experimental thermal
conductivity values for ice cream (Class ¢dd) at -15C and -26C

(experimental data from Cogné, et al., 2003)

Figure 1: Plots of the Series, Parallel, GeameEMT and Co-continuous models for a
binary mixture in whicky/k; = 20

Figure 2 Plots of Series and Parallel modelskiZk, = 3, 2b)ki/k, = 12, 2c)ki/k, = 25,
2d)ki/kz = 100.

Figure 3: Schematic representation of the segi@pproach for predicting the thermal
conductivity of foods

Figure 4: Plots of the Maxwell-Eucken model vathas the dispersed phase (“ME1"),
air as the continuous phase (“ME2") plus theliMo-Continuous (CC) and
Levy models

Figure 5: Plots of the thermal conductivitygietions of Series, Parallel, Geometric,
EMT and Co-Continuous models with experimedddd for unfrozen, non-
porous (Class I) foods

Figure 6: Plots of the thermal conductivitygietions of Series, Parallel, Geometric,
EMT and Co-continuous models, standard Mudfp-gtrediction method, and
modified Multi-step prediction method withpeximental data for ice cream

(Class IV food)



o)

Parallel | Series | Geometric | Co-continuous EMT
Lean beef 0.2 11.6 1.3 0.3 2.0
Beef mince 13.1 9.0 6.1 9.0 12.6
Boneless chicken 5.4 6.8 4.1 5.1 8.2
Pork Sausage meat 11.2 11.6 3.3 6.2 8.9
Trim Pork Mince 13.8 4.2 9.6 114 15.2
Veal mince 10.1 6.8 7.1 9.1 10.9
Venison 5.2 6.5 4.3 53 7.9
Lemon Fish fillets 0.2 12.6 2.7 1.8 2.6
Snapper fillets 5.0 5.7 4.2 5.0 7.7
Tarakihi fillets 5.5 5.9 4.3 5.2 7.8
Cheddar cheese 0.0 21.3 9.9 4.8 6.9
Edam Cheese 0.9 215 9.6 4.6 5.1
Mozzarella cheese 0.2 20.8 8.2 3.7 4.6
Average 5.5 11.1 5.7 5.5 7.7

Table 1: Comparison of the differences between predicted and experimental thermal conductivity
values for unfrozen, non-porous (Class 1) foods at 20°C (experimental data from Willix, et al.,

1998).



o

Parallel | Series | Geometric | Co-continuous EMT Multi-step
Lean beef 29.4 59.7 11.0 16.0 13.3 3.0
Beef mince 87.7 49.6 10.0 14.6 48.9 323
Boneless chicken 33.8 58.5 8.2 13.4 17.1 6.4
Pork Sausage meat 48.8 57.7 13.4 7.0 15.0 5.3
Trim Pork Mince 94.1 43.0 25.5 23.0 64.2 47.5
Veal mince 71.1 51.3 7.5 7.0 42.3 27.2
Venison 39.5 56.2 3.7 9.3 22.3 11.3
Lemon Fish fillets 42.2 55.4 0.9 7.5 25.5 14.4
Snapper fillets 36.7 54.3 2.1 8.8 21.9 11.8
Tarakihi fillets 37.6 54.4 2.1 8.5 22.3 12.0
Cheddar cheese 22.7 58.2 37.3 17.5 29.1 20.1
Edam Cheese 13.8 63.1 42.3 24.9 33.0 259
Mozzarella cheese 334 62.0 33.9 16.5 18.1 15.3
Average 45.4 55.6 15.2 134 28.7 17.9

Table 2: Comparison of the differences between predicted and experimental thermal conductivity
values for frozen, non-porous (Class 1) foods at -20°C (experimental data from Willix, et al.,

1998).



o)
Co- Multi-

V5 range Parallel | Series | Geometric | continuous | EMT step
Cup cake® 0.29-0.83 32.1 59.4 34.4 15.0 27.6 24.6
Defatted soy flour® | 0.54-0.72 59.7 43.4 13.2 11.1 5.9 7.8
Dried beef® 0.67-0.73 25.4 46.8 26.6 8.1 18.5 17.5
Milk powder® 0.40-0.43 17.8 64.5 43.5 28.2 19.8 15.1
Model food® 0.04 - 0.65 10.8 75.4 41.0 39.3 19.2 19.2
Rice' 0.36-0.41 22.4 62.3 28.9 20.9 134 2.7
Sponge Cake® 0.45-0.61 40.0 64.7 35.0 16.7 18.9 10.5
Sucrose powderh 0.44-0.51 34.8 48.4 8.2 5.1 1.2 3.1
Average 28.0 58.6 31.3 20.4 17.4 14.5

Sources: a - Baik et al. (1999), b - Rahman (2009), ¢ - Houska et al. (1997), d - Houska et al. (1994),
e - Carson et al. (2004), f - Muramatsu et al., (2008), g - Carson (2014), h - Carson and Kemp
(2014)

Table 3: Comparison of the differences betweenipted and experimental thermal
conductivity values for unfrozen, porous (Clas} fitlods [experimental data Sources: a
- Baik et al. (1999), b - Rahman (2009), ¢ - Houskal. (1997), d - Houska et al.
(1994), e - Carson et al. (2004), f - Muramatsalgt(2008), g — Carson (2014), h -

Carson and Kemp (2014)]



o)
Porosity | Parallel | Series | Geometric | Co-continuous | EMT Multi-step
Standard | Max-Euck
-15°C
0.13 51.4 84.9 334 394 8.4 4.5 5.8
0.23 62.3 88.2 44.6 43.8 2.4 3.8 8.7
0.33 70.0 89.6 54.2 45.5 9.8 2.1 9.4
0.41 73.2 90.1 60.8 46.2 23.8 11.3 8.2
0.46 72.1 90.3 64.8 46.9 34.6 19.9 5.7
0.6 102.6 | 88.1 67.1 36.2 54.2 38.3 18.9
0.67 105.5 | 86.8 69.1 32.8 64.0 53.9 18.4
Average | 76.7 88.3 56.3 41.5 28.2 19.1 10.7
-30°C
0.13 60.4 86.4 32.8 40.3 15.8 7.0 8.5
0.23 63.5 89.9 47.5 47.4 3.8 11 6.0
0.33 75.5 90.9 56.1 47.8 7.0 2.5 9.3
0.41 73.7 91.6 63.9 49.9 24.8 14.4 4.9
0.46 77.7 91.5 66.8 49.1 345 20.7 54
0.6 115.6 | 89.2 68.6 36.9 55.8 38.6 22.2
0.67 104.6 | 88.8 72.6 37.7 68.5 58.4 13.7
Average | 81.6 89.7 58.3 44.2 30.0 20.4 10.0

Table 4: Comparison of the differences betweenipted and experimental thermal
conductivity values for ice cream (Class IV footl}5°C and -26C (experimental data

from Cogné, et al., 2003)
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Figure 1: Plots of the Series, Parallel, Geometric, EMT and Co-continuous models for a

binary mixture in which ky/k, = 20



17 1
‘ht Seties
0.8 1 08 el e Parallel
_. D61 =
= 5
w04 e
02
|:| T T T T 1
0 02 04 0.6 08 1
L)
2a
3 %
e s
v,
e 2d

Figure 2 Plots of Series and Parallel models: 2a) k:/k, = 3, 2b) ki/k, = 12, 2¢) ki/k, = 25, 2d) ki/k, = 100.
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Figure 3: Schematic representation of the sequential approach for predicting the thermal

conductivity of foods
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Figure 4: Plots of the Maxwell-Eucken model with air as the dispersed phase (“ME1"), air as the

continuous phase (“ME2”) plus the EMT, Co-Continuous (CC) and Levy models
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Figure 5: Plots of the thermal conductivity predictions of Series, Parallel, Geometric, EMT and Co-

Continuous models with experimental data for unfrozen, non-porous (Class 1) foods
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Figure 6: Plots of the thermal conductivity predictions of Series, Parallel, Geometric, EMT and Co-
continuous models, standard Multi-step prediction method, and modified Multi-step

prediction method with experimental data for ice cream (Class IV food)



Different methods for predicting thermal conductivity of foods solely from composition and
temperature data were compared against measured data

Multi-step procedure involving sequential application of Parallel, Levy and Maxwell-Eucken
model provided most accurate predictions on average

Other than for frozen, porous foods, the Co-continuous models also provided predictions

within £20% on average



