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Abstract: Fiore Sardo (FS), a traditional Italian cheese, is present in the market as a heterogeneous
variety of products. The use of heat-treated (HT) milk is forbidden by the official production protocol,
but no official analytical method able to detect heat application is yet available. Here, a combined
magnetic resonance imaging (MRI) relaxometry and image analysis approach to recognize FS made
from raw milk is presented. Artisanal FS cheeses were produced from raw milk (RC) by five shepherds
in accordance with the official protocol. They were compared to HT-milk counterparts (HTC).
Additionally, industrially manufactured commercial FS cheeses (I) were also purchased and compared
to RC and HTC. Relaxometry data of FS indicated the presence of two water populations; the ratio of
characteristic relaxation time constant T, and area fraction (Score, S) of the fastest relaxing population
was used to compare RC, HTC and I samples. RC from HTC were successfully discriminated, the
latter exhibiting lower § (enhanced protein hydration). I cheeses exhibited the lowest § values,
sometimes comparable to HTC. Since visual appearance of RC and HTC is appreciably different,
an image analysis deep learning approach using MRI and photographic pictures was adopted to
discriminate the two productions, with promising percentages (>93%).

Keywords: magnetic resonance imaging (MRI); image analysis; Fiore Sardo; cheese; microstructure;
dairy chemistry; thermised milk; raw milk; protected designation of origin

1. Introduction

Protected Designation of Origin (PDO) describes a group of agricultural/food prod-
ucts originating from a specific geographical area, for which production, processing and
preparation must take place according to a recognised know-how [1].

In the European Union, 185 cheeses are registered as PDO products; this number rises
to 231 if cheeses registered as Protected Geographical Indications (PGI) are considered [2].
A first classification of these products can be made based on milk processing. A total of 91
cheeses out of 231 (PDO + PGI) compulsorily require the use of raw milk; in other cases,
the use of both raw and pasteurized /heat-treated milk is allowed. The lack of a specific
requirement allows producers to freely decide how to process milk, leading to cheeses
characterized by very different attributes [3].

The effects of milk heat treatment on cheese features have been extensively investi-
gated and explained. From a microbiological and sensory point of view, the heat treatment
depletes pathogens along with the characteristic microbiota, resulting in a more uniform
final product that exhibits a less characteristic flavour profile compared to the raw milk
counterpart [4]. From a technological point of view, though the application of a heat treat-
ment guarantees improved hygienic conditions during processing and a better safety of the
final product, it can result in an impaired coagulation and syneresis and in an alteration of
cheese rheology and texture [5,6].
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Fiore Sardo PDO (FS) cheese is the oldest cheese of Sardinia (Italy), being historically
produced by shepherds in very small artisanal cheese factories. It must be obtained ex-
clusively using raw whole milk from the Sarda Sheep breed. The official cheesemaking
protocol still follows the ancient traditional process [7]. The peculiarities of the manufactur-
ing process confer to Fiore Sardo a firm, crumbly and grainy texture, which easily breaks
into flakes, and a savoury, piquant and smoky flavour [8-11]. Market offer is characterized
by a quite heterogeneous variety of Fiore Sardo PDO, with very different quality attributes,
with almost 90% of the product supplied by the dairy industry (Agris Sardegna, 2015).

In particular, the use of heat-treated milk for FS production has been associated with
common industrial processing practices [12-15]. Previous studies concluded that this
practice cannot be excluded [16] and that it is not unrealistic that some FS are manufactured
using heat-treated milk, against the specifications indicated in the EC Regulation. From a
scientific point of view, several chemical and physical characteristics of some productions
were found to be reasonably explained by assuming the effects of thermal treatments
on milk [16]. This is also supported by the fact that no official analytical methods able
to discriminate between ewe milk cheese obtained from raw and thermised milk are
available [17].

Some analytical techniques able to discriminate products made from raw milk and
heat-treated milk have been proposed for product quality safeguards [17-21].

Analytical approaches based on nuclear magnetic resonance (NMR) relaxometry are
particularly interesting. This technique was previously applied to describe the thermal
denaturation of whey proteins and other milk components. Lambelet et al. [22], for example,
demonstrated that irreversible thermal denaturation of whey proteins can be detected by
low-field NMR. They observed that when NMR transverse relaxation rates were plotted
versus heating temperature, a sigmoid curve was obtained, with relaxation rate values
showing a steep increase from about 60 °C to about 80 °C, and a flex corresponding to milk
thermisation /pasteurization temperatures usually adopted in dairy industrial processing
(64 °C to 72 °C range). Later work by the same research group extended the results to
other milk components and dyalized skim milk [23], suggesting the suitability of NMR
relaxometry for measuring the thermal denaturation of milk proteins. Recent works, based
on a high sample numerosity and exploiting an experimental setup more closely resembling
real industrial processing conditions, demonstrated that the effect of heat treatment on milk
is transferred to NMR relaxometry characteristics of both rennet curd and aged cheese. Raw
and heat-treated milk [24] and derived curds [25,26] could be successfully discriminated by
benchtop low-field NMR relaxometry. A similar discriminative ability of NMR relaxometry
was also observed in ewe milk mature cheese by high-field magnetic resonance imaging
(MRI) [19].

The aforementioned investigations demonstrated the sensitivity of NMR relaxation
parameters to key cheesemaking processes (mainly thermal treatments of milk) in real dairy
systems (whole milk, curds, mature cheese), suggesting the suitability of NMR relaxometry
as a valid and useful tool in quality control activities in the dairy industry and for the
safeguard of typical dairy productions.

In this study, heat treatments of milk were intentionally applied to produce FS cheese,
and NMR relaxometry of raw and heat-treated FS were compared. Moreover, a comparison
between artisanal and some industrial FS, the latter purchased from the market and visibly
different from the typical FS PDO, was carried out for a more comprehensive evaluation
of the effect of production chain on relaxometry features and aiming to optimize the
exploitation of NMR relaxometry to assess the adherence to the official production protocol.
MRI was used to compare heat-treated samples to their raw counterparts. A supplemental
investigation was also carried out by exploiting image analysis protocols on a selected
subset of MRI images and digital pictures in order to correlate process-induced changes
with MRI image features and the visual appearance of samples.
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2. Materials and Methods

Two sets of experiments were carried out, as summarized in Table S1. The first dataset
(Dataset 1) was acquired by analysing samples made by different artisanal producers in
different seasons. Additionally, a selection of industrial cheeses was purchased from the
local market and subjected to the same analytical protocol used to characterize samples
from Dataset 1.

2.1. Production of Fiore Sardo (FS) Cheese
2.1.1. Dataset 1

Five shepherds (51, S2, S3, 54, S5) who were artisanal manufacturers of Fiore Sardo
were selected for cheese sample production. Each shepherd produced a total of 20 cheese
wheels in two different seasons (March—April 2019, Season 1; January—February 2020,
Season 2; 100 cheese wheels in total for the two seasons). Ten wheels out of 20 were
produced from raw milk, while the remaining ten were produced from the same milk
after thermisation. Milk thermisation was carried out in different industrial plants, using
plate heat exchanger modules. Cheesemaking was performed according to the official
cheesemaking protocol [7,9], but milk thermisation was used for selected samples. Aged
cheese samples were collected after 105 and 180 days of ripening in each shepherd’s cellar.
One quarter portion of each cheese wheel was sampled at each of the abovementioned
time points, for a total of 10 wheels per producer per ripening time, 5 of which were made
from raw milk (RC) and 5 from heat-treated milk (HTC).

2.1.2. Dataset 2

Industrial FS cheeses with similar ripening (6—8 months) were purchased from the
local market in different seasons (January—-November). Both cheeses manufactured by
industrial dairy factories (11 samples) and from a maturer industry (2 samples) were
purchased. Maturer industries buy Fiore Sardo from artisan producers and ripen these
cheeses in their industrial cellars for several months, until they can be released to the
market, i.e., after at least 105 days of ripening, according to the official cheesemaking
protocol. Fiore Sardo PDO cheeses from the maturer industry are sold with the industrial
brands, but milk is processed by shepherds and small artisans according to traditional
processes [9]. A schematic representation of sample production and experimental plans
(relative to both Dataset 1 and Dataset 2) is reported in Figure S1 (Supplementary Material).

2.2. Magnetic Resonance Imaging (MRI) Analysis

Each analytical sample of cheese subjected to MRI analysis represented the most
central part of the cheese wheel, as schematically depicted in Figure S2.

In brief, each quarter was carefully cut in the portion corresponding to the wheel
centre to obtain one cylindrical sample (diameter 2.3 cm, height 3—4 cm) to easily fit into
a 50 mL Falcon tube. All samples were equilibrated to 22 °C for 1 h before MRI analysis.
MRI experiments were performed using a Bruker Avance 300 MHz equipped with a
microimaging Micro2.5 probe (Bruker Biospin, Karlsruhe, Germany) at room temperature
(approximately 22-24 °C). A conventional Carr Purcell Meiboom Gill (CPMG) spin echo
sequence was used with the following parameters: single 1 mm slice; echo time (TE) =
7.907 ms; repetition time (TR) = 3 s; echoes = 64; matrix = 128 x 128; number of excitations
= 1-3; acquisition time = 25 min. To selectively analyse signals from water, the fat signal
was suppressed, taking advantage of the different chemical shifts of fat and water at 7.05
T, with a 90° selective pulse applied before the conventional CPMG spin echo sequence
at a frequency offset of 3.5 ppm with respect to water (preparatory fat saturation scheme
provided by Bruker Topspin). All MR images were characterized by a signal to noise ratio
higher than 100.
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The AnalyzeNNLS software package was used to deconvolute the multi-exponential
transversal relaxation time (Ty) decay of water proton signals [27]. Bruker MRI image data
were converted into multiecho image data (MEID) files (Matlab, R2020b, The Mathworks,
Sherborn, MA). Regions of interest (ROIs) were manually drawn on the MEID file (five ROIs
for each image) and automatically processed to obtain the geometric mean T, (T relaxation
time constant, corresponding to the maximum intensity of the peak, on a logarithmic scale)
and the area fraction (obtained by dividing the sum of the T, distribution within a desired
region between T, min and T, max by the sum of all T, distributions).

2.3. Moisture Content

Moisture content was measured using the rapid determination method for cheese
(130 °C, 90 min; [28]).

2.4. Statistical Analysis

The effect of thermisation was evaluated by comparing MRI parameters (geometric
mean T, and area fractions) between RC and HTC by using univariate Student’s ¢-test. An
additional statistical comparison (one-way ANOVA, followed by Tukey post-hoc test) was
performed to compare each shepherd’s (i.e., artisanal) production to the industrial and
maturer industry cheeses. Industrial cheeses (11 samples) were considered as a unique
group of data, as were maturer cheeses (2 samples). Both tests were carried out with the
MetaboAnalyst tool (https:/ /www.metaboanalyst.ca, v.5, accessed 20 November 2020) [29],
considering a significance threshold limit of p < 0. 05. Box plots were obtained using
MetaboAnalyst.

2.5. MRI Data Conversion

T, MRI Bruker Paravision raw 2dseq data from full Dataset 1 were first converted to
Neuroimaging Informatics Technology Initiative (NIfT1, .nii) format using Bru2nii software
(Bruker2NIfTT v1.0.20180303: by Matthew Brett, Andrew Janke, Mikaél Naveau, Chris
Rorden, Windows 64-bit) with a resizing factor of 10. Then, the 64 slices from each NIfTI file
were converted in JPEG format using a Matlab script first developed by Alex Laurence [30].
Only MRI images derived from the first MSME slice (TE = 7.907 ms) were used for deep
transfer learning classification purposes.

2.6. Photographic Acquisition and Processing of Cheese Paste Surfaces

Snapshots of the surface of Fiore Sardo cheese from Dataset 1 produced in Season 1 at
105 days of ripening were taken using a Machine Vision System (MVS) assembled in our
laboratory. Briefly, our MVS consisted of a portable plastified (PVC) white light-box (24
x 23 x 22 cm) equipped with a USB LED strip of white-light-emitting diode lamp (input
5V, lumen 550, colour temperature 6500 K), assembled on a metallic support and directed
upwards at a 90° angle with a cardboard box wall (Figure S3). Photos were taken without
flash using a 25-megapixel-wide camera integrated in a Galaxy A50 smartphone. Cheese
quarters were placed under a dark background and manually adjusted to be below the
camera with a fixed distance of 25 cm. All operations were carried out in a dark room
to minimize the effect of outside light. The acquired images (Joint Photographic Expert
Group—JPEG; 24-bit colour depth, spatial resolution 3072 x 2048 pixels) were stored on a
removable memory card. Images were finally processed by removing black background
and manually cropped by using in-house-modified scripts available in the Matlab Image
Processing Toolbox (Matlab, R2020b, The Mathworks, Sherborn, MA, USA).

Both digital pictures and MRI images were reordered in a concatenated folder structure
according to the scheme illustrated in Figure S4. Each subfolder, related to the two ripening
stages for each season, was separately compressed in zip format as input data for the deep
learning classification described in the following section.
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2.7. Deep Transfer Learning Based Classification

The proposed classification method relies on the deep transfer learning approach
based on deep neural network (DNN) architectures. DNNs consist of a series of functions
that take an input and return a predicted label. For this purpose, labeled input data
were initially split into a training dataset (i.e., the set of data used to fit the model) and a
validation dataset (i.e., the set of data used to provide an unbiased evaluation of a model
fit on the training dataset while optimizing, or tuning, the model parameters). In brief,
labeled input data pass through the DNN network using a loss function to evaluate how
well the model performs at correctly identifying the true classes. The model optimizes for
this loss function by computing the gradient of the loss function with respect to the model
parameters. In parallel, the validation process optimizes the model parameters iteratively
to minimize the loss and perform validation of the trained model [31]. Six pre-trained
DNN frameworks were tested: ResNet [32], AlexNet [33], VggNet [34], SqueezeNet [35],
DenseNet [36] and Inception-Net [37]. All models were implemented using the learning
framework Pytorch, written in Python v. 3.7 and integrated into the open source GPU
web server Google Colaboratory [38]. For the training step, all six DNN frameworks were
trained under the following conditions: number of epoch = 1000; batch size = 8; learning
rate = 0.001; momentum = 0.9. When the loss function converged and stabilized, the
training step was automatically stopped and the training model saved. For the validation
set, 20% of the training dataset data was used, and a 5-fold cross validation was performed
to evaluate the performance of each model. Each model was trained 5 times on each dataset,
and related performance parameters (training and validation accuracy and loss as well as
training time) were computed. Finally, for all pre-trained models, the average values of
the five replicates were calculated and listed in tables in order to compare classification
performance.

3. Results and Discussion
3.1. MRI Analysis of Dataset 1

NMR relaxation of protons can occur only if stimulated by a fluctuating field of proper
frequency that would induce the spin transition, in a non-spontaneous relaxation process
that finally leads to equilibrium magnetization. Longitudinal relaxation, defined by the
constant Ty, is triggered by field fluctuations at the Larmor frequency. Contrarily, in solid
or semi-solid systems such as cheese, the major contribution of transverse relaxation,
described by T,, comes from the slow molecular dynamics of the studied liquid at zero
Larmor frequency. For this reason, observed T; values usually present a very broad
distribution, while populations are sharper and generally better defined for T,. We chose
the latter NMR relaxometry constant to describe the analysed cheeses.

Informative relaxometry features of the samples can be derived by analysing the mul-
tiexponential decay of the transverse magnetization from CPMG experiments at variable
interpulse spacing [19,27,39]. Fitting of CPMG decays of MRI images of FS cheeses indi-
cated a multiexponential behaviour (i.e., two T, populations), deriving from the presence
of two water proton pools (Figure 1).

Multiexponential decay of the transverse component of NMR magnetization arises
from the combined effect of diffusive and chemical exchange phenomena. In this condition,
water molecules in cheese could be described, at a first approximation, as either free water
or hydration water molecules (i.e., water embedded in the protein matrix and strongly
interacting with it). Of course, the term “free” could be misleading, since water dynamics
in this fraction are in fact much slower than in bulk water. NMR relaxometry is able to
clearly detect the presence of different water pools, since water molecules sample different
domains within the time scale of the CPMG experiment (i.e., the interpulse spacing). When
diffusion is slow (and/or when relaxation domains are large), water molecules in the
free water domain and hydration water retain their characteristic relaxation times, and
multiexponential distribution is observed (e.g., in aged cheese); when diffusion is fast
(and/or heterogeneity of domains is small) (e.g., in protein solutions, milk and curd),
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relaxation of water in different compartments is averaged, and proton transverse relaxation
is mainly monoexponential [24,39,40].
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Figure 1. Representative T, distribution profile of an aged FS cheese at 300 MHz. Two proton
populations are observed, characterized by geometric mean T, values (Tp; and T5;) and area fractions
of each population (AF1 and AF2).

At high field, diffusive exchange of water and fast chemical exchange between water
protons, labile protein protons, and exchangeable protons in small molecules (such as
sugars, vitamins, etc.) play a significant role in characterizing the observed relaxation
distributions (Figure 1).

It was shown that in skim milk chemical exchange is mainly modulated by whey
proteins [40], but in whole milk, the role of fat globules should be taken into account,
since fat influences NMR relaxometry results [24]. In addition, it is clear that in cheese
fat, protons might reasonably have a role in defining the observed NMR relaxometry
profiles [41]. However, in the following discussion, the effect of fat protons on the observed
T, distributions can be reasonably neglected, since fat signal has been saturated by a solvent
suppression pulse in the MRI sequence, as previously explained [19].

For each pool, the mean area fractions (AF1 and AF2) and the corresponding T, values
(i.e., the maximum intensity of each peak, Tp; and Tp;) were obtained (Table 1).

These data are in agreement with previous studies on aged ewe milk cheese and FS
PDO [19], which also reported a first T, population relaxing in the range of 7-12 ms and
a second one at 45-53 ms. The main novelty with respect to the mentioned data consists
of the fact that the cheeses analysed in the present work were all made by following
the official cheesemaking protocol of FS PDO, except for the thermal treatment of milk.
Furthermore, a larger amount of data were used here to preliminarily validate observed
data trends; the present results were indeed acquired during a much larger lag time (two
production seasons), and two ripening times (105 and 180 days) were compared. Moreover,
products from five different artisanal producers plus industrial Fiore Sardo PDO cheeses
were analysed.
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Table 1. Ty and Ty, values (ms) and corresponding mean area fractions AF1 and AF2 (%) of artisanal FS cheeses produced in Season 1 and Season 2; asterisks (*) in each row indicate

significant differences (f-test, p < 0.05) between RC and HTC parameters (Tp; and Ty, AF1 and AF2) for each sample (M = Mean; SD = Standard Deviation).

Tz Ta AF1 AF2
RC HTC RC HTC RC HTC RC HTC

M SD M SD M SD M SD M SD M SD M SD M SD
SI 1116 047 948 040 5258 370 5601 156 075 007 085 002 024 007 014 002 *
2 1128 094 924 042 4905 384 5215 185 070 003 078 003 032 005 021 003 *

105 days S3 1074 078 913 058 5237 354 4751 077 082 002 08 002 017 002 018 002
S4 846 031 864 051 4833 415 5267 3.2 071 005 077 003 028 005 021 003 *
S5 88 031 933 052 5173 148  49.69 146 077 002 081 002 023 002 019 002 *
Season 1 S1 1194 117 876 024 4783 391 4831 223 052 009 062 0.03 044 006 037 003 *
2 88 014 818 023 4492 138 5334 105 074 002 077 002 025 002 022 002 *

180 days S3 1052 091 779 047 5198 192 4431 181 079 001 079 003 020 001 020 002
S4 974 164 798 028 4067 329 4727 217 056 003 070 003 042 008 029 003 *
S5 850 031 880 074 4942 149 4666 193 067 003 069  0.05 032 003 030 005 *
SI 1270 160 1270 0.69 5247 285 5772 2.80 068 005 078 004 031 005 022 004 *
2 1411 145 1223 093 5440 159 53.04 2.98 063 006 078 004 036 006 021 004 *
105 days S3 1026 026 1002 0.39 4593 105 5222 146 079 001 084 003 020 002 016 003 *
sS4 1020 148 1049 031 4695 328 50.16 2.18 067 007 079 001 032 007 020 001 *
S5 929 108 1074 042 4355 308 53.18 1.05 068 002 082 001 031 002 017 001 *
Season 2 SI 908 018 882 050 4926 267 5237 438 062 004 078 006 037 004 021 006 *
2 994 066 921 044 5310 235 5233 193 072 005 080 003 027 005 019 003 *
180 days S3 1039 050 878 035 5097 101 5290 161 072 003 076 003 027 003 023 003 *
sS4 909 074 831 051 50.87 3.87 4803 3.28 068 005 073 003 031 005 026 003 *
S5 1455 224 1007 038 4494 334 5300 1.14 057 003 072 002 042 003 027 002 *
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Statistical analysis of MRI relaxometry values (Table 1) indicated significant differences
in Ty and Ty, values between RC and HTC cheeses. Evaluation of AF suggested the
same consistent trend, with a significantly larger amount of protons in the faster relaxing
population (AF1) in HTC cheeses than in RC. This is in quite good agreement with previous
results on MRI relaxometry of heat-treated milk cheeses [19] and on the sensorial evaluation
of Fiore Sardo cheese, suggesting that sensorial attributes and relaxometric features may
correlate to each other and that they are both more appreciably affected by milk properties
and cheesemaking processes than ripening [11].

Since for each production reported in Table 1 (51-S5) the same milk was used, the
manufacturing process was carried out by the same dairyman, and ripening time was
exactly the same for both treatments (RC and HTC), the only factor that accounts for the
observed relaxometry differences is milk thermisation.

From a previous investigation [19] and in accordance with pertinent literature [42-44],
the fast relaxing proton pool (described by the pair Ty;; AF1) can be associated with
a fraction of water molecules strongly interacting with protons and entrapped in the
para-casein network (protein hydration water); the slower population (Typ; AF2) can be
associated with more mobile water molecules, which less strongly interact with the cheese
protein network (which is sometimes referred to as bulk or “free” water).

Several different mechanisms may reasonably affect observed transverse relaxation
rates. The first mechanism is related to an altered proportion between more mobile (free)
water pools and water in the vicinity of the protein surface (hydration water), which is
reasonably well described by AF1 [16,19,45]. This mechanism is in turn modulated by the
diffusive exchange rate between water entrapped within the protein network of cheese,
confined in cheese holes or pores and hydration water, and chemical exchange [39,46]
between water protons and labile protein protons (mainly whey proteins [40]). The second
mechanism involves internal water molecules in casein micelles, sometimes referred to
as “bound” water molecules, which represent structural water molecules in the internal
cavities, engaged in slowly modulated intermolecular dipole couplings with protein pro-
tons [46]. A significant effect of these “bound” water molecules on the observed proton
transverse relaxation rate has been already suggested in dairy systems [40]. A third mech-
anism is explained by considering changes in the correlation time of macromolecules as
a function of the ripening and processing methods [16,47]. Finally, relevant contribution
could be expected from the mineral equilibrium of milk and its effect on micelles hydration.
Equilibrium between colloidal (solid) and soluble calcium phosphate is in fact affected by
temperature [48,49]; this has also been observed in Fiore Sardo cheeses manufactured from
raw or heat-treated milk [6]. In particular, higher total calcium was found in Fiore Sardo
produced from raw milk than from thermised milk, and it was hypothesized that mineral
equilibrium in milk was shifted from soluble calcium to insoluble colloidal calcium as an
effect of a high treatment temperature, leading to a higher retention of calcium in Fiore
Sardo from raw milk [6]. Micellar calcium phosphate is a highly hydrated colloid, which
greatly influences proton transverse relaxation. Ca and P association to casein and micelle
hydration are strictly related phenomena, having a marked effect of NMR transverse relax-
ation of protons [40,48,49]. Heat treatment of milk was in fact found to cause precipitation
of calcium phosphate and correspondingly affect proton T, [48].

3.2. MRI Analysis of Dataset 2

Industrial Fiore Sardo samples were characterized by the presence of two water proton
pools, in agreement with results on artisanal samples RC and HTC discussed above. Mean
area fractions (AF1 and AF2) and T, values (T»; and T5,) are shown in Table 2.

Both relaxation time constants T, and area values AF were consistent with the HTC
artisanal cheeses analysed in Dataset 1, with the exception of samples from the maturer
industry (112, I13).

Both the increase of AF1 and the decrease of T are the result of a strong interaction
between water protons and the para-casein protein network of cheese, i.e., of cheese protein
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hydration. From a certain point of view, AF1 more directly describes the level of protein
hydration, being determined by the amount of protons in this pool. However, a decrease
of the Ty value, being the result of the weighted average between the (long) T, of protons
in free water pools and that (very short) of labile protein protons, characterized by a
different chemical shift and affected by the typically long reorientational times of biological
macromolecules, can be indirectly influenced by the amount of protein hydrating water.
Aiming to find suitable and objective descriptors of the relaxometric changes induced
in cheese by milk thermisation, we define a new parameter, namely the Score ($) factor, as
a representative indicator of the state of cheese microstructure. The Score (S) is defined as
follows:
S =Tz /AF1 1)

where Ty; and AF1 are the relaxation time and the area fraction of population 1, respectively,
of the MRI T, distribution profile (Figure 1). Based on what was discussed above, the lower
the Score, the more affected cheese microstructure is by milk thermisation. Correspondingly,
the higher the Score, the less influenced are cheese proteins by any thermal effect on milk,
i.e., milk can be considered as raw or untreated.

The calculated § values (Season 1 and Season 2) are presented in Figure 2.

Even at first glance, two considerations can be made when observing Figure 2: first,
thermisation of milk in HTC cheeses (red symbols) leads to a reduction of § with respect
to their raw RC counterparts (blue symbols); second, RC samples show much higher §
variability than their HTC counterparts.

Table 2. Ty; and Ty, values and correspondent mean area fractions AF1 and AF2 of industrial FS
cheeses (M = Mean; SD = Standard Deviation).

Tor1 Tor Areal Area 2
M SD M SD M SD M SD
In 8.301 0.055 40.337 0.100 0.835 0.002 0.157 0.002
12 10.032 0.056 52.046 0.141 0.891 0.001 0.102 0.001
I3 9.214 0.038 45.078 0.035 0.814 0.001 0.178 0.001
14 8.523 0.030 29.646 0.043 0.871 0.002 0.120 0.002
I5 8.018 0.024 51.936 0.047 0.697 0.002 0.294 0.002
I6 8.742 0.020 44.319 0.042 0.836 0.001 0.156 0.001
17 9.318 0.023 51.352 0.133 0.858 0.012 0.130 0.000
I8 9.462 0.022 51.054 0.058 0.813 0.001 0.180 0.000
19 9.463 0.018 51.058 0.037 0.813 0.001 0.180 0.001
110 9.466 0.114 48.470 0.292 0.876 0.002 0.117 0.002
11 9.188 0.047 46.314 0.131 0.843 0.001 0.150 0.001
112 7.702 0.098 34.887 0.084 0.575 0.004 0.415 0.004
113 7.301 0.029 34.772 0.013 0.545 0.002 0.442 0.002

Cheeses from one producer (55) showed subtle, though significant, NMR relaxometry
changes upon milk thermisation (blue and red circles are superimposed in Figure 2). In fact,
for producer S5, both AF1 and T»; values always showed only slightly significant changes
when RC and HTC cheese samples were compared at 105 days of ripening and at 180 days
in Season 1 (Table 1). It should be considered that, at the shortest ripening time allowed for
Fiore Sardo commercialization (105 days of ripening), the effect of water redistribution and
protein hydration might still be not sufficient in order to clearly discriminate RC from HTC.
In these cases, NMR relaxometry analysis should be replicated after a longer ripening time
to obtain clearer results (Figure 2b,d). If a discrimination between RC and HTC is still not
present at six months of ageing, then very likely milk has been overheated to some extent,
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and cheese features are not comparable to raw milk cheeses anymore. This result can be
explained by assuming that, though thermisation was not intentionally performed in S5
production, raw milk was likely subjected to excessive heat before rennet addition. In fact, it
is worth recalling here that, even at an artisanal level, milk is always treated to some extent
during cheesemaking, since rennet is usually added when milk reaches, upon heating, a
temperature in the range of approximately 35 and 38 °C, depending on the season, site,
climate and usual practices of production. Among Fiore Sardo artisan producers, milk
heating, according to traditional cheesemaking processes, is mostly carried out by directly
warming up (often by means of an industrial stove gas cooker) a copper boiler containing
raw milk. In some other cases, but still at artisanal level, more modern stainless steel
multipurpose cheesemaking tanks are used to heat milk by means of water vapour in
somewhat larger dairy plants. Only bigger industrial dairy plants adopt flow pasteurizers
equipped with sophisticated plate heat exchanger modules, in order to perform more
controlled high temperature-short time heat treatments. This consideration could explain
the very subtle difference between the NMR relaxometry parameters of RC and HTC
cheeses at 105 days and 180 days of ripening in S5 samples.
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Figure 2. Score factors (S) of Fiore Sardo cheeses from Dataset 1: 105 days (a) and 180 days (b) of
ripening, Season 1 (March—April 2019); 105 days (c) and 180 days (d) of ripening, Season 2 (January—
February 2020). Blue circles represent samples made from raw milk (RC) and red circles represent
cheeses made starting from heat-treated milk (HTC).

Notably, S5 and other shepherd’s productions show superimposed error bars in
Figure 2. This is mainly due to the large variability of RC and to similar technological
considerations as already discussed for S5.

As explained above, the score value $ represents and describes the status of water
molecules more tightly interacting with the paracasein network of cheese. Low score values
(i.e., higher AF1 and/or lower T51) indicate a high degree of protein hydration, arising from
either ripening [16,45] or from the effect of heat treatments [19]. For cheeses having the
same ripening time, the effect of the thermal treatment of milk on the following processing
steps [5] dominates relaxation.

In fact, previous studies carried out at variable fields by fast field cycling NMR
relaxometry (FFC-NMR) have demonstrated that the hydration of cheese proteins is affected
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by cheese ageing [45,47]. Further FFC-NMR studies have demonstrated that, for a given
ageing time, cheese protein hydration can also be significantly affected by the different
processing methods preceding cheese maturation [16]. As discussed above, two similar
Fiore Sardo cheeses, which only differ in their heat treatment of milk, also differ in their
NMR relaxometry characteristics. The reasons for the observed relaxometry differences
can be found in cheese microstructure (such as fractal dimension, protein proton to water
proton ratio, water mobility and protein hydration) [16].

The variability of Score values (§) within each group and among groups of cheeses
is presented in the form of box plots in Figure 3. Standard deviations of RC of shepherds
(blue boxplot) were generally larger than the other groups. Median values of RC are
higher than all other groups, followed by maturer cheeses, HTC and industrial samples,
with the latter showing the lowest median values. RC samples show considerably higher
interquartile range than HTC and much larger whiskers. This could be reasonably ascribed
to both the effect of the artisanal manufacturing process on cheese microstructure and to the
microbiological complexity of the systems arising from the use of raw milk. In fact, while
artisanal cheesemaking entails mainly manual practices, industrial production implies
more standardized protocols and a higher degree of process automation. In addition,
previous reports on raw and heat-treated milk cheeses demonstrated a larger variability of
raw-milk cheeses than pasteurized-milk cheese counterparts, and it was suggested that
the effect of heat on milk proteins, indigenous enzymes and microbial flora of milk may
reduce variability, resulting in a more homogeneous peptide profile, sensory properties
and NMR relaxation parameters for pasteurized-milk cheese [19,50,51].
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Figure 3. Box plots of the Score values (J) of each group of cheeses (RC, HTC, industrial and maturer
cheeses).

Differences in the manufacturing process are reflected in different physico-chemical
and sensory features, resulting in the distinctiveness of each wheel from the same shepherd.
While heating milk to 35-38 °C, necessary for a proper action of rennet, is usually not
strictly standardized in terms of temperature control, industrial processing is carefully
controlled. Mild thermal treatments of raw milk, typical of artisanal practices, allow for the
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preservation of the microorganisms that represent a sort of fingerprint of each shepherd’s
production. The development of indigenous milk microflora and the related molecular
changes (e.g., changes in pH, proteolysis and lipolysis during ripening, etc. [5]) occurring
during the following processing steps, together with the exclusively manual manufacturing
operations on curd, are reflected in the microstructural, molecular and sensory properties
of the final cheese, making every wheel a unique product. That is why artisanal Fiore
Sardo PDO cheeses are very different from each other, being strongly linked to the territory
and to the specific production practices. It is interesting to note, in this regard, that milk
and curd handling practices for making Fiore Sardo are passed down from generation to
generation and often differ from each other in subtle, but likely relevant, details. On the
other hand, when heat is applied to the same milk, though (almost) the same manufacturing
practices are carried out by the same cheesemongers, part of the characteristic microflora is
depleted and milk functionality is altered [51,52]. The $ data distribution in HTC cheeses
indeed indicated a reduced heterogeneity in comparison to RC. The box plot of industrial
cheeses more clearly shows that the spreading of $§ values is considerably reduced and
very narrow in comparison to both RC and HTC. This is mostly ascribable to industrial
practices, where cheesemaking is strictly controlled and standardized in terms of both
microbiological conditions and technological operations. It is worth noting that industrial
Fiore Sardo samples were purchased from different industrial producers, so the observed
low interquartile range should be considered quite representative of the standardization of
the industrial production in the market and cannot be ascribed to a specific producer.

Mean and standard deviations of Score values § for all groups of samples (RC, HTC, I
and maturer), together with their statistical significances, are presented in Table 3.

Table 3. Statistical comparison of Score () values (ANOVA, p < 0.05) of the four groups of Fiore Sardo samples, namely RC,

HTC (produced in Season 1 and Season 2), maturer and industrial cheeses. Each shepherd production (RC and HTC) was

individually compared to maturer and industrial cheeses; data are expressed as Mean + Standard Deviation; means sharing

the same superscript letters are not significantly different from each other; the letter “a” is assigned to the higher mean.

RC HTC Maturer Industrial
S . 105 days 14.99 +1.702 11.17 £ 0.62 ¢ 13.39 +0.18P 10.92 +0.62 ¢
eason
180 days 23.83 4+ 4.832 1422 £1.22P 13.39 +0.18P 10.92 + 0.62 ¢
S1
s ) 105 days 20.25 4+ 2.382 16.43 +£1.60" 13.39 +£0.18 ¢ 10.92 +0.62 4
eason
180 days 14.78 +£1.002 11.38 +1.45°¢ 13.39 + 0.18P 10.92 +0.62 ¢
. . 105 days 16.18 +1.852 11.87 £0.90 ¢ 13.39 4+ 0.18P 1092 +£0.62 4
eason
180 days 11.90 + 0.81 P 10.57 + 0.48 ¢ 13.39 +0.182 10.92 + 0.62°¢
S2
. ) 105 days 2410 + 3442 15.74 £ 159 13.39 £0.18 ¢ 10.92 +£0.624
eason
180 days 13.86 +1.742 11.58 + 0.86 ° 13.39 +0.182 10.92 +0.62°¢
. . 105 days 13.12 +£1.192 11.19 £ 090" 13.39 +£0.182 10.92 + 0.62°
eason
180 days 1333 +£1.292 9.86 +0.73 ¢ 13.39 +£0.182 10.92 + 0.62°
S3
. 5 105 days 13.02 £ 0.512 11.98 +£0.82° 13.39 +£0.182 10.92 +0.62 ¢
eason
180 days 14.47 +0.94 2 11.53 +0.70 13.39 + 0.18 P 1092 + 0.62 ¢
. ) 105 days 12.00 + 0.97 ® 11.18 £ 0.75 ¢ 13.39 +0.182 10.92 + 0.62 ¢
eason
180 days 17.74 + 4.272 11.48 £ 0.75b¢ 13.39 + 0.18 10.92 4+ 0.62 ¢
S4
S 5 105 days 15.65 + 3.68 2 13.23 +0.40° 13.39 +0.18" 10.92 +0.62 ¢
eason
180 days 1341 +1.772 1142 + 096" 13.39 +£0.182 1092 + 0.62 P
. . 105 days 11.58 + 0.56 © 11.57 £ 0.81° 13.39 +£0.182 10.92 +0.62°¢
eason
180 days 12.74 +0.812 12.76 £1.392 13.39 +£0.182 10.92 £ 0.62°
S5
. ) 105 days 1293 +£1.102 13.08 + 0.53 2 13.39 +0.182 10.92 £ 0.62°
eason
180 days 25.61+2792 14.05 + 0.69 © 13.39 £ 0.18 P 10.92 +0.62 ¢
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In general, ANOVA results suggested a consistent differentiation among the four
groups of cheeses. Industrial Fiore Sardo showed the lowest § values in all comparisons,
except for one case (i.e., S3 180 days, Season 1), which had § values higher than HTC
only. RC often had significantly higher § values than other groups of cheeses, except for
two cases (i.e., S4 and S5, 105 days, Season 1), when maturer cheeses showed higher §.
This result can be explained by considering that maturer cheeses were purchased after
approximately 6-8 months of ripening. In some other cases, § values were comparable
for RC, HTC and maturer cheeses. Statistical comparison of HTC and industrial cheeses
usually resulted in a significantly lower § for the latter, but they were comparable in five
cases. Maturer samples were never comparable to industrial samples.

Based on the aforementioned statistical evaluations, some conclusions can be drawn
on the manufacturing process of each group of samples and on the quality features of the
resulting cheeses. RC and HTC were entirely produced following artisanal procedures.
Maturer cheeses share the same artisanal processing but were ripened in industrial-like
conditions, in refrigerated cellars with controlled humidity and temperature. Despite
different ripening conditions, RC and maturer cheeses were described by very similar §
values, clearly suggesting that technological transformations that precede ripening confer
to cheeses a common relaxometric behaviour described by comparable §. RC and maturer
cheeses were generally described by higher § than industrial cheeses, although ANOVA
suggested that RC, HTC and maturer cheeses can still differ to some extent among each
other in terms of the new quality-related parameter, $. Since the RC and HTC cheeses of
each shepherd were technologically processed in the same way, the decrease in § observed
between RC and HTC (Figure 3), supported by ANOVA comparisons (Table 3), can be
reasonably and solely related to the application of a heat treatment of the milk. On the other
hand, industrial samples, besides having a much narrower § variability (Figure 3) clearly
exhibited considerably and significantly lower § values with respect to the other three
groups of cheeses. These relaxometric behaviours could be reasonably associated with the
features of industrial productions, for which milk and curd processing and handling are
more mechanized and standardized, ensuring more uniform features in the final products,
as previously reported [16]. Moreover, a contribution to the low $ may arise from the
application of a heat treatment to the milk that is consistent with common industrial
processing practices, as realistically suggested [12-15]. Interestingly, the discrimination
ability of § and its potential in identifying relevant quality features of Fiore Sardo cheeses
does not seem to be affected by different seasons of lactation (i.e., to milk compositional
quality), being instead more strictly related to milk processing. This consideration derives
from the significant statistical differences among the four groups of samples, regardless
the season (Figure 3, Table 3). As far as ripening conditions are concerned, the significant
role of ripening cannot be excluded. However, the effect of ripening conditions seems to
be less influential than the milk and curd processing practices preceding cheese ageing.
This makes NMR relaxometry a suitable analytical tool for characterizing the effect of heat
treatments of milk on quality features of Fiore Sardo cheese.

3.3. Moisture Content

The moisture content of all cheese samples are reported in Table S2.

Moisture content was not influenced by heat treatment, indeed showing no consistent
trend in RC and HTC samples. This is in contrast to MRI parameters, which showed
consistent changes according to heat treatments. Since MRI parameters T,y and AF1 could
be considered representative of the portion of water in the samples, such changes could not
be related to total moisture content [19]. In addition, for industrial samples, no noticeable
correlation was found between MRI parameters and moisture content.

Water status can be described at different scales of investigation—at a macroscopic
level by moisture content and at a molecular level by MRI—and can lead to different
information about the analyzed matrix. Moisture content is representative of the extractable
water molecules by drying in certain conditions and is among the most common parameters
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used to describe food quality. However, it should not be considered as an exhaustive
parameter as it does not give any information on water proton pools in the system (if any)
and their interactions with the protein matrix in cheese [53].

3.4. Image Analysis of Fiore Sardo Pictures and MRI Images

Representative pictures of the visual appearance of RC and HTC at the minimum
allowed ripening time for Fiore Sardo PDO (i.e., 105 days) are shown in Figure 4.

Figure 4. Representative images of the visual appearance of RC, HTC and industrial samples:
Producer S1, Season 2, 105 days of ripening, Fiore Sardo from raw milk (upper row) and from
heat-treated milk (lower row) (a); details of RC (b) and HTC (c) samples ripened 105 days upon
cutting; industrial Fiore Sardo purchased from a local market, with at least 105 days of ripening (d).

Even at first sight, RC, HTC and industrial cheeses appear very different from each
other. The HTC samples surface appears more homogeneous, smoother and with fewer
holes, while RC cheeses are more grainy, friable and show more and bigger holes. When
cut with a knife, RC cheeses are prone to easily break and crumble, while HTC appear
more creamy and can be cut very easily and without breaking into pieces.

The different visual appearances of HTC samples with respect to RC cheeses is rea-
sonably ascribable to the modifications resulting from the heat treatment of milk, which
is known to have, in Fiore Sardo PDO, multiple consequences on cheese composition,
microstructure and texture, which in turn affect appearance and sensory properties in
general [6,10,52].

In general, MRI images confirmed, by a non-invasive approach, what already appeared
at a first visual inspection of samples. RC cheeses exhibited a coarser paste, often with
multiple cracks and holes, while HTC samples exhibited a smoother and more homogenous
paste (Figure S5).

Two kinds of scientific considerations can be made based on the MRI images acquired.
On one hand, as discussed above, MRI images give relaxometric information that is able to
provide useful insights on the state of biopolymers and on the mobility of the system at
molecular level. On the other hand, important information can be derived from the texture
of MRI images by performing a detailed image analysis.

In recent years, image analysis techniques rapidly emerged not only at the academic
level but also as rapid, economic, consistent and objective inspection techniques in the
agricultural and food industry [54,55]. In particular, for the dairy industry sector, modern
computer vision and image analysis methods have been used to evaluate cheese external
or internal quality attributes such as colour, shape, texture, amount and distribution of
added ingredients or production defects [56-58].
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In this study, we pave the way for a deep-learning-based method for the classification
of Fiore Sardo cheese images. The method consists of using data collected both from MRI
and from a computer vision system based on photographic images taken with a smartphone
camera. Deep learning is a subfield of artificial intelligence (AI) concerned with specific
algorithms for thinking simulations and data processing inspired by the neurons of the
brain [31]. Deep-learning-based image classification has proven to be highly effective in
image classifying, object detection and other computer vision related problems [59,60].

All pre-trained DNN models run well in the open web GPU_Google colab service,
with compatible and relatively short training times. For both MRI and photo datasets,
the best classification result was achieved by the SqueezeNet model (Tables S3 and S4).
In particular, for the T, weighted MRI images, the SqueezeNet model exhibits a training
accuracy from 93% to 98%, with the highest validation score (100%) (Table S3). As far as
the photo dataset is concerned, SqueezeNet shows a training accuracy of 96%, with the
same validation of 100% (Table S4).

The other pre-trained models (ResNet, AlexNet, VggNet, Densenet and Inception-
net) also exhibit satisfactory performance results, ranging from a minimum of 72% to a
maximum of 92%, with related validation ranging from 77% to 100% (Tables S3 and S4).

We propose here an IA approach to classify photos and T, weighted MRI images of
Fiore Sardo cheese made with raw or thermised milk, by applying a deep neural network
(DNN), which includes several chained layers of processing between the input (photos or
MRI images) and the output (classification/label of the input image).

As with most state-of-the-art IA methods, deep learning models usually require fitting
thousands or millions of input data; thus, their application to those studies where the
sample size is limited appears prohibitive. To address this challenge, the deep transfer
learning approach offers a more suitable alternative. Transfer learning is the method by
which the model uses the knowledge gained during the training of a relatively large dataset
in a different but related problem (i.e., image classification and recognition). During the
transfer learning process, only the selected classifier(s) is trained in the new network,
while the features learned from the large dataset are transferred. Therefore, with the deep
transfer learning approach, we do not need to retrain the entire network for a new dataset,
thus allowing the training of deep learning models with relatively few data, reduced
computational power and less training time [61].

With the main disadvantage of the present study being the relatively low number of
available cheese samples, compared to the large data size usually needed for training deep
learning frameworks, we chose to transfer the learning technique by testing six pre-trained
DNN frameworks (ResNet, AlexNet, VggNet, SqueezeNet, DenseNet and Inception-Net),
a widely used approach for addressing classification and image recognition challenges of
MRI data.

In the end, all tested pre-trained DNNs yielded promising performances, giving
an average classification accuracy of over 72% and over 93% in particular for the best
performing SqueezeNet model (Tables S3 and S4). We did not perform further accuracy
tests of the DNN pre-trained model in this study; however, we are proposing to implement
and optimize this model in a dedicated study when more data are available.

4. Conclusions

Our data demonstrate that NMR relaxometry is able to assess molecular mobility
changes induced in cheese by the most common industrial thermal treatments carried out
on milk. In the present work, the experimental plan was optimized to exclude possible
confounding factors. The same milk was used for producing both raw-milk or thermised-
milk cheese. Moreover, analyses were repeated in different seasons, and the products from
different producers were compared. Results were compared with a selection of industrial
Fiore Sardo cheeses purchased in the local market.

NMR relaxometry data of Fiore Sardo cheese indicated the presence of two water
populations, described by characteristic T, relaxation times and area fractions. In particular,
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the first and fastest relaxing population showed a good predictive value. In order to obtain
a relaxometric descriptor of FS cheese microstructure and molecular mobility, a new quality-
related parameter was introduced, namely the Score factor (S). The § describes cheese in
relation to the hydration status of the casein network and the state of the water-fat-protein
network in cheese. We were able to discriminate FS cheeses produced from raw (RC)
and heat-treated milk (HTC), with the latter exhibiting a lower §, indicating an enhanced
hydration of the casein network. Industrially manufactured FS cheeses had generally lower
$ values than RC and HTC. Samples from the maturer industry, which buys cheeses before
ripening and ages cheeses in industrial-like refrigerated cellars, showed similar values to
artisanal cheeses, suggesting that NMR relaxometry is more sensitive to changes occurring
in the cheesemaking steps preceding ripening. A further discriminative approach was
finally carried out by processing acquired MRI images and photos with an IA method
based on pre-trained deep learning algorithms. Preliminary classification results suggested
that this innovative approach is promising in providing suitable discrimination between
RC and HTC Fiore Sardo cheese.
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.3390/dairy2020023/s1, Figure S1: sample production and sampling scheme for MRI analysis, Figure
S2: MRI sample preparation scheme, Figure S3: Computer Vision System (CVS) for photographic
analysis, Figure S4: Image Dataset Directory and File Structure used, Figure S5: Representative T,
weighted MRI images of Fiore Sardo cheeses, Table S1: Production of FS cheeses and datasets, Table
S2: Moisture content data of cheeses, Table S3: Performance and classification results of pre-trained
DL frameworks on MRI images, Table S4: Performance and classification results of pre-trained DL
frameworks on photographic images.
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