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ARTICLE INFO ABSTRACT

Keywords: Food colour is a commercial added value, since it represents the first appealing factor for consumers. In this
Strawberry yoghurt purée context, this study was aimed at evaluating the effect of strawberry yoghurt purée (SYP) formulation on the
Anthocyanins

corresponding colour and on its variation over time, which is mainly due to degradation and browning phe-
nomena. To this aim, a combined approach was used that included mixture design and multivariate analysis of
RGB images. Strawberry purée, sugar, lemon juice and two types of thickener were mixed in different pro-
portions by I-optimal mixture design to obtain 44 SYP formulations. The samples were subjected to light and
temperature stress conditions for five weeks; during this time the RGB images of the samples were acquired using
a flatbed scanner, along with the images of the corresponding control samples. The dimensionality of the ac-
quired images was reduced by two different approaches: i) the conversion of images into signals, namely col-
ourgrams, which can be seen as the colour fingerprint of the imaged samples, and ii) the calculation of the
median values of various colour-related parameters. The colourgrams dataset was then subjected to exploratory
data analysis using Principal Component Analysis, while the median values of colour-related parameters were
analysed using Response Surface Methodology and Partial Least Squares-Discriminant Analysis. The aim of data
analysis was both to find the best colour parameters to describe colour variability over time, and to investigate
the cause-effect relationship between mixture proportions and colour response. The results highlighted that,
among the considered colour parameters, relative green (i.e., the ratio of green to lightness) and red could be
used to monitor colour changes. Colour variation due to stress conditions was more pronounced for samples with
a high percentage of strawberry purée, and the type of thickener also affected the colour degradation kinetics.

Mixture design

Response surface
Multivariate image analysis
Colourgrams

1. Introduction content in the formulation, as well as on the addition of strawberry food

flavouring. On the other hand, colour dependencies are way more

Strawberry yoghurt purée (SYP) is a specific formulation — composed
of strawberry, sucrose, lemon juice, thickener, natural strawberry
flavour, and water — to be used as a semi-finished product in the
manufacturing of flavoured yoghurts. In particular, SYP is added during
yoghurt production in a percentage ranging from 15% to 20% w/w of
the entire end product.

In order to satisfy consumers’ expectations, a good SYP formulation
has to transmit to the final product a balanced and recognisable straw-
berry flavour/taste and a pronounced and pleasant strawberry-like red
colour. Focusing on composition variables only, the optimal taste
strongly depends on the right balance between strawberry and sugar

complex to foresee and understand: multiple interactions between all
the components may come into play for the determination of an optimal
colour. Furthermore, the colour is not always stable over time, but it is
subjected to changes that depend on different factors. In this context, a
topic of great concern for SYP manufacturers is the identification of the
optimal formulation that ensures the desired colour appearance and its
stability over time, since these two properties can greatly affect pur-
chases of the final product.

Anthocyanins are the natural pigments which are mainly responsible
for strawberry colour. Despite many studies showed a notable variability
on anthocyanins profile based on strawberry cultivar and maturation
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stage [1,2], scientific literature agrees on pelargonidin-3-glucoside as
the most abundant compound, which ranges between 50% and 90% of
total anthocyanins content [1-4]. Colour properties of these compounds
originate from their resonating structures, which also confer them an
intrinsic instability [5] that must be taken into consideration when
trying to optimize and control the colour of food products containing
anthocyanins. Many factors have a great influence on their colour and
stability, including pH, temperature, light exposure, time, oxidase
enzyme activity, water activity and total soluble content, among others.

While pH-dependent structural changes have been largely docu-
mented and studied [5], the impact of temperature as the second most
crucial parameter on anthocyanin stability is not sufficiently understood
from a chemical point of view [6]. However, it is well known that an-
thocyanins are thermolabile, leading to the so-called browning effects.
These phenomena are reported in two different studies, in which pilot
productions of strawberry jams [7] and juices [8] were put under
observation to evaluate which process caused higher losses in antho-
cyanins content. In addition, Martinsen et al. (2020) [7] compared
different levels of thermal treatment and observed a first order reaction
kinetics. Browning processes also occur when strawberries are mashed
into pulp, due to the effect of oxidizing enzymes such as polyphenol
oxidase. In this case, a balanced blanching operation can inactivate
these enzymes and prevent undesired colour variations in the final
product [9].

Given the complex relationships between the various factors un-
derlying SYP colour and its stability, in this work we have focused on the
effect of compositional factors. A quaternary mixture design was elab-
orated, considering the I-optimality criterion [10] for the selection of the
experimental conditions, i.e., of the recipes. This allowed to study the
colour characteristics of SYP according to the recipe used for its pro-
duction and how the colour changes over time under controlled storage
conditions. Indeed, ingredients proportions in the recipe influence the
properties of SYP, such as final pH of the solution, total soluble solids
content, water activity ([11], where the authors also studied the effect of
different thickeners), and citric acid content [12] among others. In turn
these properties affect anthocyanins stability and therefore the final
colour of the product.

In order to accelerate degradation and browning phenomena we
considered extreme stress conditions, i.e., continuous exposure to
intense light at a temperature of about 35 °C. Any other factor poten-
tially affecting anthocyanins stability was kept constant.

To evaluate the colour of the SYP samples and its variation over time,
we considered Red-Green-Blue (RGB) imaging due to its several ad-
vantages. Indeed, this tool allows to objectively assess colour related
information about the investigated samples using affordable devices in a
fast and non-destructive manner, resulting also a green approach.

Compared to traditional tristimulus colourimeters, RGB images can
be acquired by commonly used devices such as digital cameras, smart-
phones or flatbed scanners, allowing also to evaluate colour variability
within the sample surface [13]. RGB images are complex data arrays,
and it is of utmost importance to apply proper image analysis strategies
to extract the useful information from such data [14].

When multiple images have to be analysed altogether, data-
dimensionality reduction is generally performed, which consists in
converting each image into a feature vector acting like a fingerprint of
the sample in terms of colour. Then, the feature vectors obtained from
each acquired image can be collected into a data matrix and elaborated
by multivariate data analysis to extract the useful information and
relevant colour characteristics of the images. As a very straightforward
method for data-dimensionality reduction, it is possible to calculate
average or median values of R, G and B values and/or other colour pa-
rameters derived from RGB data, using then these descriptors to eval-
uate the colour properties of the considered samples [15 —17]. In order
to preserve also the information related to colour variability within the
images, some of us proposed an alternative approach for data dimen-
sionality reduction, which consists in calculating the frequency

Microchemical Journal 194 (2023) 109222

Table 1

Lower and upper limits for mixture components expressed as weight fractions
(w/w); for each mixture the sum of the four components is equal to 95% w/w,
since a fixed quantity of water (5% w/w) was added.

Lower Limit Component Upper Limit

0.25 < A: Strawberry purée < 0.75

0.18 < B: Sugar < 0.696

0 < C: Lemon juice < 0.06

0.004 < D: Thickener < 0.01
A+B+C+D = 0.95

distribution curves of a set of colour descriptors and merging them in
sequence to obtain a signal named colourgram [18].

The main idea behind the present study is to combine mixture design
and multivariate RGB image analysis to evaluate how colour properties
of SYP are affected by compositional factors and stress conditions. More
in detail, a mixture domain of the semi-finished strawberry product was
defined considering four ingredients, i.e., strawberry purée, sugar,
lemon juice and thickener. Within this domain, 44 different mixtures
selected using the I-optimality criterion were prototyped and placed
under observation over a five-week period, during which RGB images of
the samples put under stress conditions and of the corresponding control
samples were acquired every week using a flatbed scanner. The best
parameters to describe colour variability were investigated by multi-
variate image analysis, also trying to establish a cause-effect relationship
between mixture proportions and colour response.

2. Materials and methods
2.1. Mixture design for strawberry yoghurt purée samples preparation

In order to model the variation of different colour-related properties,
strawberry yoghurt purée samples preparation was carried out following
the design of experiments (DoE) approach by using the Design Expert
ver. 10 software (Stat-Ease Inc., USA). A double-constrained quaternary
mixture design was applied, in which components variation ranges were
derived from initial business recipe based on a number of consider-
ations, including commercial interest for a strawberry formulation of up
to 75% w/w, company know-how on the feasibility of some mixtures,
legal/technical limits for some ingredients, such as the thickener, and
finally the need to obtain a fairly pronounced colour variation for better
modelling. The resulting ranges for each component are summarized in
Table 1; the total sum of the four ingredients percentage was equal to
95% w/w, since a constant quantity of 5% w/w of water was added to
each mixture. As it can be noticed, natural strawberry flavour was not
added to samples, due to its small amount in the recipe (<0.1 % w/w)
and its null effect on mixture colour; furthermore, no one of the above
referred publications listed flavouring as a potential influencing factor.

Table 2 shows the design matrix consisting of 22 experiments, chosen
based on the I-optimality criterion to fit the following quadratic poly-
nomial model:

y=2_lbw Y D by ¢))

where y is the colour parameter to be modelled, m is the number of
mixture components, b; is the one-factor term of the i-th component with
proportion x;, and b is the interaction term for components i and j (with
i# ).

All the mixtures resulting from DoE were prepared with two different
thickeners, pectin (PEC) and locust bean gum (LBG), following the
random order reported in Table 2 and obtaining a total of 44 SYP
samples (=22 experiments x 2 thickener types).

Each mixture was prepared in a 1 kg batch using a Bimby TM21 robot
(Vorwerk & Co. KG, Wuppertal, Germany). The complete cooking cycle
for each mixture took in general between 20 and 25 min, considering
ingredients loading, temperature rising till 93 °C and thermal treatment
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Table 2
Design matrix for both PEC and LBG series of samples.
Run order PEC samples name LBG samples name A: B: C: D:
Strawberry Purée (%) Sugar (%) Lemon Juice (%) Thickener (%)

1 PEC1 LBG1 70.60 18.00 6.00 0.40
2 PEC2 LBG2 54.12 37.76 2.72 0.40
3 PEC3 LBG3 25.00 69.60 0.00 0.40
4 PEC4 LBG4 72.50 18.00 3.50 1.00
5 PEC5 LBG5 25.00 63.60 6.00 0.40
6 PEC6 LBG6 75.00 19.40 0.00 0.60
7 PEC7 LBG7 39.53 53.59 1.33 0.55
8 PEC8 LBG8 54.12 37.76 2.72 0.40
9 PEC9 LBG9 55.20 33.00 6.00 0.80
10 PEC10 LBG10 75.00 19.40 0.00 0.60
11 PEC11 LBG11 25.00 67.20 2.00 0.80
12 PEC12 LBG12 58.33 35.67 0.00 1.00
13 PEC13 LBG13 25.00 63.00 6.00 1.00
14 PEC14 LBG14 72.50 18.00 3.50 1.00
15 PEC15 LBG15 54.06 37.58 2.66 0.70
16 PEC16 LBG16 50.00 44.00 0.00 1.00
17 PEC17 LBG17 40.00 48.00 6.00 1.00
18 PEC18 LBG18 47.65 40.65 6.00 0.70
19 PEC19 LBG19 64.53 28.59 1.33 0.55
20 PEC20 LBG20 54.06 37.58 2.66 0.70
21 PEC21 LBG21 25.00 67.20 2.00 0.80
22 PEC22 LBG22 54.06 37.58 2.66 0.70

at 93 °C + 5 °C for 15 min. A unique batch of strawberry purée was
picked from company’s stock. It was obtained from strawberries of a
single cultivar, which were subjected to a blanching process (78 °C for
3 min) and then mashed. This batch of strawberry purée was used for the
preparation of all the samples in combination with other ingredients.
After the cooking process, each mixture was divided into 6 aliquots of
about 165 g and the aliquots were transferred into 105 ml jars, subse-
quently vacuum-sealed and labelled. The jars were filled until the edge
with the mixtures still hot; in this manner no significant headspace was
left for air oxygen, which is a factor that could affect the colour stability
of the samples. Two jars of each mixture were used for the experimental
part of this study, while the remainder jars served as backup.

2.2. Experimental set-up for stressing the samples

The 44 mixtures were randomly divided into 4 blocks of 11 samples
each, paying attention to distribute as much uniformly as possible
among the different blocks the various mixture compositions.

In order to accelerate oxidative phenomena that normally could take
several months to occur, one jar for each one of the 44 mixtures (labelled
as “S” series) was stored under stress conditions for approximately five
weeks. More in detail, the jars were flipped over and stored in a closed
polystyrene box containing a 50 W lamp (2 bulbs, full spectrum
380-720 nm). In this manner, the bottom of the jars was exposed to light
for the entire period of five weeks (690 h of light exposure overall). In
order to minimize the effect of heterogeneous lighting conditions inside
the box, the internal area of the polystyrene box was divided in four
areas, one for each block of samples, and once a week the jars were
moved to the adjacent area (Figure S1). During this procedure each
sample was inspected and shaken in order to prevent the possible for-
mation of different density layers, even if this effect has never been
observed over the five weeks of the experiment.

Light was not the only stress factor inside the box. In fact, due to the
Joule effect, lamp bulbs warmed up the environment at a temperature of
34.5 °C £ 0.9 °C. Temperature was monitored with an Inkbird ITC-308
digital thermal regulator. The combination of light and temperature
stress factors visibly accelerated oxidative reactions in samples, leading
red anthocyanins towards more brownish compounds.

Simultaneously, the second jar of each one of the 44 mixtures was
used as control sample (labelled as “C” series) and kept in the dark at a
refrigerated temperature between 0 °C and 4 °C for the same period of
five weeks.

1

7

Fig. 1. Example of an image acquired with the flatbed scanner on a set of 9
samples. Following the numerical order (from 1 to 9) the samples are: PECS,
PEC7, LBG2, LBG1, LBG22, PEC18, LBG16, PEC6 and LBG12. All the samples
belong to the stressed (S) series acquired at T04.

2.3. Image acquisition system

The evolution of samples colour during time in both stressing and
controlled conditions was monitored weekly using an image acquisition
system. The system was composed by a flatbed scanner (Epson Perfec-
tion V39), a white cardboard with 9 slots for the jars containing the
mixtures, a carton box to cover the flatbed scanner during image
acquisition and a computer to save and store images for further elabo-
ration. Fig. 1 shows an example of an image acquired with this system.
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Once a week for five weeks, both the S and the C samples series were
taken from their respective storage places for images acquisition. Since
each block was composed of 11 samples but only 9 slots were available
in the white cardboard mask, two scans for each block were necessary.
For this reason, the 11 samples of each block were divided into two sub-
blocks, one with 5 samples and the other one with the remaining 6
samples. The two scans for each block were acquired as follows:

e the first scan contained the 5 samples of the first sub-block and 4
samples randomly selected from the second sub-block;

e the second scan contained the 6 samples of the second sub-block and
3 samples randomly selected from the first sub-block.

The position of the samples in the image scene was randomized for
each image acquisition, as well as the subdivision of the samples of each
block into the two sub-blocks.

Images of SYP mixtures were acquired at 6 different acquisition times
from TOO to TO5, where TOO corresponds to the day in which the mix-
tures were prepared and T01-T05 correspond to the weekly acquisitions
performed from the first until the fifth storage weeks. Therefore, the
final images dataset was composed of 96 images (=2 scans x 4
blocks x 2 series x 6 acquisition times).

For all the images, the following acquisition parameters were applied
directly from Epson scanner software (EPSON Scan Ver. 3.9.4.7IT) and
kept constant for all acquisition times: lightness + 20, contrast + 20,
saturation + 60.

All the images were saved in .JPG format, with 24-bit depth and a
spatial resolution of 9359 row pixels x 6800 column pixels. Considering
a file size approximately equal to 191 MB per image, the overall dataset
size was about 18 GB.

2.4. Data analysis

2.4.1. Data dimensionality reduction of RGB images dataset

Before further analysis, additional image pre-processing steps were
necessary in order to crop the image of each single sample. These op-
erations were automatically carried out by means of an image cropping
algorithm written in MATLAB language (ver. 9.3, The Mathworks Inc.,
USA), obtaining on the whole 864 (=96 x 9) images of single samples.

This large dataset of images needed to be managed through proper
data dimensionality reduction methods in order to retrieve useful in-
formation. In this study two different data dimensionality reduction
approaches were considered. Initially, the colourgrams approach was
used as a first strategy to gain a preliminary overview of the entire
dataset of images and evaluate differences over time between stressed
and control samples. Colourgrams, proposed the first time by Antonelli
et al. (2004) [18] and later used in other successful applications [19
-27], allow to codify the colour information contained in the three-
dimensional array of each RGB image by reducing it to a signal (vec-
tor). Basically, the frequency distribution curves of the R, G and B
channels of the original image and of other parameters derived from the
values of R, G and B are obtained; then, the colourgram is built by
merging these frequency distribution curves in sequence. In addition to
R, G and B, the colour parameters considered for colourgrams compu-
tation include lightness (L = R + G + B), relative red (RR = R / L),
relative green (RG = G / L), relative blue (RB = B / L), hue (H), satu-
ration (S), intensity (I) and the three score vectors of each one of three
PCA models calculated on raw, mean centered and autoscaled RGB data,
respectively. For further details about colourgrams computation and the
considered colour parameters, the reader is referred to Antonelli et al.,
2004 [18] and Calvini et al., 2020 [28].

Such a transformation simplifies the analysis of a dataset of images
that can be converted into a matrix of signals, where each row corre-
sponds to a signal codifying the colour properties of a specific image in
the dataset. Furthermore, the inclusion in the colourgram of more colour
parameters in addition to the RGB channels allows to simultaneously
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evaluate different colour-related features of the imaged samples and to
identify which of them are the more relevant for the considered
application.

An easy-to-use graphical user interface developed by some of the
authors [28] for the creation of colourgrams is freely downloadable from
the web [29]. In this case, before calculating the colourgrams, back-
ground removal was performed by selecting a threshold limit: only the
pixels with values of the blue channel < 200 have been included in
colourgrams elaboration.

Subsequently, to simplify the identification of the colour parameters
mainly influenced by mixture composition and stress conditions, an
alternative approach of data dimensionality reduction was considered.
At first, an additional cropping procedure was necessary to restrict
sample images to the center of the jars in order to focus on mixtures
colour and eliminate image noise deriving from shadows and reflections
(Figure S2). From these re-cropped images, median values of red, green,
blue, lightness, relative red, relative green, relative blue, hue, saturation
and intensity were obtained, which correspond to the colour-related
parameters considered in the calculation of colourgrams. Median
values were calculated considering only the pixels with blue values
lower than 50; this threshold was set to exclude remaining reflections
due to signs of the jar glass. In this manner, each re-cropped image was
converted into a feature vector of 10 elements, corresponding to the
median values of the considered colour-related parameters.

2.4.2. Exploratory analysis of colourgrams by PCA

The mean centered matrix of colourgrams was analysed by Principal
Component Analysis (PCA), by using the PLS Toolbox Version 8.8.1
(Eigenvector Inc.) running in MATLAB environment (ver. 9.3, The
Mathworks Inc., USA). PCA performed on the colourgrams matrix
allowed to visualize the overall structure of the dataset composed of 864
RGB images, to highlight clusters of similar images, and to identify the
presence of outlier images.

2.4.3. Modelling of median red parameter

In order to study the effect of mixtures composition and of time on
the SYP colour of the S series of samples, i.e., the series for which the
time effect is expected to be much more relevant, the median values of
different colour parameters were considered for possible modelling by
DoE. Since median red was identified as the parameter showing better
correlation with the percentage of strawberry content, for each thick-
ener type the corresponding response surfaces were calculated consid-
ering the images acquired at the beginning (T00) and at the end of the
stress time interval (T05). It should be noticed that, for the samples that
were imaged twice in the same image acquisition session, the mean
value of the two corresponding median red values was considered for
model calculation.

Analysis of variance (ANOVA) was used to verify the statistical sig-
nificance of the model and of the lack of fit; the comparison of the
variation sources was based on the Fisher distribution (P < 0.05). The
values of the coefficient of determination (R2), of the adjusted R? (R?
Adj) and of the predicted R? (R? Pred, estimated by leave-one-out
crossvalidation) were considered to express the models performance,
while response surfaces were obtained to represent the variation of
median red with mixture composition at the different image acquisition
times.

2.4.4. Evaluation of colour variation by PLS-DA

In order to highlight colour variations caused by stress conditions
over time and to identify the colour parameters more suitable to monitor
this aspect, the dataset of median values of the different colour param-
eters described in section 2.4.1 was analysed using a multivariate clas-
sification algorithm, namely Partial Least Squares-Discriminant Analysis
(PLS-DA). In particular, a PLS-DA classification model was calculated to
discriminate between stressed and control samples. In this case, only the
samples belonging to the acquisition times from TO1 to TO5 were
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Fig. 2. PC1-PC2 score plot of the colourgrams matrix; the objects are coloured according to stressed and control samples (a) and according to strawberry percentage

of the corresponding mixtures (b).

considered, while the TOO samples were excluded.

The dataset of the median values was preprocessed using autoscal-
ing, and the optimal number of latent variables was selected in cross-
validation considering 4 deletion groups, corresponding to the 4 ran-
domized sample blocks described in Section 2.2.

The classification performances were evaluated considering sensi-
tivity (SENS), specificity (SPEC) and classification efficiency (EFF),
calculated in calibration and cross-validation. SENS is the percentage of
samples of the modelled class correctly accepted by the class model,
SPEC is the percentage of objects of the other classes correctly rejected
by the class model, and EFF is the geometric mean of SENS and SPEC
[30].

It has to be highlighted that in this study the PLS-DA model was not
calculated for prediction purposes, but only to identify one or more
colour descriptors that are more related to colour variations due to stress
conditions. To this aim, the Variable Importance in Projection (VIP)
scores were used to point out colour parameters with higher relevance in
the discrimination between control and stressed samples. Indeed, VIP
scores provide a measure of the relevance of each variable in the defi-
nition of the PLS-DA model; as a general rule, variables with VIP score

a)

greater than 1 can be considered as significant [31].
3. Results and discussion
3.1. PCA of colourgrams

An initial exploratory analysis was performed on the entire colour-
grams dataset, considering all acquisition times (from T0O to T05) and
both control and stressed samples. The analysis of the PC1 and PC2 score
plot revealed interesting trends, as reported in Fig. 2, where the same
samples are coloured according to stressed and control samples (Fig. 2a),
and according to the percentage of strawberry of the corresponding
mixtures (Fig. 2b).

PC1 describes the colour differences of the SYP samples according to
the percentage of strawberry in the mixture (Fig. 2b), where the samples
prepared with the highest amount of strawberry are located at negative
PC1 score values, while the samples with the lowest strawberry per-
centage are located at positive PC1 score values. Indeed, considering the
corresponding RGB images, it is possible to observe that the mixtures
prepared with a higher amount of strawberry have a lighter and reddish

b)
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Fig. 3. Variation of median R with increasing strawberry percentage in the formulation containing LBG as thickener at T0OO (a) and TO5 (b).
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colour, while the mixtures with a lower amount of strawberry have a
darker colour.

On the other hand, PC2 highlights the differences between stressed
and control samples (Fig. 2a), which are more evident for mixtures with
high strawberry percentage (Fig. 2b).

Even if these simple observations could have been done by visually
comparing the RGB images of some representative samples, it has to be
considered that it is not feasible to simultaneously evaluate all the 864
images of the dataset with the naked eye. Conversely, the colourgrams
approach coupled with PCA allowed to gain a general overview of the
colour properties of the considered samples and to highlight colour
variation trends common to all the images of the dataset.

In addition, PCA results showed that the stress conditions considered
in this study resulted to be appropriate to promote colour variations in
the samples compared to the corresponding control samples, as well as
that mixtures composition is responsible for a higher colour variability
than the one due to stressing factors. It must be also highlighted that
stress conditions and sample composition affected sample colour in
different directions in the score plot, suggesting that different colour
parameters should be used to describe composition-dependent and
stress-dependent colour variation.

In particular, this PCA model allowed to highlight two relevant
points: the colour of mixtures is mainly influenced by strawberry per-
centage, and the stress conditions led to a colour modification which is
more pronounced for samples with a high strawberry percentage.
However, the analysis of the corresponding PC1 and PC2 loading vectors
did not allow to easily identify the specific colour parameters mainly
influenced by mixture composition and/or stress conditions. For this
reason, the subsequent modelling steps were carried out considering a
simpler approach based on the use of median values of the colour
parameters.

3.2. Mixture design models on median red parameter

The analysis of the mixture design models calculated for different
colour parameters revealed that the median red value was the most
relevant parameter to describe colour variation of S samples according
to mixture composition. A preliminary visual inspection of the scatter
plot of strawberry percentage vs. median red at TOO and TO5 (Fig. 3a and
Fig. 3b, respectively) has however revealed an unexpected behaviour for
some LBG samples (namely: LBG10 and LBG13 samples at T00; LBG3,
LBG10 and LBG13 samples at TO5), suggesting a possible anomaly in
their colour. In particular, LBG13 was characterised by a higher median
red value at both TOO and TO5 compared to other samples prepared with
the same amount of strawberry, which corresponds to the lowest limit, i.
e., 25%. At TO5 LBG3 showed the same anomalous behaviour of LBG13.
On the other hand, mixture LBG10, containing the highest amount of
strawberry (75%), showed a median red value much lower than the one
measured for the other samples with very similar strawberry percentage.

To further confirm this trend, the images corresponding to the
anomalous samples were visually compared with those of the most
similar samples in terms of composition, in particular with regard to
strawberry percentage; the reader can view these images and compare
them with the naked eye by accessing the Supplementary Material.
Fig. 3S reports in subplot a) the images of the mixtures with a low
percentage of strawberry (25%) and in subplot b) the images of the
mixtures with a high percentage of strawberry (70.6-75%). In the figure,
the anomalous samples are boxed in blue and the replicate mixtures
have the name label in the same colour. As it can be seen, in Fig. 3Sa
anomalous samples appear lighter than the similar mixtures, while in
Fig. 3Sb they appear darker than the similar mixtures. LBG13 (Fig. 3Sa)
and LBG10 (Fig. 3Sb) are anomalous from the beginning, i.e., at both
TOO and TO5. Moreover, it can be noticed that LBG10 is markedly
different from its replicate mixture LBG6. The most likely cause for this
behaviour is ascribable to problems that arose during the cooking pro-
cess. LBG3 instead changed its colour in an anomalous way over time
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Table 3
Statistics of the mixture models for the median red parameter obtained for the
PEC and LBG thickeners at TOO and T05.

PEC series LBG series
Stressing TOO TOS TOO TOS
time
Model Significant Significant Significant Significant
Lack of fit Not significant Not Not significant ~ Not significant
significant
R? 0.84 0.85 0.96 0.99
R? Adj 0.81 0.82 0.93 0.98
R? Pred 0.73 0.73 0.64 0.90
Model Linear Linear Linear Linear
terms mixture: A, B, mixture: mixture: mixture:
CD A,B,C D A,B,C,D A,B,C D
Quadratic Quadratic
terms: terms:
AB, AC, AD, AB, AC, AD,
BC, BD, CD BC, BD, CD
Excluded #10, #13 #3, #10, #13
samples

and its final colour appears also less homogeneous than that of the other
samples.

These considerations led us to eliminate the anomalous samples from
the dataset before calculating the mixture design models. In particular,
the model calculated on TOO samples was obtained after excluding
LBG10 and LBG13, while in the model calculated on TO5 samples also
LBG3 was excluded in addition to LBG10 and LBG13. Indeed, these
samples resulted to be anomalous since they did not show the same
relationship between sample colour, expressed in terms of median red
value, and sample composition as the other mixtures and their inclusion
in the mixture design models would have inevitably made them less
reliable. However, for the sake of completeness, the performances of the
models calculated including also the anomalous samples are reported in
the supplementary material (Table S1).

Table 3 reports the significant terms of the models calculated for
both PEC and LBG thickener types at TOO and TO5, and the corre-
sponding performances. It should be noted that before accepting each
model it was verified that the errors had a normal distribution and that
the error variance was constant for any value of the independent
variable.

Overall, the models were satisfactory, with acceptable R? Pred
values. The median red parameter was adequately fitted using a linear
model when the mixture was prepared using PEC as a thickener, while a
quadratic model was found to be more adequate to fit median red of the
mixtures containing LBG.

Fig. 4 shows the response surfaces of the models, in the triangular
domain defined by the strawberry purée, sugar and lemon juice com-
ponents. The lower (0.40 %) and higher (1.00 %) levels of the fourth
component, i.e., the thickener, are shown below and above, respec-
tively. It is interesting to observe that all surfaces show a similar trend as
regards the variation of the median red parameter with the composition
of the mixture and with stressing time. In general, the median red values
increase as the amount of strawberry puree increases, as expected, and
they tend to decrease with stressing time. Regarding the PEC response
surfaces, the decrease in median red observed with time is almost in-
dependent of the amount of thickener in the mixture; a slight positive
effect of lemon juice on median red values can be observed both at TO0O
and at TO5. The LBG response surfaces show that, considering the same
proportions of the other ingredients, at TOO the median red value is
generally lower with a higher amount of thickener, and in this case it
seems that the addition of lemon juice does not lead to a significant
effect. At TO5 the decrease in median red values is more pronounced for
mixtures containing a low amount of strawberry, lemon juice and
thickener. However, the comparison between the response surfaces at
TO00 and TO5 with LBG = 0.4% also suggests that the maximum amount
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LBG

TOO

A: Strawberry puree
0,76

TO5

A: Strawberry puree
076

069 025 051
8: Sugar C: Lemon juice

0,69 025 0,51
B: Sugar C: Lemon juice

A: Strawberry puree
0,766

Thickener amount

0,696 0,25
B: Sugar

0,516
C: Lemon juice

0,696 025
B: Sugar

0516
C: Lemon juice

TOO

A: Strawberry puree
0,76

TO5

A: Strawberry puree
0.76

80

0,69 025 0,51 0,69 025 0,51 50
8: Sugar C:Llemonjuice  B:Sugar C: Lemon juice

A: Strawberry puree A: Strawberry puree
0,766 0,766

0,696 025
B: Sugar

0516
C: Lemon juice

0,696 025
B: Sugar

0516
C: Lemon juice

Fig. 4. Response surfaces for median R calculated from SYP images at initial (TO0) and final (T05) acquisition times (samples containing PEC as a thickener on the

left, samples containing LBG on the right; thickener amount decreases top-down).

Table 4
Results of the PLS-DA model calculated on the dataset of median colour values;
the SENS and SPEC values are referred to the control (C) class.

SENS SPEC EFF
Cal 93.2 % 86.2 % 89.6 %
cv 91.7 % 85.0 % 88.3 %

of lemon juice combined with the highest possible level of strawberry
leads to the highest and most stable median red levels, which could
therefore correspond to the optimal condition.

3.3. PLS-DA model on median values

Since LBG3, LBG10 and LBG13 samples resulted to be outlier at TOO
and/or at TO5, they were also excluded from the calculation of the PLS-
DA model to discriminate between stressed and control samples
considering all the acquisition times from TO1 to TO5.

The PLS-DA model was calculated with 4 latent variables selected
according to cross-validation (see Section 4.4) and the corresponding
results are reported in Table 4. The satisfactory results expressed in
terms of SENS, SPEC and EFF values in calibration (Cal) and cross-
validation (CV) confirmed a detectable colour difference between
stressed and control samples. Fig. 5a shows the Y values in cross-
validation (Y CV) for control class versus the acquisition order, where
the samples are coloured according to control and stressed classes. In
particular, the samples with a Y CV predicted value higher than the
discriminant threshold (dashed red line) are classified as control sam-
ples, while the other samples are classified as stressed samples. As ex-
pected, the colour difference between control and stressed samples
becomes progressively more pronounced over time; indeed, the number
of misclassified samples is much lower at TO5 than at TO1.

Furthermore, Fig. 5b shows the Y CV predicted values for control
class against strawberry percentage in the mixtures. In this case it is
possible to observe that the samples with a strawberry percentage equal

to 55% or higher are better classified compared to the samples with
lower strawberry amount. This finding confirms that the higher the
strawberry percentage, the more pronounced is colour variation due to
stress conditions.

As previously stated in Section 2.4.4., this PLS-DA model has not
been calculated for prediction purposes, i.e., to predict unknown sam-
ples assignation to stressed or control classes, but to obtain a latent
variables space oriented toward the maximum separation of the samples
according to storage conditions. In this manner it was possible to focus
on colour variability related to degradation phenomena due to the
considered stressing factors and observe how this variability is related
with mixtures composition and storage time, as previously discussed in
the description of Fig. 5.

In addition, by observing the VIP scores and the regression vector of
stressed class of the PLS-DA model it is possible to identify the colour
parameters that are more relevant to describe colour variations due to
stress conditions and evaluate how they vary from control to stressed
samples. More in detail, Fig. 6a shows the VIP scores of the PLS-DA
model, were it is possible to observe that median values of relative red
(RR), relative green (RG), saturation (S) and hue (H) have VIP score
values higher than one (Fig. 6a), thus resulting to be the more relevant
variables for the discrimination. In particular, the median value of RG
parameter shows the highest VIP scores value, suggesting that this
parameter is the most relevant to characterize colour differences due to
stress conditions. Furthermore, considering the PLS-DA regression vec-
tor of stressed class (Fig. 6b), it is possible to observe that median RG has
a positive value of the regression coefficient, therefore RG values of the
SYP samples tend to increase for stressed samples over time.

4. Conclusions

In this work we investigated how the ingredients proportions influ-
ence colour and colour stability of a strawberry-based preparation
widely used in industry, namely strawberry yoghurt purée (SYP). The
natural pigments mainly responsible for the colour of this food product
are anthocyanins, whose colour may vary due to a multitude of factors
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Fig. 5. Y CV predicted for C class vs. acquisition order (a) and vs. strawberry percentage of the corresponding mixtures (b) obtained from the PLS-DA model

calculated on the dataset of median colour values.

related to food composition and storage conditions, including pH,
temperature, light exposure, oxidase enzyme activity, water activity,
and total soluble content among others.

To tackle these problems, we have chosen to investigate how colour
depends on SYP composition, by analysing a series of SYP samples
whose composition varied according to an I-optimal mixture design.
Furthermore, we focused on the effect of exposure to intense light at a
temperature of 35 °C, measuring by RGB imaging how the colour of the
product changed during a period of 5 weeks, compared to the colour of
control samples with the same composition stored for the same period in
the dark at a temperature between 0 and 4 °C.

The RGB images of the samples were analysed using different stra-
tegies, including multivariate methods that allowed to consider various
colour parameters deriving from the RGB ones in order to explore
different colour features of the samples. The results highlighted that the
optimal parameter to monitor SYP colour is the median value of the red
channel (R) of the RGB images, which as expected depends strongly on
the amount of strawberry purée, but also on other factors such as the
amount of lemon juice and the type of thickener, although this latter
component is present in small amounts.

Furthermore, the comparison between the samples stored under
stress conditions with the control samples showed a progressive
browning over time, which is more pronounced the more the amount of
strawberry purée is high, since anthocyanins are the thermolabile
components of the mixture. Results also showed that the type of thick-
ener had an effect on the colour degradation kinetics of the product.
Finally, it was observed that, among the colour parameters extracted
from the images, relative green tends to increase for stressed samples

over time. This colour parameter, together with red, could be used as an
index of the degradation process of SYP colour.

These results are only a first step in the understanding of such
complex phenomena. Future applications of these preliminary results
will be focused on the optimization and validation of the components
proportions, in order to find the best compromise between a bright red
colour of the fresh product and colour stability over time. In turn, this
goal will be achieved through the development of targeted image
analysis strategies aimed at building efficient and robust predictive
models. The same approach could then be used on other strawberry-
based products for the rapid and non-destructive evaluation of colour
related properties on an industrial scale in view of the implementation of
green and eco-friendly strategies to monitor product quality.
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