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A B S T R A C T   

Industrially tempered dark chocolate processed under different conditions was analyzed using Attenuated Total 
Reflection-Fourier Transform-Infrared spectroscopy (ATR-FT-IR). Spectra were collected during the cooling 
process right after tempering using two distinct machines and machine operational modes and over short and 
long storage (1 day and two months, respectively). To interpret the spectra collected, Multivariate Curve 
Resolution-Alternating Least Squares (MCR-ALS) analysis was used. MCR-ALS incorporated a dedicated imple-
mentation of hard modeling constraints for the elucidation of the spectral and concentration profiles of chocolate 
contributions during the monitored process with the aim of reducing ambiguity in the data interpretation. Thus, 
the spectral signature of the amorphous form of chocolate was constrained to follow a Gaussian shape, in line 
with previously reported works and with measurements observed at the beginning of the cooling process. 
Additionally, hard modeling constraints were applied to the concentration profiles linked to the cooling process 
by implementing the Avrami kinetic model, often postulated to describe thermally induced fat crystal trans-
formations. The application of the hard modeling constraints eased the generation of interpretable solutions and 
resulted in concentration profiles and spectral signatures that were defining much better the crystal state of the 
chocolate samples. A two-component system explained the studied procedures, with a contribution S1 repre-
senting the highly crystalline state of the chocolate fats and S2 representative of the amorphous/less stable state. 
In general, we were able to track the transition from a less ordered to a highly ordered crystal state of the fats 
during the cooling stage of chocolate. After short storage, the chocolates had contributions of both S1 and S2 
profiles. After long storage, the S1 crystalline form was the most dominant interpreted as the reorganization of 
the triglyceride acyl chains towards a thermodynamically favorable state. The latter was observed for all 
analyzed chocolates, implying that, regardless the tempering process or temper regime tested, the fats in 
chocolates reach the same high crystalline state after maturing.   

1. Introduction 

The desired organoleptic characteristics of chocolate are attributed 
to the formation of a proper microstructure during the crystallization of 
the cocoa fats. Cocoa butter consists predominately of 1,3-dipalmitoyl- 
2-oleoyl glycerol (POP), 1-palmitoyl-2-oleoyl-3 stearoyl glycerol 
(POSt) and 1,3-distearoyl-2-oleoyl glycerol (StOSt) triacylglycerols 
(TAGs). The symmetric mono-unsaturation of these compounds (satu-
rated-oleoyl-saturated type) enables them to crystallize in six poly-
morphs (so-called I/γ, II/α, III/β2’, IV/β1’, V/β2 and VI/β1 forms), each 
one having a different thermodynamic stability [1,2]. The V-form is the 

most desirable, since it results in chocolate with a proper melting tem-
perature (close to the mouth temperature, hence the ‘melting in the 
mouth’ feeling), desired textural characteristics (good ‘snap’), a shiny 
surface and a long shelf-life [3]. Apart from the crystal type, the crystal 
size is equally important, since small crystals favor a tightly packed 
network that prevents the movement of liquid fats to the surface and, 
hence, the development of the undesirable fat bloom [4,5]. The crys-
tallization of fats occurs during the tempering and cooling processes. 
Tempering, a combination of heat and mechanical shear, creates the first 
nucleates of specific crystal forms and sizes, while cooling promotes the 
crystal growth and the formation of the crystal network [6]. Control of 
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the tempering and cooling processes during the industrial production of 
chocolate is highly critical to avoid defect products and eventual loss of 
energy and resources [7]. Methods like Differential Scanning Calorim-
etry (DSC) and the temper-meter are widely used for process control by 
the manufacturing companies, while other methods like Low 
Field-Nuclear Magnetic Resonance (LF-NMR), microscopy, X-ray 
diffraction and spectroscopy are mostly restricted to the research level. 
In the present work, Attenuated Total Reflection-Fourier Trans-
form-Infrared (ATR-FT-IR) spectroscopy is proposed to study fat crys-
tallization in chocolate during production and over storage (i.e., 
maturation). 

Infrared spectroscopy (IR) has been previously used to study fat 
polymorphism in mono-component TAG systems [8–15] and, to a lesser 
extent, in multiphase systems like cocoa butter and chocolate [16–18]. 
An advantage of IR is that the absorption bands of a spectrum are 
characteristic of the functional chemical groups (i.e., C––O, CH2) of the 
examined molecule (in our case, TAGs), whereas the shape and exact 
position of the bands depend on the surrounding environment and 
therefore the phase state (i.e., crystal, liquid) of the material [19,20]. In 
the case of fats, it has been shown that different crystal forms of the 
TAGs give rise to absorption bands with characteristic shapes and 
wavelength positions due to structural differences, like the subcell 
structure and acyl chain configuration [21,22]. For instance, the func-
tional group C––O of the glycerol backbone of the POP molecule pre-
sents one broad absorption band at ~1750-1740 cm− 1 when in melt or 
low-stability crystal state, while at higher crystallinity the group gives 
rise to two sharp peaks (~1740, ~1730 cm− 1), an indication of the 
rearrangement of the glycerol moiety to a more stable and ordered state 
[8]. Similar findings apply to other TAGs present in cocoa butter (i.e., 
POSt and StOSt), or mixtures of those (POP-PPO, POP-OPO, etc.), 
though the exact band positions and shapes will vary slightly due to the 
different fatty acid composition and, hence, distinct acyl chain in-
teractions among the neighboring TAGs [9]. Similarly, IR analysis on 
cocoa butter and chocolate has been reported, though only for the 
polymorphic forms V and VI, where the spectral profiles are a result of 
the inter- and intra-molecular interactions of more than three TAGs. 

For multiphase systems like chocolate, the direct observation of raw 
spectra cannot provide straightforward information about the crystal 
state(s) of the fats. Instead, ‘unmixing’ methodologies like Multivariate 
Curve Resolution-Alternating Least Squares (MCR-ALS) can assist in 
elucidating and characterizing the different crystal states of a set of 
spectra coming from different chocolate samples or from the same 
chocolate material under different processing conditions [18]. MCR-ALS 
decomposes the original set of spectra (D) into a bilinear model formed 
by the pure spectral signatures of the crystal forms (ST) and their related 
concentration profiles (C), associated with the relative abundance of 
every crystalline form in each sample or process point [23], as shown in 
equation (1): 

D=CST + E (1)  

where E is the matrix of the unexplained variance from the bilinear 
MCR-ALS data approximation. MCR-ALS optimizes iteratively the pro-
files in C and ST under constraints. In this work, some dedicated con-
straints, linked to the ATR-FT-IR signal of chocolate’s amorphous state 
and to the kinetic behavior of tempered chocolate during cooling are 
proposed. Thus, the ATR-FT-IR spectral signature, characteristic of the 
amorphous or low stability crystal form, has been forced to follow a 
Gaussian shape, as reported in previous studies of TAGs [10,17,24]. To 
describe the evolution and shape of the concentration profiles linked to 
the cooling process of chocolate, the Avrami model that is often applied 
to describe nucleation and growth mechanisms during fat crystallization 
has been used [25–30]. The introduction of these two hard modeling 
constraints aims to reduce the ambiguity of the MCR solutions and 
therefore helps substantially the interpretation of the results. 

The aim of the study was to assess the potential of MCR-ALS analysis 

applied on ATR-FT-IR data to understand the kinetic dynamics of fat 
crystallization during the cooling step of chocolates and to examine the 
properties of the final/stored products tempered under different 
conditions. 

2. Materials and methods 

2.1. Materials 

Dark chocolate (63% cocoa) provided by Barry-Callebaut (Holstebro, 
Denmark) was used for this investigation. The chocolate contained 
52.5% cocoa mass, 10% cocoa butter, 37% sugar and <1% lecithin. The 
composition in terms of POP, POS and SOS was 18.2, 44.5 and 31.9%, 
respectively, according to specifications provided by Barry-Callebaut. 

2.2. Preparation of chocolate samples 

Chocolate was tempered using two different industrial machines, 
named AMC and Stella Nova (Aasted Aps, Denmark) with an output of 
150 kg h− 1. For each machine, different operational settings were cho-
sen to temper the chocolate, creating in total 18 product variations (9 
from each temper machine). Appendix A shows the detailed temper 
settings for the chocolate samples, including the experimental labeling 
used throughout this investigation. In general, the label coding includes 
the temper machine used (AM for AMC and SN for Stella Nova), the exit 
temperature of the chocolate (i.e., 27, 29, 31 ◦C) and its temper degree 
(A for under-tempered, B for well-tempered and C for over-tempered). 
For instance, sample AM31B is a well-tempered chocolate, with exit 
temperature of 31 ◦C using the AMC machine. The aim was creating as 
many variations as possible regarding the tempering process of the 
chocolate, including both conventional tempering settings (i.e., samples 
AM31B, AM30B, SN29B, SN31B), but also extreme settings that are 
rarely used during production (i.e., AM32A, SN27A, B and C). After 
tempering, the chocolate was placed in square plastic molds and cooled 
in a cooling simulator that used top and bottom air flow for a total of 30 
min with the following temperature sequence: 18 ◦C from minute 1 to 
10, 10 ◦C from minute 10 to 20, and 15 ◦C from minute 20 to 30. Ap-
pendix B illustrates the temperature recordings during the cooling step 
for one chocolate label (AM31B). After cooling, all samples were 
demolded and stored at 18 ◦C until analysis. 

2.3. Spectroscopic analysis 

Attenuated Total Reflection-Fourier Transform-Infrared spectros-
copy (ATR-FT-IR) was used to collect spectra of the chocolates in three 
phases: during chocolate cooling and over short and long storage. 

Spectra acquisition during cooling and short storage: a Nicolet 
Summit Pro FT-IR instrument was used for the collection of spectra 
during the cooling process of chocolates and after short storage (1 day 
after the production, stored at 18 ◦C). The spectrometer consisted of a 1- 
bounce Everest Diamond ATR module with a KBr/Ge beam splitter and 
DTGS detector. Spectra were collected (at-line) every minute during 
cooling for a total of 30 min. Specifically, every 1 min a different, 
randomly selected chocolate piece was extracted from the cooling 
simulator and placed directly on the ATR interface for analysis. For 
chocolate in a (still) liquid state (t=0–2 min of cooling), a drop was 
poured on the crystal, while for semi-solid/solid chocolate (t=3–30 min 
of cooling and t=1 day), a single piece was placed on the ATR module 
and a mild pressure was applied to ensure good contact of the chocolate 
surface with the crystal. The spectrum acquisition time for the full range 
4000–500 cm− 1 was approximately 2 min (2 cm− 1 resolution, 64 scans). 
Considering the 2 min needed to acquire a single ATR-FT-IR spectrum 
and our goal of assembling spectra every minute during the cooling 
process, the measurements combined to monitor a full process were 
accumulated from three different replicate runs (1st: sample collection 
at t=0, 3, 6, …, 30 min, 2nd: sample collection at t=1, 4, 7, …, 28 min 
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and 3rd: sample collection at t=2, 5, 8, …, 29 min). Despite the natural 
heterogeneity of the chocolate material, only small variability in the 
process evolution has been introduced by this experimental procedure, 
as will be shown in the results section. In total, 18 chocolate experiments 
using different tempering operations were studied. This resulted in 18 
samples x 31 time points of the cooling stage. For the measurements over 
1 day storage, for every run, ten replicates were collected (18 samples x 
10 replicates). The replicates of a sample are measurements of different 
chocolate pieces coming from the same temper run. Background spectra 
with no sample on the module were collected under the same conditions. 
The process was the same for all 18 chocolate runs. 

Spectra acquisition during long storage: an ABB Bomen MB100 
spectrometer (DTGS detector, SiC radiation) with a 3-bounce diamond 
ATR module (Durascope Dicomp, SensIR Technologies) was used for the 
spectra collection of long stored chocolates (2 months after the pro-
duction, stored at 18 ◦C). The spectra were collected at the full range of 
4000–500 cm− 1 with resolution 2 cm− 1 and 64 scans over approxi-
mately 6 min. For every sample, ten replicates were collected (18 sam-
ples x 10 replicates). Background spectra with no sample on the module 
were collected under the same conditions. 

2.4. Multivariate Curve Resolution-Alternating Least Squares 

MCR-ALS is an iterative unmixing algorithm that optimizes the 
concentration profiles (C) and pure spectral signatures (ST) needed to 
describe the original dataset of raw spectroscopic information (D) under 
constraints. 

The steps followed to apply MCR-ALS involve the estimation of the 
number of contributions needed to describe the information in the 
original dataset, the generation of initial C or ST estimates to start the 
iterative optimization and the selection and application of constraints to 
the suitable profiles in the matrices of the bilinear model. To end the 
iterative optimization, convergence criteria based on a maximum 
number of iterations or on the relative difference of fit among consec-
utive iterations are applied. The parameters used to quantify the model 
fit are the variance explained and the lack of fit: 

VAR (%) = 100 ×

⎛

⎜
⎝1 −

∑

i,j
e2

i,j

∑

i,j
d2

i,j

⎞

⎟
⎠ (2)  

LOF (%)= 100 ×

̅̅̅̅̅̅̅̅̅̅̅∑

i,j
e2

i,j

∑

i,j
d2

i,j

√
√
√
√
√
√ (3) 

The number of components was estimated using Singular Value 
Decomposition (SVD) [31]. Initial spectral estimated, obtained by using a 
SIMPLISMA-based method [32], were used in all analyses in this work. 
Constraints were applied inside the MCR-ALS loop to obtain meaningful 
profiles and to decrease as much as possible the ambiguity in the final 
solutions. It is important to note that constraints can be selectively applied 
to the C and ST direction and to the different components in each of these 
matrices. For the ATR-FT-IR data used in this work, the non-negativity 
constraint was applied to all profiles in the C and ST direction. However, 
the most innovative contribution to MCR-ALS in this work is the use of 
dedicated interpretable hard modeling constraints, which define the shape 
of one or more profiles according to a predefined equation based on 
physicochemical knowledge. Hard-modeling constraints suppress the 
ambiguity in the constrained profiles and help in a more accurate defini-
tion of the rest of the unconstrained profiles in the bilinear model [33–35]. 

The proposed hard modeling constraints involved forcing the spec-
tral shape of the amorphous form in the chocolate samples studied to 
obey a Gaussian shape, as reported in previous studies [10,17,24]. In the 
concentration direction, all MCR concentration profiles were forced to 
follow a kinetic evolution described by the Avrami model. The 

underlying equation was initially developed for the crystallization of 
metals [36,37], and later applied to polymers, fats and oils: 

f(t)= 1 − e− ktn (4)  

where f describes the fraction of crystallized matter at time t, k is the 
Avrami constant, which depends on the growth rate and nucleation type 
(i.e., sporadic or instantaneous), while n is the Avrami exponent that 
expresses the morphology of the nucleation (i.e., 1-D rod-like, 2-D plate- 
like and 3-D spherical nuclei) [38]. In theory, the exponent n takes an 
integer value, depending on the nucleation mechanism, but the experi-
mental n values in fat crystallization processes are often non-integer. 
This deviation is attributed to criteria that are not fulfilled in the case 
of fat crystallization (i.e., isothermal crystallization conditions, homo-
geneous nucleation, and stable growth rates), which creates in-
consistencies with the theoretical interpretation [28,29,38]. Since f(t) in 
Equation (4) models a fractional increase to a limiting factor 1, 1-f(t) can 
be used to describe the mirror-profile using the same parameters during 
MCR-ALS optimization. Hence, the hard-modeling profile fits the profile 
of the crystalline form (emerging in the crystallization process) to f(t) 
and the amorphous profile (declining in the crystallization process to 1-f 
(t)). Other mathematical models have been suggested to monitor crys-
tallization kinetics, such as the Avrami-Erofeev [39], Foubert [28], 
Gompertz [40,41] and Gompertz-Avrami [42]. However, even though 
they tend to fit the data better, their parameters do not always support a 
physical interpretation of the crystallization phenomena. Hence, we 
opted for the original form of the Avrami model to set the related hard 
modeling constraint. The steps used for the application of the 
hard-modeling constraint linked to the Avrami’s model respond to the 
description of reference [33], explained here in detail for further clari-
fication. Using this constraint, the MCR concentration profiles are fitted 
to the Avrami equation within the MCR iterative analysis. In the first 
iteration, initial estimates of the k and n values are provided, and the 
related concentration profiles based on the Avrami model are generated. 
Next, an internal optimization of k and n based on the 
Newton-Gauss-Levenberg-Marquardt algorithm is performed until the 
similarity among the initial MCR concentration profiles and the Avra-
mi’s model profiles is minimized, i.e., the minimum sum of squares of 
residuals among them is obtained. These constrained profiles, obtained 
via the Avrami model, replace the initial MCR concentration profiles. In 
the next MCR iterations, the updated Avrami parameters to be further 
optimized are those obtained in the previous iteration. When the MCR 
analysis achieves convergence, the definitive concentration profiles and 
n and k parameters are those determined from the last iteration. 

To apply MCR-ALS to the datasets, the collected spectra were crop-
ped to the region 1800-1700 cm− 1. Prior to the analysis, preprocessing 
was performed in the form of a baseline correction by asymmetric least 
squares (in-house Matlab code [43]), followed by individual spectra 
normalization to a Euclidean norm of one to remove signal intensity 
differences (attributed to instrument-sample interfacing). The MCR-ALS 
analysis was applied separately to three datasets: A (merged spectra for 
all 18 runs, collected during cooling), B (merged spectra for all 18 runs, 
collected after short storage) and C (merged spectra for all 18 runs, 
collected after long storage). A multiset including all spectra in A, B and 
C (dataset D) was also analyzed. Due to the different ATR-FT-IR in-
struments used during the data collection, their combination into mul-
tiset D required adapting the wavenumber channels of spectra in A and 
B, with higher spectral resolution, down to those of data set C. Table 1 
summarizes the different datasets investigated and the constraint com-
binations that were explored for each. A convergence of relative change 
in lack of fit equal to 0.01% between consecutive iterations was set for 
all MCR-ALS models. The computations were performed in Matlab 
(R2022a, MathWorks Inc.) using the MCR-ALS 2.0 toolbox when no hard 
modeling constraints were used, combined with in-house Matlab codes 
for the implementation of the dedicated hard modeling constraints. 
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3. Results and discussion 

The aim of this work was to apply MCR-ALS to model the FT-IR 
spectroscopic data of chocolate measured under different conditions 
(during cooling and over short and long storage) to understand better 
the evolution of fat crystallization in this kind of product. Apart from 
non-negativity, the two additional dedicated hard modeling constraints 
described in the previous section were also applied. In order to under-
stand the effect of these constraints on the analysis of our system, all 
possible combinations of datasets and constraints (for 18 experimental 
runs) were investigated by the authors. The conclusions inferred from 
the different MCR-ALS models were similar. For this reason, this section 
presents in detail three ’single dataset results’ (A: cooling, B: short 
storage, C: long storage) and their combination in a multiset (dataset D). 
One representative chocolate run (out of 18) will be used throughout to 
illustrate all the relevant conclusions related to the MCR-ALS modeling 
of the cooling and storage data. The trends and observations described 
are applicable for all 18 runs (data are available on request). 

3.1. Preprocessing of spectra 

Prior to the MCR-ALS modeling, the data were preprocessed to 
remove baseline and signal intensity differences (Fig. 1). Regarding the 
normalized spectra of the individual datasets, differences are observed 
between cooling/short storage and long storage spectra. Specifically, the 
absorption band at ~1745 cm− 1 moves to lower wavenumbers (1743 
cm− 1) over storage time, while the two bands observed between 1740 
and 1720 cm− 1 increase in intensity. The increase of peak intensity and 
movement of peaks to lower wavenumbers are indicative of the transi-
tion to a more crystalline state of fats in cocoa butter/chocolate. 

3.2. Selection of number of MCR components 

After preprocessing, the next step was to decide on the number of 
MCR-ALS spectral components F that defines the chocolate system. 
Although SVD provides an approximate estimate for this parameter, 
there may be remaining uncertainty that justifies trying the MCR model 

Table 1 
Datasets and constraints applied in MCR-ALS modeling.  

Datasets MCR-ALS constraints 

A: cooling anon- negativity bnon-negativity, Avrami bnon-negativity, Gaussian bnon-negativity, Gaussian, Avrami 
B: short storage anon- negativity - bnon-negativity, Gaussian - 
C: long storage anon- negativity - bnon-negativity, Gaussian - 
D: combined anon- negativity bnon-negativity, Avrami in cooling block bnon-negativity, Gaussian bnon-negativity, Gaussian, Avrami in cooling block  

a Soft modeling constraints. 
b Hybrid of soft and hard modeling constraints. 

Fig. 1. Illustration of the raw (top row), baseline corrected (middle row) and normalized (bottom row) spectra at the region of 1800–1700 cm− 1. The red dashed 
lines indicate the shift of one absorption band from 1745 to 1743 cm− 1 over storage time. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.) 
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with an alternative number of components. For that reason, we evalu-
ated the MCR models for F=2 and F=3 on all dataset combinations 
applying first soft modeling constraints (non-negativity) and proceeding 
with the addition of the hard modeling constraints (Gaussian and 
Avrami fit), as reported in Table 1. Considering the LOF and VAR of the 
MCR-ALS models, the addition of a third factor did not significantly 
improve the diagnostics of the model (Table 2). Moreover, the generated 
profiles and contributions of the third component did not provide 
additional interpretable information to our system in any of the exam-
ined datasets. 

To illustrate this, we considered the multiset D that contains the 
largest spectral variation found in the chocolate samples. To obtain more 
accurate solutions and, hence, check more thoroughly the effect of 
selecting the number of components in the MCR-ALS model, the analysis 
applying all suggested constraints was considered (non-negativity for C 
and ST, Avrami fit in the C submatrix referred to the cooling process, and 
Gaussian fit to define the shape of the amorphous spectral contribution). 
The combined dataset contained two blocks, one including the mea-
surements during cooling (31 measurements) and the second including 
the measurements over storage (both short and long, 2 × 10 measure-
ments). When doing an MCR-ALS analysis on this multiset, a single 
spectra matrix (ST) will be obtained (Fig. 2i) and an augmented C ma-
trix, consisting of the profiles during cooling (Fig. 2iii) and the scores 
linked to the short and long storage (Fig. 2iv and v, respectively). 

Fig. 2 illustrates the MCR-ALS solution for F=2 and F=3 (top and 
bottom row, respectively). For both models, the spectral profile with the 
Gaussian shape (s2) represents the amorphous part of the fats, while the 
s1 profile is representative for the crystalline state of the TAGs [8,17]. 

The LOF and VAR were 4.63% and 99.79% for the F=2 component 
system and 4.32% and 99.81% for F=3. From a model fit point of view, 
there is no significant improvement in the dataset description when a third 
contribution is introduced in the model. Hence, a two-component system 
seems suitable and sufficient to describe the data variation. However, such 
a decision needs to be confirmed by the examination and interpretation of 
the resolved concentration and spectral profiles. The F=2 model (Fig. 2; 
top) shows that the amorphous phase (linked to the s2 signature) is 
dominant in the freshly tempered chocolate (cooling time t=0 min) and 
during the first minutes of cooling. After approximately 10 min, the 
crystalline profile (linked to the s1 signature) prevails, all in full agreement 
with the knowledge available on tempering and cooling of chocolate. The 
trend continues in the stored samples (Fig. 2iv, v), where the crystalline 
contribution profile increases even more for long storage (i.e., matura-
tion). The addition of a third MCR component (F=3) does not provide 
additional, interpretable information for our system (Fig. 2; bottom). 
Specifically, the s3 spectral signature does not represent a realistic spectral 
profile (Fig. 2i; bottom) and the related concentrated profile is low and 
shows a meaningless pattern both during cooling (Fig. 2iii; bottom) and 
over storage (Fig. 2iv, v; bottom). 

For the reasons mentioned, the MCR-ALS model with two components 
is satisfactory to describe the multiset D variation, while the concentration 
profiles and the spectral signatures obtained provide meaningful solutions. 
The same conclusion in terms of number of components, was obtained also 
from the modeling of the datasets A, B and C separately and for the rest of 
chocolate runs, either considering soft (non-negativity) or hard modeling 
constraints (Gaussian and Avrami fit). In all these scenarios, increasing the 
model complexity adding a third component did not improve significantly 
the fit, nor provided meaningful spectral or contribution profiles. For that 
reason, in the following sections, only the F=2 component models are 
presented and discussed. 

3.3. Effect of constraints on the MCR-ALS analysis: hybrid soft and hard 
modeling 

In the present section, we discuss the MCR-ALS models that were 
generated from the individual datasets A (cooling), B (short storage) and 
C (long storage). Although working with a full multiset is always the best 
option from a data analysis point of view, when considering the po-
tential use of MCR-ALS on ATR-FT-IR data of chocolate for industrial 
process control, it is more likely to have a set of data collected only 
during the production (i.e., cooling step to optimize the interaction 
between tempering machines and cooling tunnels) or at later stages (i.e., 
to optimize storage or maturation conditions). It is, hence, important to 
test how the approach proposed works in realistic scenarios where only 
these separate pieces of information may be available. 

3.3.1. Dataset A: chocolate during cooling 
For the spectra collected during the cooling process of the chocolate, 

three different constraints were applied: non-negativity (on spectral 
response and concentration profiles), Gaussian fit (to the amorphous 
spectral signature) and Avrami fit (concentration profiles). The MCR 
solutions and contributions of the models are presented in Fig. 3. With 
minimal constraints, only non-negativity, one spectral profile represents 
the amorphous/less crystalline state (s2) and one represents the crys-
talline state of the TAGs (s1) (Fig. 3i; top). The contributions indicate 
that the amorphous state is prominent in the first minutes of the cooling 
process, while the transition towards the crystalline state occurs after 
approximately 7 min of cooling (Fig. 3i; bottom). The spectra collected 
during crystallization represent single, non-continuous measurements, 
where one chocolate piece was taken out from the cooling tunnel and 
placed on the ATR interface for analysis. This measurement strategy, 
which included the frequent opening of the cooling tunnel’s lid, during 
chocolate’s most unstable phase of crystal growth and network forma-
tion, and the fact that the data analyzed in the cooling process come 
from three different, merged runs to allow having a 1-min sampling rate, 
is most probably contributing to the uneven/zig-zag evolution of the 
MCR contributions c1 and c2. Nevertheless, the trend is quite clear and 

Table 2 
Lack-of-fit (LOF) and explained variance (VAR) for MCR-ALS data fittings of different datasets under selected constraints.  

Constraints (F=2) 

A: cooling B: short storage C: long storage D: combined 

LOF (%) VAR (%) LOF (%) VAR (%) LOF (%) VAR (%) LOF (%) VAR (%) 

non-negativity 1.56 99.98 1.63 99.97 1.32 99.98 1.99 99.96 
non-negativity, Avrami 5.41 99.71 – – – – 4.44 99.80 
non-negativity, Gaussian 2.05 99.96 2.47 99.94 1.75 99.97 2.38 99.94 
non-negativity, Avrami, Gaussian 5.55 99.69 – – – – 4.63 99.79  

Constraints (F=3) 

A: cooling B: short storage C: long storage D: combined 

LOF (%) VAR (%) LOF (%) VAR (%) LOF (%) VAR (%) LOF (%) VAR (%) 

non-negativity 0.99 99.99 1.08 99.99 0.81 99.99 1.47 99.98 
non-negativity, Avrami 5.41 99.71 – – – – 4.01 99.84 
non-negativity, Gaussian 1.63 99.97 1.41 99.98 1.26 99.98 1.88 99.96 
non-negativity, Avrami, Gaussian 5.18 99.73 – – – – 4.32 99.81  
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was consistent throughout all the 18 chocolate runs (not shown). 
The s2 profile in Fig. 3i, obtained using only the non-negativity 

constraint, shows a convincing Gaussian shape in agreement with 
fundamental understanding of IR spectroscopy on amorphous systems 
[21]. Hence, an additional constraint was tested to force this behavior in 
the related spectral profile (Fig. 3ii; top). Looking at the statistics of the 
two models (Table 2, F=2), the additional constraint results in a very 
similar LOF and VAR, an indicator that we have not forced a 
non-existing condition. Moreover, c1 and c2 time trends remain the 
same. Therefore, the addition of the Gaussian fit as a constraint in the 
MCR-ALS analysis of dataset A does not create artificial results, sup-
presses the rotational ambiguity linked to the retrieval of this profile and 
confirms the spectral shape of the amorphous contribution [33–35]. This 
contribution will be essential to introduce this constraint in the analysis 
of more challenging datasets, where the amorphous contribution is less 
well defined as in the present cooling process. The s1 spectral profiles of 
Fig. 3 suggest a triplicate of convoluted Cauchy-Lorentz bands for all 
MCR-ALS models. Pure fatty acids or TAGs, in their crystalline form, 
have two merged Cauchy-Lorentz bands, found in slightly different 
frequencies depending on the length of the acyl chains [44]. The split of 
the IR bands is attributed to the subcell structure (hexagonal, ortho-
rhombic, triclinic) and the local environment of the polymethylene 
chains. Our chocolate base has a fixed ratio of three TAGs (POP, StOSt, 
POSt), where interaction of the different fatty acid structures in different 
states (i.e., crystalline, partially amorphous) takes place, manifested by 
the ‘fixed-ratio’ IR triplicate bands in the spectral signature obtained 
[17,18] and the low rang (F=2) of our system. 

As referred in the introduction, the Avrami equation is often used to 

describe and model the dynamics and morphology of fat crystallization 
through the rate k and exponent n, respectively. Therefore, we included 
this hard modeling constraint to the MCR concentration profiles of c1 
and c2 (Fig. 3iii). In general, the above constraint provided only a 
modest change in fitting performance with LOF = 5.41% and VAR =
99.71%, compared to LOF = 1.56% and VAR = 99.98% when only non- 
negativity was applied (Table 2, F=2). This indicates that the Avrami 
equation explains (to an approximation) the dynamics of our system. 
Part of the decrease of the fit is associated with the way chocolate 
measurements had to be performed, taking one different chocolate piece 
per time and only with one point scanned, which cause a natural fluc-
tuation in the points of the concentration profiles, due to the change of 
measured sample and the heterogeneity of the material scanned. 

When looking at the contributions generated from the hard modeling 
(Fig. 3iii; bottom), the fit is not following the typical sigmoidal shape of 
the crystallization kinetics observed in literature for other systems (i.e., 
TAGs, cocoa butter), largely due to the very short initial stage of the 
sigmoidal shape for an efficient and dynamic industrial cooling. Indeed, 
studies on isothermal crystallization of TAGs [45] or cocoa butter [46] 
allow for adequate induction time that clearly separates from the crystal 
growth and overlay of the characteristic sigmoidal shape. The model 
may explain, to an extent, physical phenomena of the crystallization 
mechanism (through the k, n parameters), but other models (i.e., 
Gompertz, Foubert) are suggested in literature for the analysis of DSC or 
LF-NMR data [28,40,41,47]. Nevertheless, the Avrami equation is 
providing a satisfactory fit to our experimental data, particularly 
considering the challenging fluctuations associated with the measure-
ment and sample nature and was, hence, accepted to describe the cocoa 

Fig. 2. MCR-ALS results for a F = 2 (top row) and a F = 3 component (bottom row) system on the multiset D (cooling, short plus long storage), using constraints of 
non-negativity, Avrami and Gaussian fit. From left to right (top and bottom plots): i) spectral loadings, ii) residuals, iii) contributions during cooling, where dots 
represent the experimental contributions and the solid lines refer to the Avrami fitted data (for F=3, only s1 and s2 contributions were fitted, while s3 is uncon-
strained), iv) and v): the MCR contributions over short and long storage respectively (10 replicates each). 

E. Ioannidi et al.                                                                                                                                                                                                                                



Chemometrics and Intelligent Laboratory Systems 233 (2023) 104735

7

Fig. 3. MCR-ALS results on dataset A (spectra collected during cooling) using as constraints: i) non-negativity, ii) non-negativity and Gaussian fit, iii) non-negativity 
and Avrami fit, iv) non-negativity, Gaussian fit and Avrami fit. Top row: MCR spectral loadings, middle row: residuals, bottom row: MCR concentration profiles (with 
calculated Avrami fitting for iii and iv) (please note that the dots in concentration profiles in iii) and iv) represent the concentration profiles in the last MCR-ALS 
iteration before applying the Avrami model constraint. The definitive concentration profiles of the MCR-ALS analysis are the solid lines). 

Fig. 4. MCR-ALS results on datasets B (short storage) and C (long storage) using as constraints i), iii) non-negativity and ii), iv) non-negativity with Gaussian fit. Top 
row: MCR spectral loadings, middle row: residuals, bottom row: MCR concentration loadings (10 replicates each). 
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butter crystallization. 
Combining the Gaussian spectral constraint with the Avrami fit 

constraint did not distort the previous profiles (Fig. 3iv), while the sta-
tistics of the model were comparable to the ones where only the Avrami 
constraint was applied (Table 2, F=2). In general, a Gaussian shape can 
be fitted to the MCR solution representing the amorphous/less stable 
crystal state of chocolate without increasing the LOF, while the VAR 
remains the same. It is important to comment that applying hard 
modeling constraints in both the concentration and spectral direction 
suppresses the ambiguity of the MCR solutions and provides a very ac-
curate and interpretable description of the system studied. 

3.3.2. Datasets B and C: chocolate after short and long storage 
The next step of the investigation was to apply MCR-ALS models to 

the spectra collected over short (dataset B; 1 day of storage) and long 
(dataset C; 2 months of storage) storage under proper conditions (18 ◦C). 
Here, the applied constraints were non-negativity with and without the 
hard-modeling constraint of the Gaussian fit on the spectral profile of the 
amorphous component. Fig. 4 illustrates the resolved spectral profiles 
and their related contributions for the models generated using short 
(Fig. 4i, ii) and long (Fig. 4iii, iv) storage samples. 

The MCR-ALS models using only the soft modeling constraint (non- 
negativity) were again explained for F = 2 contributions: s1, characteristic 
of the crystalline state of the chocolates and s2, indicative of a metastable 
state of the TAG molecules. The s2 recovered profile of both short and long 
storage measurements (Fig. 4i, iii; top) had been observed in raw spectra 
over cooling as an ‘intermediate stage’ (before the end of the cooling 
process). Moreover, the absorption band at ~1745 cm− 1 indicates the 
disordered conformation of the glycerol backbone of the TAGs in the cocoa 
butter and higher intensity of that band is indicative of a disordered state 
in our system. Therefore, the spectra of the short storage chocolates show 
still a larger portion of the amorphous part, where the s2 solution of the 
long storage model (Fig. 4iii; top) has less contribution from this Gaussian- 
shaped peak at 1745 cm− 1. This fact was also evident in the normalized 
spectra at Fig. 1, where higher intensity peaks at ~1735 and 1730 cm− 1 

and less contribution from the peak at 1745 cm− 1 can be seen for the 
spectra collected after long storage compared to those of short storage. 
Regarding the MCR concentration contributions, there is higher concen-
tration of the crystalline profile in both aforementioned models (Fig. 4i, iii; 
bottom), but with better separation and smaller variation (length of the 
boxplots) for the spectra of dataset B. 

At this point it needs to be reminded that the observations in the 
short and long storage are replicates and, hence, the variability in the 
concentration profiles is expected to be small among them. Besides, all 
replicates are formed by a mixture of amorphous and crystalline forms, 
with spectral signatures overlapping in the spectral range scanned. The 
lack of concentration and spectral selectivity of all components is the 
worst scenario for MCR analysis, and a lot of ambiguity is expected in 
solutions obtained using only the non-negativity constraint. In this 
scenario, it is essential to introduce the hard modeling constraint setting 
a Gaussian shape for the amorphous form to obtain more reliable solu-
tions, especially so for the long storage data, where the small abundance 
of amorphous contribution makes very difficult to extract the related 
spectral signature from the raw FT-IR spectra. 

The hard modeling constraint did not significantly change the model 
fit, as expected for a constraint fulfilled by the data (Table 2, F=2). 
However, the behavior of the concentration profiles is much clearer, i.e., 
there is less variation encountered among replicates (Fig. 4ii, iv; bottom) 
and a clear difference between the behavior of samples analyzed at 
different storage periods. Specifically, the difference between the con-
centration of crystalline and amorphous components is much larger for 
the long than for the short storage samples, which matches with the 
increasing crystallinity over storage time. This was evident for all 18 
chocolate runs analyzed and agrees with results from the thermal 
analysis of the same samples, using the well-established DSC method. 
Specifically, the enthalpy (E) during melting increased significantly 

(from 33.55 ± 0.9 J.g− 1 directly after the cooling step to 47.82 ± 0.6 
J.g− 1 after 3 months of storage), indicating the increase of crystallinity 
over time. It is worth mentioning that this behavior was already seen in 
the analysis of multiset D (including cooling, short and long storage 
measurements) when using hard-modeling constraints (see Fig. 2; top). 
The agreement of the MCR-ALS results obtained in presence or in 
absence of spectra from the cooling process is reassuring and confirms 
the reliability of the analysis performed using only samples of the stored 
product, which is the most common scenario encountered in industrial 
contexts. In the latter situation, the use of the hard modeling constraint 
of forcing the Gaussian shape on the spectral profile of the amorphous 
form is crucial to obtain accurate results. 

3.4. MCR-ALS as a tool to understand the temper process and to evaluate 
the quality of industrially produced chocolates 

Previous sections focused on describing the MCR-ALS results of one 
representative run (sample AM31B) out of 18 experiments and served to 
illustrate the suitable use of soft and hard modeling constraints on 
separate datasets representing different stages of the chocolate pro-
duction: the cooling process (a metastable state, where crystal growth 
and network formation takes place) and storage (a stable state but with 
different maturity levels, short vs. long storage). In this section, the 
discussion focuses on the chemical interpretation of the temper/cooling 
process and the evaluation of the state of industrially produced choco-
lates after long and short storage, based on the results provided by MCR- 
ALS using ATR-FT-IR spectra of the 18 experiments. 

As mentioned in the introduction, the parameters k and n of the 
Avrami model (eq. (4)) are related to the kinetics and the crystallization 
morphology of the chocolate fats, respectively. Appendix A includes the 
parameters k and n generated from the MCR-ALS model of dataset A 
(cooling), which showed a systematic (statistically significant) trend 
among the 18 chocolate runs. Specifically, the exit temperature of the 
chocolate samples is positively correlated to the Avrami exponent n, and 
negatively correlated to the crystallization growth rate k. This is 
explained because a warmer mass (high exit temperature) entering the 
cooling tunnel will have slower crystallization dynamics under the same 
cooling conditions. Regarding the Avrami exponent n, it took values 
between 0.85 and 1.30, which, according to literature, indicates 
instantaneous 1-D crystal growth [26]. The calculated n values are not in 
full agreement with those reported in the literature when the Avrami 
equation was used on isolated TAGs or cocoa butter crystallization using 
LF-NMR or DSC [25,27,28,30]. This mismatch is, according to Padar & 
Windhab (2008), due to the complexity of chocolate, for which the 
crystallization and crystal morphology is affected by the surrounded 
solids (i.e., sugars, milk fats, stabilizers) and cannot be compared in a 
straightforward way to crystallization mechanisms of monocomponent 
TAG systems. Moreover, the sporadic nucleation found elsewhere for 
cocoa butter [25,30] does not take into consideration the impingement 
that takes place over high crystal concentration. Therefore, even though 
the Avrami equation provides a good fit to our data, it is challenging to 
use the sole parameters directly to explain the complex dynamics of 
crystallization on a multi-component system like chocolate. The k and n 
values could, however, be valuable indicators for i.e., a 
measurement-based tuning and alignment of the operational settings for 
a tempering machine plus cooling line within one industrial production 
line. Currently, the operators are evaluating the temper regime either 
before or after the cooling step, using methods like DSC, the 
temper-meter or a rheometer. To our knowledge, no control or analysis 
is implemented during the cooling process, hence we will now focus on 
the spectra collected over storage (datasets B and C) as a 
closer-to-industry approach. 

Fig. 5 illustrates the MCR spectral signatures (Fig. 5i, iv) and their 
contributions for chocolates tempered using the AMC (Fig. 5ii, v) and 
the Stella Nova (Fig. 5iii, vi) machines. The figure contains the results for 
all the chocolate samples, after applying non-negativity to concentration 
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and spectra profiles and Gaussian fit to the amorphous spectral form s2. 
Looking at the MCR concentrations for the short storage samples 

(Fig. 5ii, iii), small differences can be observed among the chocolates 
regarding the contributions of the crystalline and amorphous profile in 
all conditions tested for the chocolates. A few samples labelled AM30B, 
AM31C (tempered with the AMC) and SN27B (tempered with the Stella 
Nova) show a larger contribution of the amorphous profile than the 
other samples, indicating the less crystallized or more disordered state of 
the glycerol backbone of the TAGs. Additionally, some of the samples 
analyzed, i.e., SN31A and SN31B, show a large variation within the 
replicate measurements (wide range in the box-and-whisker plot). That 
could be due to increased heterogeneity of the crystal state of the fats in 
terms of acyl chain orientation and ester carbonyl conformation of the 
TAGs resulting in a mixture of ordered and disordered TAG chains. The 
chocolate samples tempered using some ‘extreme’ operational settings, 
such as very low exit temperature (27 ◦C: SN27A, B and C) or temper-
ature close to the melting point of the desired crystal form V (32 ◦C: 
AM32A), did not show clear differences from the rest of the samples in 
terms of their concentration in crystalline vs. amorphous. Moreover, the 
choice of the temper degree (under-, well-, and over-tempered), which 
defines the amount of initial crystal nuclei formed during tempering 
(and consequently affects the viscosity of the chocolate), did not result 
to any pattern in terms of s1 and s2 contributions either. In general, from 
all experimental runs, the SN31C (tempered with the Stella Nova) has a 
clear separation of the concentrations of the s1 and s2 profiles with the 
crystalline response contributing to more than 80%. 

It is important to note that the differences between tempering ma-
chine and inter-machine settings decrease after long storage/maturation 
of chocolates (Fig. 5v, vi). The separation of the two concentration 
profiles is evident, while there is little variation within the replicate 
measurements, implying less heterogeneity in the products studied. 
Indeed, the chocolates reach a higher crystalline state over time, since 

the glycerol backbone of the TAGs rearranges to a more stable and, thus, 
thermodynamic favorable state. That is in agreement with the general 
understanding that chocolate requires a couple of days after production 
to stabilize. The above results imply that for the chocolate type used in 
the current investigation, irrelevantly of the temper settings/processes 
studied, the end-product reached the same crystalline state, which was 
also verified from the DSC measurements. Therefore, the production can 
be adjusted and optimized accordingly (i.e., chocolate viscosity, cooling 
time, exit temperature) without sacrificing the end-product quality. For 
example, in the case of the Stella Nova machine, chocolate production 
can occur at lower temperatures (saving energy and time in both 
tempering and cooling steps) and still be of comparable temper quality 
to chocolates tempered using conventional operational settings 
(AM30B, AM31B, etc.). Obviously, the findings of this work restrict to 
the chocolate formulation tested and could vary for products of different 
composition. However, it has been proven the high potential of using 
ATR-FT-IR combined with advanced self-modeling methods, like the 
MCR-ALS, to monitor the chocolate temper process and to provide an 
approximate quantification of the crystal state of industrially tempered 
chocolates. The new approach of adding hard modeling constraints is 
beneficial in tracking the crystallization dynamics during cooling and 
for identifying differences (or similarities) among the various tempering 
processes and storage times. 

4. Conclusions 

In this study we explored the use of MCR-ALS analysis on ATR-FT-IR 
data collected from dark chocolate produced according to industrial 
standards. Different tempering processes (both machines and operating 
conditions) were conducted, and the aim was to follow the evolution of the 
crystalline forms during the cooling process and over storage. Previous 
literature has correlated the shape and frequency of IR absorption bands 

Fig. 5. MCR-ALS results on datasets B and C (spectra collected after short and long storage respectively) using non-negativity and hard modeling (Gaussian fit for the 
amorphous spectral signature, s2). The figure illustrates the MCR spectral loadings for F=2 (i, iv) and the MCR concentration loadings for chocolates tempered with 
(ii, v) AMC and (iii, vi) Stella Nova temper machines over (i-ii) short and (iv-vi) long storage, respectively. The box-and-whisker plot of each sample is the result of 10 
individual replicates. 
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with specific polymorphic structures of TAGs, through their subcell 
structure or acyl chain configuration. We applied the MCR-ALS analysis on 
the spectral range 1800–1700 cm− 1, where the absorption bands are 
attributed to the ester carbonyl (C––O) vibrational modes. Apart from the 
non-negativity, two new dedicated hard modeling constraints were 
implemented to enhance the chemical interpretation of the data studied: 
the concentration profiles during the chocolate cooling process were fitted 
to the kinetic Avrami equation, while the spectral signature of the amor-
phous form of chocolate fats was forced to present a Gaussian shape. The 
combination of soft and hard modeling constraints provided very accurate, 
interpretable solutions, expressed by two spectral signatures, attributed to 
the crystalline and the amorphous or less ordered state of the fats. During 
the crystallization step of the chocolates, the amorphous concentration 
profile was dominant at the first few minutes of cooling, but reduced 
shortly after, indicating the rapid transition to a crystalline state. This 
crystallization process was similar among all experimental runs. The 
analysis of the short storage chocolates showed a mixed concentration 
profile of the crystalline and amorphous state, with small differences 
among process runs. These differences diminished after longer storage, 
where all chocolates, regardless of temper processing, reached a highly 
crystalline state. 

In general, the use of ATR-FT-IR coupled with a dedicated imple-
mentation of MCR-ALS analysis considering the chemistry of the fat 
crystallization process and the spectroscopic features of the fat amor-
phous form proved quite promising for the evaluation of the crystal state 
of tempered chocolates in different stages during production and for the 
quality assessment of the end-product. The approach presented is fast, 
requires little labor and can be potentially applied to many diverse 
chocolate formulations to obtain accurate and high quality information 
regarding the kinetics, structural and approximate quantitative infor-
mation associated with the crystalline state adopted by the analyzed 
products. 
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ABBREVIATIONS 

POP (1,3-dipalytoyl-2-oleoylglycerol) 
POSt (1-palmitoyl-2-oleoyl-3-stearoylglycerol) 
StOSt (1,3-distearoyl-2-oleoylglycerol) 
TAGs (Triacylglycerols) 
MCR-ALS (Multivariate Curve Resolution-Alternating Least Squares) 
ATR-FT-IR (Attenuated Total Reflection-Fourier Transform-Infrared spectroscopy) 
ALS (Asymmetric Least Squares) 
DSC (Differential Scanning Calorimetry) 
LF-NMR (Low Field-Nuclear Magnetic Resonance), IR (Infrared) 

Appendix 

Appendix A: Settings of the Stella Nova* and AMC* used for the tempering of the 63% dark chocolate, together with the Avrami parameters 
calculated from the MCR-ALS modeling of dataset A (cooling).   

Zone temperatures (oC) Samples tempered at Stella Nova 

SN27A SN27B SN27C SN29A SN29B SN29C SN31A SN31B SN31C 

Pre-treat mass1 55 55 55 55 55 55 55 55 55 
Pre-cooling water2 24.2 24.8 25.1 27.2 28.1 30.1 30.5 31.1 32.4 
Pre-cooling mass2 27 28.2 28.5 30.2 30.3 32.4 32.7 33.6 35.2 
Crystallization water3 25 20.5 16 23.5 20.5 16 22 20.5 16 
Crystallization mass3 27 27 27 29 29 29 31 31 31 
Water jacket4 28 28 28 30 30 30 32 32 32 

(continued on next page) 
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(continued ) 

Zone temperatures (oC) Samples tempered at Stella Nova 

SN27A SN27B SN27C SN29A SN29B SN29C SN31A SN31B SN31C  

Avrami parameters 
Rate constant, k (min-n) 0.12 0.15 0.15 0.07 0.10 0.15 0.05 0.06 0.11 
Exponent, n (− ) 0.90 0.87 0.89 1.13 1.03 0.85 1.22 1.27 1.01  

Zone temperatures (oC) Samples tempered at AMC 

AM32A AM29B AM29C AM30A AM30B AM30C AM31A AM31B AM31C 

Pre-treat mass1 48 48 48 48 48 48 48 48 48 
Pre-cooling mass2 30.5 29 28.5 30 29 28.5 30.5 30 30.7 
Crystallization water3 18 18 18 18 18 16 18 18 16 
Crystallization mass3 32 29.5 29 30.5 30.5 30 31 31 31  

Avrami parameters 
Rate constant, k (min-n) 0.05 0.13 0.10 0.05 0.10 0.10 0.07 0.07 0.07 
Exponent, n (− ) 1.30 0.94 0.99 1.28 1.02 1.04 1.20 1.19 1.16 

*The capacity of the Stella Nova and AMC used is 150 kg h− 1 

1 Pre-treat mass temperature aims to melt and erase any crystal memory in the chocolate. 
2 Pre-cooling refers to the zone after the pre-treat. In the case of Stella Nova, no shearing takes place in that zone. 
3Crystallization refers to the final zone of tempering; In the case of Stella Nova, the temperature of the chocolate drops even more, and shear is introduced to the 
chocolate mass. For AMC, the temperature of the mass is increasing in order to erase low stability crystals that were formed at the pre-cooling zone. 
4Water jacket refers to the temperature of the pipe where the chocolate comes out. Usually, it is set 1 ◦C higher than the crystallization mass temperature. 

Appendix B: Temperature recordings of chocolate (sample AM31B) taken in (b) the mid- and (c) outer-part of the mold (a) during cooling. Sensors were 
placed both in the centre (green line) and on the surface (purple line) of the chocolate, while the temperature inside the cooling tunnel (blue line) was also 
recorded. The recordings of subplots b and c were taken in two different runs of the cooling process, using the same temper and cooling settings.  

. 
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