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Abstract: The performance of a support vector regression (SVR) model with a Gaussian radial
basis kernel to predict anthocyanin concentration, pH index and sugar content in whole grape
berries, using spectroscopic measurements obtained in reflectance mode, was evaluated. Each sample
contained a small number of whole berries and the spectrum of each sample was collected during
ripening using hyperspectral imaging in the range of 380-1028 nm. Touriga Franca (TF) variety
samples were collected for the 2012-2015 vintages, and Touriga Nacional (TN) and Tinta Barroca (TB)
variety samples were collected for the 2013 vintage. These TF vintages were independently used
to train, validate and test the SVR methodology; different combinations of TF vintages were used
to train and test each model to assess the performance differences under wider and more variable
datasets; the varieties that were not employed in the model training and validation (TB and TN) were
used to test the generalization ability of the SVR approach. Each case was tested using an external
independent set (with data not included in the model training or validation steps). The best R? results
obtained with varieties and vintages not employed in the model’s training step were 0.89, 0.81 and
0.90, with RMSE values of 35.6 mg~L’1, 0.25 and 3.19 °Brix, for anthocyanin concentration, pH index
and sugar content, respectively. The present results indicate a good overall performance for all cases,
improving the state-of-the-art results for external test sets, and suggesting that a robust model, with a
generalization capacity over different varieties and harvest years may be obtainable without further
training, which makes this a very competitive approach when compared to the models from other
authors, since it makes the problem significantly simpler and more cost-effective.

Keywords: generalization; machine learning; dimensionality reduction; hyperspectral reflectance
imaging; sugar content; anthocyanin concentration; pH index; grape berries

1. Introduction

As increases in computational power and processing capability continue, the introduction of new
technologies into the most diverse industry segments is expanding, viticulture and the whole wine
industry being no exception. With producers and companies demanding cheaper and faster ways to
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produce higher-quality wine from their vineyards, together with the massive increases in information
available to the market, the search for a competitive advantage is increasing. One such advantage
can be found in the development of new methodologies to reduce the cost of gathering information
about grapes in an environmentally-friendly and timely manner, allowing winemakers to obtain more
frequent insights into their wine grapes, to enable harvesting them at the optimal point of maturity
and selecting them according to certain quality features.

Laboratory-based hyperspectral imaging collects information on how objects reflect and absorb
light as a function of wavelength, providing both spatial and spectral information [1,2]. The main
advantage of this kind of image-based system in comparison with traditional chemical analysis is that
it is non-destructive and reduces the overall cost of the acquisition of quality information. However,
it involves complex data that requires powerful analysis tools to extract the necessary information from
the underlying patterns in the spectra. In recent years, the use of hyperspectral techniques combined
with proper data analysis tools for extracting information has become an important technique to
measure different oenological parameters that are highly involved in the evaluation of grapes’ ripeness
stage. The most commonly used equipment in the literature operates simultaneously in the visible and
near-infrared range, between 400-1000 nm, although the near-infrared wavelength above 1000 nm may
contain important absorption bands. A possible reason for the extensive use of that range, in addition
to the good results obtained, may be related to the fact that equipment operating at larger wavelengths
tends to be significantly more expensive.

In this process of analysis and evaluation, the sugar content, anthocyanin concentration and pH
index are highly researched parameters because they are correlated with the flavour, colour and are
good indicators of the grapes’ ripeness. At this stage of the maturation process the level of anthocyanin
and sugars increases, while the acidity diminishes sharply, leaving a signature in the spectral activity
of the grapes. Nevertheless, due to several factors such as different climate changes, soil quality,
sun exposition, water assessment, altitude and harvest time, a large variability may be present in the
vineyards and consequently in the quality of the grapes and in the profile of the different oenological
parameters. In recent years, the use of hyperspectral image-based methods for the prediction of
such parameters has been proposed, using (a) transmittance mode [3,4], (b) interactance mode [5-7],
and (c) reflectance mode. Since for the same illumination scenario the intensity of light reflected
from the grape is stronger, which facilitates measurements, we chose reflectance mode spectroscopy
for our methodology, making it more relevant to analysing previous results in the reflectance mode.
The works on the reflectance mode can be further divided into (1) the reflectance mode for a small
number of berries in each sample [8-16], using partial least squares (PLS), neural networks (NN) and
least-squares support vector machines (LSSVM); and (2) reflectance mode for a large number of berries
in each sample [17-25], using PLS or modified partial least squares (MPLS). Using a small number of
berries per sample comprises a more difficult problem, since the samples’ variability is higher than
when using samples with a larger number of berries, where the reference measurements result from
the mixture of the individual berries.

The use and effectiveness of support vector machines combined with hyperspectral imaging ([26])
has already been tested and widely employed in classification problems [27-29], but approaches
using regression are still uncommon. Other works are available that measure different chemical
compounds (for example, phenolic compounds, solid sugar compounds or aroma compounds) [30-34].
Table 1 provides the detailed results published in the literature for the determination of sugar
content, anthocyanin concentration and pH index, with the hyperspectral imaging performed in
the reflectance mode.
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Table 1. Literature results for the prediction of the oenological parameters for whole wine grape berries
with hyperspectral imaging performed in reflectance mode.

External Test Set

Oenological Parameter Author R? RMSE
Arana et al. [8] 0.710 1.270 °Brix
Cao et al. [9] 0.820 0.960 °Brix
Fadock et al. [19] 13 0.710 0.870 °Brix
Fadock et al. [19] 3 0.910 0.650 °Brix
Fernandes et al. [10] 0.920 0.950 °Brix
Sugar Content Gomes et al. [13] 0.959 1.026 °Brix
Gomes et al. [12] 0.948 0.939 °Brix
Gomes et al. [15]! 0.948 1.344 °Brix
Gonzilez-Caballero et al. [21] 3 09104 1.000 °Brix *
Nogales-Bueno et al. [25] 3 0.990 4 1.370 °Brix *
Wu et al. [16] 0.908 4
Cao et al. [9] 0.957 4 0.126 4
Cozzolino et al. [18] 3 0.850 4 0.150 4
Fadock et al. [19] 13 0.560 0.050
pH Values Fadock et al. [19] ? 0.807 0.050
Fernandes et al. [10] 0.730 0.180
Gomes et al. [14] 2 0.710 0.176
Gonzilez-Caballero et al. [21] 3 0.8704 0.120 4
Nogales-Bueno et al. [25] 3 0.9404 0.1204
Chen et al. [17] 3 0.941 4 45
Fadock et al. [19] 3 0.690 75.000 mg-L~!
Fernandes et al. [11] 0.650 4 5
Anthocyanin Fernandes et al. [10] 0.950 14.000 mg-L~!
Concentration Ferrer-Gallego et al. [20] 0.9704 45
2 -1
Gomes et al. [14] 0.751 23.200 mg-L
Hernandez-Hierro et al. [21] 3 0.860 % 45
Janik et al. [23] 13 0.900 5
Le Moigne et al. [24] 3 0.979 4 45

! Different vintage used in the external test set. 2 Different variety used in the external test set. 3 Large number of
berries. * Not provided for external test set. > Not comparable.

The main purpose of this work is to present a different approach capable of dealing with the
hyperspectral data of wine grape berries from several different years and to evaluate the ability of the
model to assess varieties of wine grapes that were not used in the model’s training. Building robust
models that present a good generalization ability with new vintages and/or varieties of wine grapes is
becoming a topic of major importance, since it avoids creating a new model for each new application.
The existing scientific literature is sparse apart from the works published by the same authors [14,15],
and the few exceptions [19,23] that tested new vintages for homogenised samples or for samples
containing a large number of berries. Regarding the authors’ previous works, they provided a less
in-depth study of the model’s generalization capacity since in this work we use a greater number of
samples in the training phase, with more harvest years and also a different capture location to obtain a
greater description of data variability.

In the present work, we introduce new models combining hyperspectral imaging and support
vector regression ([35]) with a Gaussian kernel, implemented with MATLAB software using the parallel
computing toolbox with a Compute Unified Device Architecture (CUDA)-enabled NVIDIA Graphics
Processing Unit (GPU), to predict oenological parameters in grapes, namely anthocyanin concentration,
pH index and sugar content. The study is focused on the generalization ability of the method and on
the use of a small number of whole berries per sample, which can be applicable to the selection of the
best berries for precision viticulture and for mapping areas in order to improve ripening. The obtained
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results reveal better performance when compared with previously implemented solutions found in the
literature and, unlike the majority of previous works, it includes different varieties and harvest years
of wine grape berries. Thus, it is a more detailed study with a capacity for generalization. Section 2
provides a brief description of the varieties of wine grape berries used, an overview of the hyperspectral
imaging setup for image-acquisition, details the procedures followed for the reflectance measurements
and the techniques applied to build the prediction model, with emphasis on the principal component
analysis, support vector regression and cross-validation algorithms, respectively. Sections 3 and 4
provide a detailed analysis of the results obtained for the different oenological parameters in the
study, including a comparison with current state-of-the-art approaches. Section 5 provides general
conclusions about the work conducted, alongside future directions for improvement.

2. Materials and Methods

2.1. Grape Sampling

The subject of our study were grapes bunches of the Touriga Franca (TF) variety, considered
one of the most important varieties for the production of port wine in the Douro region, due to its
resiliency to plant diseases, fruity flavour and intense colour, harvested in the years 2012, 2013 and
2014, from the vineyards of Quinta do Bonfim in Pinhao, Portugal, which is a property of Symington
Family Estates, In the year 2015, the samples were collected from the vineyards in Universidade de
Tras-os-Montes e Alto Douro, Vila Real, Portugal. In order to achieve the best possible model, it is
important to test grapes from the beginning of veraison and maturity, and from areas within the same
vineyard under different conditions (sun exposure, water availability, soil quality, among others).
A total of 240 samples were collected in the year of 2012 (24 per day), 84 on the year of 2013 (12 per
day), 120 in the year of 2014 (12 per day) and 108 in the year of 2015 (12 per day). The samples were
collected from three different regions in the vineyard from vine trees with small, medium and large
vigour. Laboratory-based, line-scan, hyperspectral image acquisition was performed on fresh grape
berries, as described in Section 2.2. Each sample evaluated by hyperspectral imaging was composed
of six grape berries randomly collected in a single bunch, removed from bunches with their pedicel
still attached. All the samples were then kept frozen, at —18 °C. The chemical analysis was carried
out with the six grape berries being defrosted at room temperature and then crushed in a buffer
solution of tartaric acid (pH.3.2) and ethanol (95%) by macerating, and the resulting mixture was kept
overnight at 25 °C [36]. The samples were centrifuged (SIGMA centrifuge 3K18, 20 min, 4 °C, spin at
7155 g) and a clear extract was collected and mixed with acidified ethanol (0.1% Hydrochloric Acid).
The total anthocyanin concentration was determined photometrically by the SO, bleaching method [37].
A Ultraviolet-Visible Spectroscopy (UV/VIS) spectrophotometer (Shimadzu) and 1 cm path length
disposable cells were used for spectral measurements at 520 nm and the pigment content, expressed
in mg-L~!, was calculated from a calibration curve of malvidin-glucoside. All determinations were
performed in duplicate and the juice released was analysed for pH and brix contents according to
validated standard methods [38].

In order to test the generalization capacity of the model, 84 and 60 samples (12 per day) were
collected in the year 2013 for the Tinta Barroca (TB) and Touriga Nacional (TN) varieties, which are
also important varieties for the production of port wine in the Douro region. The sample collection,
number of berries per sample, hyperspectral image acquisition and chemical analyses were performed
as mentioned previously.

2.2. Experimental Setup for Hyperspectral Imaging

We chose the reflectance mode over the transmittance mode for hyperspectral imaging since,
for the same illumination scenario, the intensity of light reflected from the grape is stronger, which
facilitates measurements.
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The experimental setup assembled for the images collected used a hyperspectral camera,
composed of a JAI Pulnix (JAL Yokohama, Japan) black and white camera and a Specim Imspector
V10E spectrograph (Specim, Oulu, Finland); lighting, using a lamp holder with 300 x 300 x 175 mms
(length x width x height) that held four 20 W, 12 V halogen lamps and two 40 W, 220 V blue
reflector lamps (Spotline, Philips, Eindhoven, The Netherlands). Both types of lamps were powered
by continuous current power supplies to avoid light flickering and the reflector lamps were powered
at only 110 V to reduce lighting and prevent camera saturation. The resulting hyperspectral images
correspond to a single line over the sample and had 1040 wavelengths (ranging between 380 to 1028 nm,
with approximately 0.6 nm width in each channel) x 1392 pixels. The 1392 pixels stand for the spatial
dimension over the samples with approximately 110 mm of width. The distance between the camera
and the sample base was 420 mm, and the camera was controlled with Coyote software from JAI
inside a dark room, at room temperature. Figure 1 illustrates the experimental setup assembled for the
hyperspectral image acquisition. After the image acquisition, it is possible to identify the grape berries
using image segmentation methods.

Figure 1. Experimental setup used for hyperspectral imaging.

Figure 2 shows a hyperspectral image taken by the aforementioned setup, for samples of the TF
2012 variety.

Figure 2. Hyperspectral image of samples of the TF 2012 variety before segmentation and
reflectance measurements.

Observing Figure 2, it is possible to see patterns of light absorption, specifically in three
main regions, these are where three wine grape berries were placed simultaneously for imaging.
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A threshold-based segmentation method was then applied to each hyperspectral image to obtain an
individual image for each wine grape berry, thus leading to the reflectance measurement step.

2.3. Reflectance Measurements

Reflectance is the quotient between the intensity of the light reflected by an object and the light
that illuminates that object, being a function of the wavelength of the light. We chose reflectance as
input because the patterns of reflectance and absorption across wavelengths can uniquely identify
chemical compounds and because, in contrast to the transmittance and interactance mode, it is possible
to perform the imaging without requiring contact between the spectrometer/camera and the sample.
For some positions x, and at wavelengths A, the reflectance R can be expressed as:

GI(x,A) —DI(x,A)

REA) = STz, 2) ~ Di(x, A) @

where GI is the intensity of light reflected from the grape; SI is the intensity of light reflected from the
Spectralon (which is a total reflectance target); and DI is the dark current signal, which is electronic
noise. The dark current signal is measured with the hyperspectral camera lens covered and must
be subtracted from the grape and the Spectralon signal because it is independent of the object being
imaged and would otherwise distort the calculated reflectance values.

To achieve noise reduction, an accumulation of 32 hyperspectral images on each grape berry were
derived for GI(x,A), DI(x,A) and SI(x, A) records. All reflectance measurements for the six grape
berries were carried out along the berry “equator”, and for three different berry rotations. In order to
create a single reflectance spectrum, all grape point reflectance values were averaged over the spatial
dimension and rotations. The resulting spectrum was then normalized (by subtracting the minimum
values from each spectrum and dividing by the difference between the maximum and minimum
values), in order to eliminate fluctuations in the measured light intensities due to the grape berry
size and curvature. Figure 3 presents an example of the reflectance measurements, in the case for the
samples of the TF 2012 variety.

0.5

Reflectance

0.4

0.3

0.2

0.1

400 500 700 800 900 1000

Wavwelength (nm)

Figure 3. Reflectance measurements for the TF 2012 variety samples.

2.4. Principal Component Analysis

Due to data complexity, with the dimensionality of the resulting matrix equal to the number
of spectral channels measured by the hyperspectral camera (namely 1040), there are difficulties in
processing such a large, multivariate dataset. In order to obtain the maximum performance of the
machine learning algorithm employed, one must significantly reduce the size of its inputs with
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some kind of data compression method. Consequently, a principal component analysis (PCA) was
performed on the data matrix, extracting the dominant patterns present in the spectra in terms of
a complementary set of scores and loadings plots, providing the means to significantly reduce the
size of a dataset without losing variability in the data. The PCA was implemented by eigenvalue
decomposition of the data covariance matrix and applied to each dataset composed of a different
variety and vintage of wine grape berries, together with the mean-centering and auto-scaling methods
to normalize the spectra, which subtracts the mean from the original dataset and then divides by
its standard deviation. Figure 4 shows the loadings plot for the six first Principal Components (PC)
extracted from the TF 2012 variety data matrix.

1st PC
2nd PC
3rd PC
4th PC
5th PC
6th PC

01

PCA Loadings
o
[=]
o

o

-0.05

400 500 600 700 800 900 1000
Wavelength

Figure 4. Loadings plot for the TF 2012 variety data matrix.

Observing Figure 4 it is noticeable that there are a large number of peaks throughout the
spectrum, with emphasis between 400-700 nm, that are usually related to chemical compounds
such as chlorophyll, carotenoids and anthocyanin, while the peeks between 700-800 nm are commonly
associated with sugars [38].

A basic assumption in the use of the PCA is that the score and loading vectors corresponding to
the largest eigenvalues contain the most useful information relating to the specific problem, and that
the remaining ones mainly comprise noise [39]. In general cases, the number of principal components
used is chosen by the number of factors with eigenvalues over one, resulting in a percentage of
variance explained (that is, the variability accounted for in the data) in a cumulative sum usually
between 95-99%. However, in this case the aforementioned assumption might not be true due to the
highly complex chemical interactions present in the samples that have an impact on the reflectance
measurements. There is no clear answer as to how many factors should be retained for analysis
(only general rules of thumb, such as a scree plot analysis) and, since we are using the PCA as a
pre-processing step for a supervised learning task, in this paper we decided to treat the number of
PCs as another parameter to be optimized during the cross-validation task, in which we used different
try-outs to choose the ideal number of PCs. Thus, every model was tested using between one and
50 principal components, saving the best result. We chose 50 PCs as the upper-limit since the results
never improved above that number of PCs and the computational cost starts to increase with a higher
number of PCs retained for analysis.
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2.5. Support Vector Regression

The advantages of using a support vector machine methodology are (both for classification or
regression): it has a regularization parameter, making it easier to avoid overfitting; it maps the input
vectors to a high-dimensional feature space, so that it is possible to build expert knowledge about
a problem via engineering the kernel function; and, most importantly, the algorithm is defined as a
convex optimization problem, for which there is no local minima (unlike neural networks or partial
least squares regression), using a subset of training points in the decision function, called support
vectors, making the computation cost significantly smaller. In order to introduce our choice of the type
of regression and kernel employed in the support vector regression framework, below we provide a
brief description of the Support Vector (SV) algorithm. A complete mathematical formulation can be
found in [40,41].

Given a set of training data {(x1,v1), ..., (xu,¥n)} C x € R, where x denotes the space of the
input patterns, the objective is to find a function f(x) = (w,x) + b, w € x, b € R that has a maximum
deviation ¢ from the real measured targets y; for all the training data and, simultaneously, is as flat as
possible (that is, to be as close to a straight line as possible).

In the case of a linear function, we can express the convex optimization problem as the
minimization of the Euclidean norm; however, we must also guarantee that infeasible constraints are
dealt with by introducing slack variables ;, {7, reaching the formulation stated in [35]:

n
minimize: %||(u||2 +C ‘21 (Ei+¢r)
=

vi— (w, x;) =b < e+ @)
subject to: ¢ (w,x;) +b—y; <e+f
Gi, G =0

where the constant C > 0 determines the trade off between the flatness of f and the amount up to
which deviations larger than ¢ are tolerated. An alternative to Vapnik’s e-SV regression was introduced
by [42], named v-SV regression, where ¢ is not defined a priori but is itself a variable, where its value is
traded off against model complexity and slack variables by means of a constant v € [0, 1].

In order to extend the SV machine to nonlinear functions, one must start by writing the
optimization problem in its dual formulation via a Lagrange function from both the objective function
and the corresponding constraints by introducing a dual set of variables. Satisfying all the constraints
and optimizing the equation, we reach the so-called SV expansion, stated below:

() = 3 (@ —af) (xi, ) + D )
i=1

where w is completely described as a linear combination of the training patterns, and examples with
«; > 0 are the support vectors.

The chemical processes we are modelling are nonlinear, so the final step is to adapt the SV
algorithm to deal with such processes. A computationally cheap way is to map the input vectors into a
high-dimensional feature space through some nonlinear mapping, and then to solve the optimization
problem in that feature space. With the use of a suitable, nonlinear function x (called kernel), we obtain
the nonlinear regression functions of the form:

fx) = i(a;‘ ) x(xi,x) + b @

Two major types of kernel can be defined: local kernels (based on distance), which state that only
the data that are near each other have an influence on the kernel values; and global kernels (based on
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the dot product), which state that samples that are far away from each other still have an influence on
the kernel value [43].

In the present work, a model with Vapnik’s e-SV algorithm and a Gaussian radial basis local kernel
(x(x, x;) = exp(—|lx — x; HZ)) was chosen because it has obtained the least root mean square error for
all the models tested (linear, sigmoid, polynomial and Gaussian kernels with Vapnik’s e-SV regression
and Chalimourda’s v-SV regression, as seen in Tables 2 and 3). The interval of values for the parameter
C of the algorithm and the parameter 7 in the kernel (the hyper parameters) was determined via a
genetic algorithm, resulting in C € [80;120] and y € [0.00001;0.001], and a random search algorithm
was implemented to search these intervals for the first combination of these values lower than an error
threshold (mean squared error lower than 0.1) with e = 0.001 in the cross-validation procedure, with
10 attempts performed in each different configuration to ensure unbiased predictions.

Table 2. Experimental results to build the support vector regression model with different loss functions.

Test Set

R? RMSE pC?
Anthocyanin oo, Vapnik's e-SV 0.970 11.748 mg-L~! 16
Concentration Chalimourda’s v-SV 0.943 17.153 mg~L*1 17
Vapnik’s e-5V 0.887 0.142 15
pH Index TF 2012 Chalimourda’s v-SV 0.869 0.144 12
Sugar TF 2012 Vapnik’'s -5V 0.964 0.804 °Brix 15
Content Chalimourda’s v-SV 0.944 0.969 °Brix 16

1 Principal components used.

Table 3. Experimental results to build the support vector regression model with different kernel functions.

Test Set

R? RMSE PC?
Gaussian Radial Basis 0.970 11.748 mg~L_1 16
Anthocyanin TF 2012 Linear 0.943 16.749 mg-1.71 18
Concentration Sigmoid 0.943 18.100 mg-L~! 6
Polynomial 0.932 15.721 mg-L~! 14
Gaussian Radial Basis 0.887 0.142 15
Linear 0.820 0.164 10
pHIndex  TF2012 Sigmoid 0.872 0.116 8
Polynomial 0.867 0.132 19
Gaussian Radial Basis 0.964 0.804 °Brix 15
Sugar Linear 0.937 1.176 °Brix 8
Content TF 2012 Sigmoid 0.910 1.131 °Brix 19
Polynomial 0.927 1.371 °Brix 20

! Principal components used.

2.6. N-Fold Cross-Validation with Test Set

To avoid overfitting, a cross-validation approach was employed in the model presented, allowing
for the separation of the observations into a training set (to estimate the calibration) and a validation
set (to validate the calibration and to correct parameters). In more advanced experiments on the
model’s capacity, an independent external test set was used (to evaluate the model performance on
an independent set of samples). For further testing the model’s generalization capacity, some of the
independent test sets will be composed of new samples of different varieties of wine grape berries
not yet seen by the model on the training and validation sets. The cross-validation approach chosen
was the n-fold cross-validation method, where the data is split into n folds: n — 1, used for training,
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and one for validation, namely the procedure repeated for every fold with a different validation
set at each time. The advantage of this kind of approach is that it guarantees that each sample in
the dataset is used by the model at least once, contrary to methods that draw data randomly with
replacement. The final validation results presented are the average of the results for all the validation
sets in each experiment. The training, validation and independent test sets are chosen at random for
each run, and the fine-tuning of the model’s hyper parameters only occurs in the cross-validation stage
to guarantee an unbiased model.

In order to proceed to a comparison between the present results and state-of-the-art publications,
both the root mean square error of the cross-validation and test sets were used (RMSE), alongside the
squared correlation coefficient (R2)—these values are defined as follows:

©)

2
0" ~
R? — ( vy > (6)
Ty
where y; is the reference value, ; is the model estimate, 0, is the covariance between y and  and oy,
0y are the respective standard deviations.

Each wine grape variety data had its own training and validation sets (Section 3.1), except for
the 2015 vintage that was only used in more advanced experiments. The finetuning of the model’s
hyperparameters occurred for all varieties. An independent external test set was used in the study
of the TF 2012 variety and in the study of a mixture of samples from different vintages of the TF
variety (Section 3.2), since these are the only cases that, in our opinion, presented a sufficient number
of samples to use a test set and obtain significant results. To further test the model’s generalization
capacity, an independent external test set composed of different varieties of wine grapes was also
studied for evaluation of the model’s performance with previously unused varieties in the test set
(Section 3.3). Table 4 provides detailed information about the experiences conducted and described in
each section.

Table 4. Outline of the different experiments performed in the sections below.

Anthocyanin Concentration pH Index Sugar Content
Sections Train./Val. Set Test Set Train./Val. Set Test Set Train./Val. Set Test Set
TF 2012 2 TF 2012 2 TF 2012 2
3.1 TF 2013 2 TF 2013 2 TF 2013 2
1 2 TF 2014 2 TF 2014 2
TF 2012 TF 2012 TF 2012 TF 2012 TF 2012 TF 2012
32 TF2012/13 TF2012/13 TF 2012/13 TF2012/13 TF 2012/13 TF2012/13
) 1 1 TF 2012/13/14 TF2012/13/14 TF2012/13/14 TF2012/13/14
TF 2012/13/15 TF2012/13/15 TF2012/13/14/15 TF2012/13/14/15 TF2012/13/14/15 TF2012/13/14/15
33 TF 2012/13/15 TB 2013 TF 2012/13/14/15 TB 2013 TF2012/13/14/15 TB 2013
) TF2012/13/15 TN 2013 TF2012/13/14/15 TN 2013 TF 2012/13/14/15 TN 2013

1 No samples available. 2 Not used.

A descriptive statistical analysis was performed to study the datasets used (see Appendixs A-C).
ANOVA (one-way analysis of variance) tests were also employed to verify any significant differences
between the means of the different sets (see Appendixs D-F), and it was found that there are significant
differences in the means between the datasets used for this work.
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3. Results

3.1. Model Training and Validation

The validation set results obtained by the models (one for each vintage) for the prediction of
the anthocyanin concentration, pH index and sugar content in the different vintages are presented
in Table 5. For the 2014 vintage of the TF variety there are no laboratory results available for the
anthocyanin concentration, preventing the development of a model for that particular vintage.

For each dataset the training and validation were conducted with 10-fold cross-validation for the TF
2012 samples, and with five-fold cross-validation for the remaining vintages (because these have a lower
number of samples and reducing the number of folds helps avoiding overfitting in these scenarios).

Table 5. Results obtained in the validation set for the determination of the anthocyanin concentration,
pH index and sugar content of the wine grape berries.

Validation Set

R2 RMSE pPC! Samples Samples Mean Value
Anthocyanin ~ TF 2012 0.887  19.133mg-L~! 13 240 160.28 mg-1.~!
Concentration TF 2013 0.869 20.053 rng~L_1 7 82 207.18 rng-L_1
TF 2012 0.765 0.168 18 240 3.552
pH Index TF 2013 0.673 0.207 9 81 3.718
TF 2014 0.757 0.130 10 120 3.493
S TF 2012 0.896 1.085 °Brix 20 240 16.925 °Brix
c ugar TF 2013 0.890 1.183 °Brix 7 82 19.446 °Brix
ontent TF 2014 0.864 1.344 °Brix 13 120 13.552 °Brix

! Principal components used.

3.2. Model Behaviour Using Test Sets

The study of the model’s behavior using test sets was performed with the TF 2012, TF 2013,
TF 2014 and TF 2015 datasets (except for the prediction of the anthocyanin concentration, where the
2014 vintage results were not available), with 10% of the samples used as an independent test set: the
first, with the 2012 vintage (test set: 30 samples); the second, composed of 2012 and 2013 vintages
samples (test set: 36 samples); the third, with samples from the 2012, 2013 and 2014 vintages (test
set: 50 samples for sugar content and pH index); the fourth, composed of 2012, 2013, 2014 and 2015
vintages (63 samples for sugar content and pH index, 48 samples for anthocyanin concentration).

For each data set the training and validation were conducted with the remaining samples, with
10-fold cross-validation and with the fine-tuning of the hyper parameters in the Support Vector
Regression (SVR) models occurring only for the training and validation sets.

Table 6 shows the results obtained for the prediction of the anthocyanin concentration, pH index
and sugar content on the external test sets while referencing the best result found in the literature
for the same experiment, for a direct comparison. For more information regarding these test sets,
see Appendixs G-I.
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Table 6. Results obtained in the external test set for the determination of the anthocyanin concentration,
pH index and sugar content of the wine grape berries.

Best State-of-the-Art

Test Set Result
R? RMSE PC!l R? RMSE
TF 2012 0.970 11748 mgL~1 16
- 14.
/C*nthoci’a?“ TF 2012/13 0.946 17290mg L~ 20  0.9502 m _OL091 [10]
oncentration g 2012/13/15 0937  18.019mglL~! 38 &
TF 2012 0.887 0.142 15
TF 2012/13 0.830 0.170 18 s )
pH Index TF 2012/13/14 0.832 0.144 3g 0807 0.050 (1]
TF 2012/13/14/15 0.773 0.191 47
TF 2012 0.964 0.804 °Brix 15
Sugar TF 2012/13 0.948 1.048 °Brix 20 s o
Content TF 2012/13/14 0.923 1.411 °Brix 45 09592 1.026°Brix?  [13]
TF 2012/13/14/15 0.934 1.136 °Brix 45

! Principal components used. 2 Same variety and vintage of wine grape berries used in the training and test sets.

The overall results for the different test sets and for all the oenological parameters under study
represent an improvement in the R> and RMSE values in comparison to the ones obtained in the
validation sets. Since this is somewhat unusual in machine learning problems, Table 7 shows a set of
experiments that were employed to rule out a possible inherent bias of the SVR algorithm to perform
well on the randomly chosen data for the external test sets (that is, a natural predisposition of the
algorithm to obtain better results for a certain set of samples).

For each experiment, the samples were independent and chosen at random, which guarantees
that the model’s response is unbiased. A total of 10% of the samples were left out to comprise the
independent test set, while the remaining samples were used to train and calibrate the model using
10-fold cross-validation.

Table 7. Results obtained by the SVR model in 10 different experiments for the validation and test sets
of samples from the TF 2012 vintage for sugar content prediction.

TF 2012 — Validation Set TF 2012 - Test Set
R? RMSE (°Brix) R? RMSE (°Brix) pPC!
Exp. 0 0.888 1.095 0.934 1.118 21
Exp. 1 0.891 1.095 0.933 0.967 21
Exp. 2 0.888 1.081 0.951 0.931 42
Sugar Exp. 3 0.891 1.103 0.945 0.865 43
Content
Exp. 4 0.891 1.083 0.942 1.156 28
Exp. 5 0.885 1.104 0.946 0.908 22
Exp. 6 0.873 1.199 0.943 0.778 16
Exp. 7 0.895 1.075 0.947 0.971 44
Exp. 8 0.887 1.107 0.958 0.827 37
Exp. 9 0.865 1.232 0.964 0.804 15

! Principal components used.

A possible explanation for the difference in performance in the independent testing phase is that
through the pipeline of our model there are various steps where the concern with overfitting [44—46]
is present. The application of methods to counter this effect, and the sum of all these applications,
might then lead the model away from overfitting and lead it into an underfitting situation. This is not a
traditional underfitting scenario, where the model cannot capture the relationships in the data during
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the training stage, but a scenario where the inductive bias of the algorithm is predisposed to lead to
increased generalization capacity. Another possibility is that because the optimization method for
the hyper-parameters in the SVM tries to optimize the results for the respective test sets on the many
different random cross-validation runs, it sacrifices training performance for enhanced generalization
capacity [47]. Either way further study on this topic should be conducted.

The enhanced generalization capacity of the model is noticeable by the differences in the results
between the validation and test sets present in Table 7: a model with strong inductive biases is likely
to benefit when these biases are well suited to the data, which seems to be the case for this work.

3.3. Model Generalization: Different Varieties and Vintages

The last test aimed to further analyse the model’s generalization capacity and involved the use
of a mixture of samples from different vintages and varieties of wine grape berries; this is a very
important configuration, because if the prediction algorithm cannot handle the variations in the grapes’
oenological parameters that are known to occur between years and varieties, the application of the
models becomes more complex since it will require a new model to be used for every different year or
for every different variety.

The test of the model’s generalization capacity was performed with two datasets: the first using
the samples from all the vintages of the TF variety employed in the training and validation phases,
with 10-fold cross validation, and 25% of the samples of the TB variety (23 samples) comprising the
independent test set; the second also using all the vintages of the TF variety used in the training and
validation stages using 10-fold cross-validation, alongside 25% of the samples of the TN variety (17
samples) used for the external test set.

Figure 5 shows the results obtained for the determination of the anthocyanin concentration in
both cases. The number of principal components used were 47 and three, respectively, for each of the
datasets. For additional information regarding the samples used, please check Appendix J.
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Figure 5. Results for the determination of the anthocyanin concentration in the external test sets to
further study the generalization capacity; (a) TB 2013 samples; (b) TN 2013 samples.

Figure 6 illustrates the outcome for the prediction of the pH index in both cases. The number of
principal components used were 11 and 50, respectively, for each of the experiments. More information
on the samples used can be seen in Appendix K.
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Figure 6. Results for the prediction of the pH index in the external test sets to further study the
generalization capacity; (a) TB 2013 samples; (b) TN 2013 samples.

Figure 7 presents the results for the estimation of the sugar content in both cases. The number of
principal components used were 45 and 17, respectively, for each of the datasets. Further information
regarding the samples is presented in Appendix L.
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Figure 7. Results for the estimation of the sugar content in the external test sets to further study the
generalization capacity; (a) TB 2013 samples; (b) TN 2013 samples.

4. Discussion

4.1. Model Training and Validation

When studying the anthocyanin concentration results (Table 5), 10 folds were used for
cross-validation of the Touriga Franca 2012 (with 240 samples), while for the Touriga Franca 2013
(with 82 samples) only five folds were used by the algorithm, so that the model would not skew its
learning in the training step. Since the sample set size was smaller, a slight difference between results
is considered acceptable; the model was able to obtain similar results and with a smaller number of
principal components used, indicating that there is less variance between samples in the 2013 vintage.
Overall, the model showed accurate predictions with a small error rate and a good value for the
squared correlation coefficient, in line with similar works from the literature. A descriptive statistical
analysis of the datasets was conducted (see Appendix A) to study the behaviour of both set of samples.
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Analysing the pH index results (Table 5), it is observable that the model underperforms when
predicting the pH index in comparison to the determination of anthocyanin concentration (an issue
that was also reported in other state-of-the-art approaches, as seen in Table 1). A possible explanation
is that since for each run random samples were chosen to compose the validation set, the greatest
variation in the pH patterns was reflected in the model’s training step, which had difficulty capturing
such relationships in the data with a small number of samples. Also, there is an additional challenge in
measuring the pH of wine grape berries, since the acidity is sensitive to small changes in the condition
of the sample. The one-way ANOVA analysis showed that there are significant differences in the
means (p < 0.001) between the TF 2013 and all of the remaining vintages (Appendix E), which might
have caused the slight downgrade in the model’s performance. Since the prediction intervals were
significantly small and the standard deviations between the samples were close to zero, this may be
the reason for the model’s difficulty to learn from these datasets (see Appendix B). A higher number of
samples might be required in order to capture the relationships in the data.

Studying the sugar content results (Table 5), it can be seen that the model’s results for all the
vintages are accurate, with high squared correlation coefficient values and low root mean square
error values. These results indicate that despite the variations in the patterns present in each set, the
model was able to capture most of the relations in the data early in the training step. Descriptive
statistics for all the sets of samples (see Appendix C) are presented. Regarding the TF 2013 and TF
2014 vintages, it is possible to observe that the latter obtained inferior results, although it had a higher
number of samples. Performance of a one-way ANOVA to study meaningful differences in the means
for each set of samples revealed that there was a significant difference in the means (p < 0.001) between
the vintages in the analysis (Appendix F), which might cause the small variations in the results and
highlights the model’s capacity to learn from populations of wine grape berries with meaningful
statistical differences.

The validation set results presented strongly suggest that the framework is robust, being able
to learn the patterns present in the data, but also indicates a need for an increase on the number of
samples for the most complex data sets.

4.2. Model Behaviour Using Test Sets

Investigating the anthocyanin concentration results (Table 6) and comparing these with authors
with similar methodologies, Chen et al. [17] and Fadock et al. [19] previously used a SVR approach
to measure the total anthocyanin concentration of wine grape berries, obtaining an R? of 0.941 and
0.690, respectively, (the error rate was calculated with different measurements and a comparison is
not suitable). Looking at the results obtained in the present work, it is noticeable that our approach
using an SVR model provided better results, even when a mixture of vintages was used. Previously,
Reference [10] had obtained the highest coefficients for the estimation of anthocyanin concentration in
external test sets, with a R? of 0.950 and RMSE of 14.000 mg-L~! using a neural network approach. It is
possible to observe that for the TF 2012 data set, our results showed an equivalent but slightly better R?
(0.970) and a better RMSE (11.748 mg~L’1). As for the test sets composed of a mixture of TF samples,
the results suggest a robust model with a capacity to learn from wine grapes of different vintages. It is
also observable that the number of principal components used increased with the variability of the
data used and that this increase may be crucial to the model’s adaptability to the differences in the
variance of the datasets allowing for more stable predictions.

Analysing the pH index results using test sets (Table 6), while looking for authors using a similar
model to predict the pH index of wine grape berries, Reference [9] previously used an approach
with least squares support vector machines tuned via a genetic algorithm to measure this chemical
compound, obtaining a R? of 0.957 with a RMSE of 0.126 for the validation set. Unfortunately,
the results for an external test set were not provided in the published work. The authors in [19] used
a SVR model to measure the pH index as well, obtaining a R? of 0.560 and RMSE of 0.050 for a test
set composed of samples from different vintages, and a R? of 0.807 and RMSE of 0.050 for a test set
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composed of samples from the same variety and vintage. Our results showed better performance for
predictions on an external test set using a SVR model, with and without different vintages of wine
grape berries used in those sets. Despite showing superior results than those obtained by [19] (0.807
for R? and 0.050 for the RMSE) for an external test set, the model’s performance for the pH index was
the worst of all the oenological parameters studied, suggesting that a higher number of samples might
be required to better incorporate all the data variability into the model.

Studying the sugar content results using test sets (Table 6), for sugar content determination,
Reference [9] previously used an approach with least squares support vector machines tuned via
a genetic algorithm to measure this chemical compound, obtaining a R? of 0.820 with a RMSE of
0.960 °Brix for the validation set. The results for an external test set were not provided in the published
work. The authors in [19] also used a SVR model to measure sugar content, obtaining a R? of 0.710
and RMSE of 0.870 °Brix for a test set composed of samples from different vintages, and a R? of
0.910 and RMSE of 0.650 °Brix for a test set composed of samples from the same variety and vintage.
Our results denote better performance for predictions on an external test set using a SVR model,
with and without different vintages of wine grape berries used in those sets. The best previous results
for sugar content prediction were from [12], with values of 0.959 and 1.026 °Brix for R?> and RMSE,
respectively. Our model outperforms the mentioned work for the single vintage dataset (R? of 0.964 and
RMSE of 0.804), and presents slightly worse results in the mixture of samples from different vintages.

4.3. Model Generalization: Different Varieties and Vintages

Regarding the model’s generalization capacity for the different vintages and varieties of wine
grape berries used in the independent external test sets (Figures 5-7), despite a slight drop in the
model’s performance and a higher error rate in the predictions (which is considered a reasonable
outcome due to the fact that these varieties are not found in the training steps, increasing the
uncertainty), these results are good indicators with respect to the model’s generalization ability,
since they indicate it might not be necessary to build models that require a yearly update of samples,
or new samples for each variety. Using a mixture of samples from different vintages and varieties in
the test phase is, according to the authors’ knowledge, a rare configuration in general and very unique
for samples with a small number of whole berries. Comparing the results with the only work found in
the literature using different varieties of wine grapes in the testing phase, we found that [14] obtained
a R? of 0.751 and a RMSE of 23.200 mg-L~! for the determination of anthocyanin concentration, and a
R? of 0.710 and a RMSE of 0.176 for the prediction of pH index; our model outperforms the mentioned
work for all the datasets studied.

Analysing the values obtained for each oenological parameter, it is clear that the model performs
quite well on the determination of the sugar content and anthocyanin concentration, with a minor
decrease in the squared correlation coefficient and the root mean squared error. With respect to the
determination of the pH index, it is possible that the observed differences between varieties might
result from the more complex patterns of pH related to their genetic proximity or distance and the
analysis should have this focus for future work. Also, it is reasonable to infer that more samples
are needed in order to capture the more complex patterns in the spectra. The difference between
the number of principal components retained for analysis in each case should also be highlighted.
Although this goes beyond the scope of this paper and should be the subject of future research,
we believe that this might happen due to the genetic proximity of the wine grape berries varieties
in question; the TN variety is more similar to the TF variety than to the TB variety, which might
explain why fewer principal components were required for the TN test set for sugar content and
anthocyanin concentration.

5. Conclusions

A hyperspectral imaging technique was combined with a machine learning algorithm (support
vector regression) to compose a framework capable of estimating oenological parameters with different
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varieties and vintages of wine grape berries. The present paper presents a fast, inexpensive and
non-destructive type of analysis that provides an alternative to traditional methods when studying
wine grape berries during ripening.

The results obtained are competitive in comparison to current state-of-the-art publications in the
prediction of sugar content, anthocyanin concentration and pH index, maintaining high performance
across different varieties and vintages of wine grapes. This represents a step forward in terms of the
study of the generalization capacity, which is very important in order to achieve a model capable of
predicting values for a wide variety of wine grapes without the need to capture more and more samples
throughout the years to tune the predictor. Moreover, the hyperspectral imaging was conducted in the
reflectance mode and with a small number of whole berries, which is a setup rarely found in literature
and is relevant when mapping areas in order to improve ripening, selecting the best berries inside each
bunch for the production of high quality wines.

Further work should include the study of different pre-processing, dimensionality reduction and
feature selection methods, which may represent an improvement in the models’ capacity to capture
different patterns in the spectra, especially for the estimation of the pH index, which obtained slightly
inferior results. Also, datasets composed of different varieties for the training and test phases should
be investigated to promote the development of the generalization capacity while investigating the
models’ behaviour when tested without supplementary training.

Acknowledgments: The authors acknowledge the financial support provided by Project 1&D Deus ex
Machina—Symbiotic technology for societal efficiency gains under NORTE-01-0145-FEDER-000026, co-financed
by “Fundo Europeu de Desenvolvimento Regional (FEDER)” under NORTE 2020. The authors also gratefully
acknowledge the support from FCT—Portuguese Foundation for Science and Technology (PD/BD/128272/2017),
under the Doctoral Programme “Agricultural Production Chains—from fork to farm” (PD/00122/2012),
to the Centre for the Research and Technology of Agro-Environmental and Biological Sciences (CITAB)
supported by European Investment Funds by FEDER/COMPETE/POCI—Operacional Competitiveness and
Internacionalization Programme, under Project POCI-01-0145-FEDER-006958 and National Funds by FCT under
the project UID/AGR/04033/2013, and NVIDIA Corporation with the donation of the Titan X Pascal GPU used
for this research.

Author Contributions: Rui Silva developed the prediction models and wrote the paper; Véronique Gomes was
responsible for the laboratorial analysis and the image acquisition; Arlete Faia contributed regarding the materials
and methodology for the laboratorial analysis; Pedro Melo-Pinto contributed in the development of the prediction
models and writing process.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A.

Table A1. Descriptive statistics for the anthocyanin concentration of the laboratory results.

Anthocyanin Concentration (mg-L~1)
Variety N Mean 95% CI St. Devw. 95% CI Min Median Max
TF 2012 240 160.28 (153.05; 167.51) 56.86 (52.19; 62.46) 3.89 173.84  257.82
TF 2013 82 207.18 (195.06; 219.31) 55.18 (47.84; 65.21) 16.28 22190 269.75
TF 2015 105 233.51 (228.05; 238.97) 28.21 (24.85;32.65) 149.20 23756  283.94
TB 2013 84 173.32 (163.66; 182.97) 44.49 (38.63;52.46)  51.00 18529  247.76
TN 2013 60 224.86 (215.25; 234.47) 37.21 (31.54; 45.38) 123.68 236.62  319.90
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Appendix B.
Table A2. Descriptive statistics for the pH index of the laboratory results.
pH Index

Variety N Mean 95% CI St. Devw. 95% CI Min Median Max

TF 2012 240 3.552 (3.508; 3.596) 0.346 (0.318; 0.380) 2.85 3.58 4.23

TF 2013 81 3.718 (3.640; 3.796) 0.353 (0.306; 0.418) 3.05 3.74 444

TF 2014 120 3.493 (3.445; 3.541) 0.264 (0.235; 0.303) 2.93 3.51 3.97

TF 2015 108 3.334 (3.296; 3.371) 0.198 (0.175; 0.229) 2.82 3.33 4.05

TB 2013 84 3.585 (3.515; 3.656) 0.324 (0.282; 0.383) 2.90 3.60 4.48

TN 2013 60 3.590 (3.516; 3.664) 0.286 (0.243; 0.349) 3.00 3.64 413
Appendix C.

Table A3. Descriptive statistics for the sugar content of the laboratory results.
Sugar Content (°Brix)

Variety N Mean 95% CI St. Dev. 95% CI Min Median Max

TF 2012 240 16.925 (16.501; 17.350) 3.342 (3.067; 3.671) 9.06 17.06 24.72

TF 2013 82 19.446 (18.658; 20.233) 3.585 (3.108; 4.236) 8.10 20.025  25.00

TF 2014 120 13.552 (12.890; 14.214) 3.662 (3.250; 4.195) 7.87 13.00 25.66

TF 2015 108 17.458 (17.160; 17.775) 1.560 (1.376;1.801)  13.00 17.44 22.34

TB 2013 84 22491 (21.512; 23.471) 4.515 (3.920;5.324)  11.40 23.44 30.85

TN 2013 60 23.255 (22.625; 23.885) 2.439 (2.067;2.974)  17.20 23.84 27.20
Appendix D.

Table A4. One-way ANOVA for the anthocyanin concentration of the laboratory results.
Tukey Simultaneous Tests for Differences of Means
Anthocyanin Concentration (mg-L~1)
Difference of Difference of SE of o Adjusted
Levels Means Difference 95% CI T-Value p-Value

TF 2013 — TF 2012 46.91 6.24 (29.87; 63.95) 7.51 0

TF 2015 - TF 2012 73.23 5.71 (57.65; 88.82) 12.82 0

TB 2013 - TF 2012 13.04 6.19 (—3.85;29.93) 2.11 0.217

TN 2013 — TF 2012 64.59 7.04 (45.36; 83.81) 9.17 0

TF 2015 - TF 2013 26.33 7.19 (6.70; 45.96) 3.66 0.002

TB 2013 — TF 2013 —33.87 7.58 (—54.55; —13.19) —4.47 0

TN 2013 — TF 2013 17.68 8.29 (—4.95; 40.31) 2.13 0.206

TB 2013 - TF 2015 —60.2 7.14 (—79.70; —40.70) —8.43 0

TN 2013 - TF 2015 —8.65 7.9 (—30.21;12.91) -1.1 0.809

TN 2013 - TB 2013 51.55 8.25 (29.03; 74.06) 6.25 0

Hp: All means are equal; Significance Level: « = 0.05; Individual Confidence Level = 99.35%.



Remote Sens. 2018, 10, 312 19 of 23

Appendix E.
Table A5. One-way ANOVA for the pH index of the laboratory results.
Tukey Simultaneous Tests for Differences of Means
pH Index
Pievets " Means © Ditfesence T
TF 2013 - TF 2012 0.1657 0.0394 (0.0533; 0.2781) 42 0
TF 2014 - TF 2012 —0.0590 0.0343 (—0.1568; 0.0388) -1.72 0.518
TF 2015 - TF 2012 —0.2185 0.0356 (—0.3198; —0.1171) —6.14 0
TB 2013 - TF 2012 0.0333 0.0389 (—0.0776; 0.1442) 0.86 0.957
TN 2013 - TF 2012 0.0379 0.0443 (—0.0884; 0.1641) 0.85 0.957
TF 2014 - TF 2013 —0.2247 0.0441 (—0.3505; —0.0990) -5.09 0
TF 2015 - TF 2013 —0.3842 0.0451 (—0.5127; —0.2556) —8.51 0
TB 2013 - TF 2013 —0.1324 0.0478 (—0.2686; 0.0038) —-2.77 0.062
TN 2013 - TF 2013 —0.1278 0.0523 (—0.2768; 0.0212) —2.44 0.141
TF 2015 - TF 2014 —0.1594 0.0407 (—0.2755; —0.0434) —-3.92 0.001
TB 2013 - TF 2014 0.0923 0.0437 (—0.0321; 0.2168) 2.11 0.28
TN 2013 - TF 2014 0.0969 0.0485 (—0.0414; 0.2352) 2 0.344
TB 2013 - TF 2015 0.2518 0.0447 (0.1245; 0.3790) 5.64 0
TN 2013 - TF 2015 0.2564 0.0494 (0.1155; 0.3972) 5.19 0
TN 2013 - TB 2013 0.0046 0.0519 (—0.1433; 0.1524) 0.09 1

Hp: All means are equal; Significance Level: « = 0.05; Individual Confidence Level = 99.55%.

Appendix F.
Table A6. One-way ANOVA for the sugar content of the laboratory results.
Tukey Simultaneous Tests for Differences of Means
Sugar Content (°Brix)

Mo M \eans  Difference sshcl ke (RN
TF 2013 - TF 2012 2.52 0.425 (1.308; 3.733) 5.92 0
TF 2014 - TF 2012 —3.374 0.372 (—4.433; —2.314) -9.07 0
TF 2015 - TF 2012 0.532 0.385 (—0.566; 1.630) 1.38 0.739
TB 2013 - TF 2012 5.566 0.422 (4.364; 6.767) 13.2 0
TN 2013 - TF 2012 6.329 0.48 (4.961; 7.697) 13.19 0
TF 2014 - TF 2013 —5.894 0.476 (—7.252; —4.536) —12.37 0
TF 2015 - TF 2013 —1.988 0.487 (—3.376; —0.600) —4.08 0.001
TB 2013 - TF 2013 3.045 0.516 (1.574; 4.517) 59 0
TN 2013 - TF 2013 3.809 0.565 (2.199; 5.419) 6.74 0
TF 2015 - TF 2014 3.906 0.441 (2.649; 5.163) 8.85 0
TB 2013 - TF 2014 8.939 0.473 (7.591; 10.288) 18.9 0
TN 2013 - TF 2014 9.703 0.526 (8.204; 11.201) 18.45 0
TB 2013 - TF 2015 5.034 0.484 (3.655; 6.412) 10.4 0
TN 2013 - TF 2015 5.797 0.535 (4.271; 7.323) 10.83 0
TN 2013 - TB 2013 0.763 0.562 (—0.839; 2.365) 1.36 0.752

Hj: All means are equal; Significance Level: « = 0.05; Individual Confidence Level = 99.55%.
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Appendix G.

Table A7. Descriptive statistics of the samples used in the external test sets for the prediction of
anthocyanin concentration.

Anthocyanin Concentration (mg-L~1)

Variety N Mean 95% CI St. Dew. 95% CI Min Median Max
TF 2012 30 15043 (127.82;173.04) 60.545 (48.219;81.392)  20.34 173.93  224.00
TF 2012 + 2013 36 17237 (147.01;197.72) 74.923 (60.769; 97.733) 3.89 187.29  269.75

TF2012 + 2013 + 2015 48 181.51 (160.53;202.49) 72.253 (60.148; 90.503) 3.89 193.49  283.94

Appendix H.
Table A8. Descriptive statistics of the samples used in the external test sets for the prediction of

pH index.

pH Index
Variety N Mean 95% CI St. Dew. 95% CI Min Median Max
TF 2012 30 3.516 (3.384; 3.649) 0.354 (0.282; 0.476) 2.92 3.46 4.15
TF 2012 + 2013 36 3.531 (3.393; 3.668) 0.407 (0.330; 0.531) 2.85 3.54 4.44
TF2012 + 2013 + 2014 50 3.554 (3.455; 3.653) 0.349 (0.291; 0.435) 2.85 3.53 4.44
TE 2012:2%(;153 *2014 o3 3540 (3.442;3.637) 0.388 (0.330; 0.471) 2.82 3.49 444
Appendix L.

Table A9. Descriptive statistics of the samples used in the external test sets for the prediction of
sugar content.

Sugar Content (°Brix)
Variety N Mean 95% CI St. Dew. 95% CI Min Median Max
TF 2012 30 16.389 (15.135;17.643) 3.358 (2.675; 4.515) 9.86 17.04 22.92
TF 2012 + 2013 36 17.308 (15.755;18.860) 4.589 (3.722; 5.986) 8.10 17.66  25.00

TF 2012 + 2013 + 2014 50 16.953 (15.588;18.317) 4.802 (4.012; 5.985) 7.87 16.86 25.66

TF 2012 + 2013 + 2014
+2015

63 16.670 (15.567;17.773) 4.379 (3.726; 5.312) 7.87 17.40 25.66

Appendix J.

Table A10. Descriptive statistics of the samples used in the external test sets to further study the
generalization capacity for the prediction of anthocyanin concentration.

Anthocyanin Concentration (mg-L 1)
Variety N  Mean 95% CI St. Dev. 95% CI Min Median Max

TB2013 23 170.86  (147.01;194.71) 55.155 (42.657; 78.064) 50.97 17518  247.76
TN 2013 17 21639  (190.50; 242.28) 50.353 (37.501; 76.633)  123.68 228.16  319.90

Appendix K.

Table A11. Descriptive statistics of the samples used in the external test sets to further study the
generalization capacity for the prediction of the pH index.

pH Index
Variety N  Mean 95% CI St. Dev. 95% CI Min Median Max
TB2013 23  3.505 (3.325; 3.685) 0.416 (0.322; 0.588) 29 34 4.5

TN 2013 17  3.593 (3.440; 3.746) 0.297 (0.221; 0.453) 3.0 3.6 4.1
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Appendix L.

Table A12. Descriptive statistics of the samples used in the external test sets to further study the
generalization capacity for the prediction of the sugar content.

Sugar Content (°Brix)

Variety N  Mean 95% CI St. Dev. 95% CI Min Median Max

TB2013 23 23126  (20.954;25.297) 5.022 (3.884;7.108) 11.4 24.2 30.9
TN 2013 17 22.649 (21.073;24.224) 3.064 (2.282; 4.664) 17.2 23.3 27.2
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