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Abstract: The classification of color is important in the management and evaluation of red wine color.
Nevertheless, current reports have not given a sound solution. A novel scheme for the quantitative
classification of red wine color from the perspective of micro and macro levels was proposed in this
work. The overall color performance of 119 representative red wine samples was visualized and
classified into 125 micro-classifications according to the partition of the chromaticity and lightness
of the wine color. Considering the evolution of red wine color, quantitative macro-classification of
the color of the wine samples was explored, and six macro-classifications were obtained. These few
classifications determine the extent of aging and aging potential of colors between different red wines
well. The performance of this approach was further verified by another set of 56 red wine samples.
This efficient and easy-to-implement approach is expected to be helpful in the digital and visual color
management, control, evaluation, comparison, and prediction of red wines.
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1. Introduction

Color is a crucial, direct, and intuitive sensory attribute of food, and it correlates
well with some physicochemical properties and quality attributes [1]. Color can indicate
the quality of food, the expected aroma and taste at some extent, and even influence
the acceptance and preference of food [2]. Similarly, wine color is an important aspect
of wine quality, roughly referring to information including vintage, variety, region, and
even possible defects during the production, aging, and storage periods [3]. Wine tasting
generally follows the typical order of viewing, smelling, and tasting to determine various
overall aspects and levels of a wine product in detail. The systematic wine sensory analysis
procedures generally start with an evaluation of the color and other visual characteristics,
such as transparency, clarity, and gloss [4]. Therefore, it is obvious that wine color can
provide the most direct and intuitive first sensory impression and can especially influence
preliminary and initial estimates about the style and quality of the wine product [5].
Moreover, wine color strongly points to wine type, which is inseparably associated with the
related aroma descriptors. For instance, red wine is usually described as having aromas of
black currant, blueberry, and other ripe black fruits; rose wine is associated with the aroma
of strawberry and rose flower; and white wine presents notes of honey, white flower, peach,
pear, and other white fruits. Even under certain experimental conditions, stained white
wines were mistaken for red wines and were associated with odor descriptors describing
the type of red wine [6]. As a result, wine color can establish expectations and even cue
descriptions of wine aroma, flavor, and overall quality for the tasters and affect their
preference and acceptability [7,8]. In other words, a negative first judgement based on the
visual perception of the wine product is difficult to counteract with subsequent positive
aromas and flavors [9]. Thus, a systematic and scientific evaluation of wine color is crucial,
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particularly considering the significant role and profound influence of visual perception on
the entire perceived quality of the wine product [8].

To assess wine color, the sensory evaluation method carried out by professional judges
is often used, which has high requirements for the taster and is affected by even the
observation conditions [10]. The high requirements for tasters” professionalism and the
standardization of observation conditions limit the quantitative standardization of wine
color via sensory evaluation. Even under strict conditions, the subjective differences and
uncertainties in tasters” qualitative evaluations are still difficult to ignore [11]. What is more,
in different cultural backgrounds and language systems, there are some communication
barriers and deviations in the understandings of the subjective descriptions of red wine
color. On the contrary, instruments are immune to subjective preferences and other sensory
attributes that may affect the results, enabling a quick, objective, and accurate description
of the wine color [12]. The wine color can be described and measured using visual and
instrumental procedures [13]. Correspondingly, the sensory evaluation method of wine
color is realized depending on the professional tasters’ visual perception, and it is worth
exploring the creation of a digitized and quantified wine color classification and evaluation
method based on instrumental color measurement.

As a reliable indicator of food quality, color measurement of food is much simpler and
faster, and color classification and grading methods are being widely explored in order
to provide criteria or references for assessing food quality or for food classification and
grading. Moreover, food color classification based on instrumental color measurement
has been widely studied. For instance, color features based on the RGB and HSI color
spaces and texture were considered together to classify raisins [14]. Combined with texture
features, different types of food grains were identified and classified based on different
color models such as Lab, HSV, HSI, and YcbCr [15]. According to color, the automatic
classification of commercial potato chips by a computer vision system in ", 4", and b" units
was studied [16]. The color classification of “Manila” mangoes at three different ripening
stages was realized based on the CIELAB and HSB color spaces [17]. Furthermore, the
quality of various food was classified and evaluated by computer vision technology based
on color images [18]. Although different color spaces are involved in the above-mentioned
research, the most commonly used in the color measurement of foods is the L',a", and b*
color space because of its uniformity and proximity to the human perception of color [19].
Undoubtedly, the CIELAB color space is also widely used in wine color measurement
and color characterization, and its use has been recommended by the International Vine
and Wine Organization (OIV) [20]. Meanwhile, the CIELAB color space demonstrates
good results in food classification based on color. However, the classification of wine color
based on the CIELAB color space is rare, perhaps because the translucent liquid texture of
wine distinguishes it from other foods, for which surface color classification is convenient.
Although one study has explored the color classification of translucent solid resins [21],
whether this can be applied to translucent liquid wines is unknown, and the scheme is
too complex.

At present, most research focuses on the evaluation and gradation of the overall
quality of wine based on sensory evaluations and/or various wine compositions, the
scoring scheme established by wine tasting experts [22], or scientific research involving
a variety of physical and chemical indicators of wine and data analysis methods [23,24].
Little attention has been paid to the classification of wine color independently [25,26], and
reports seldom concern the evaluation of wine color’s evolution. Needless to say, it is very
meaningful and worth exploring to classify and evaluate red wine color independently as
an important aspect and indicator of the overall quality of red wine. Such a classification
can not only compensate for the gap in existing research but can also provide a new
reference for evaluating the color quality of red wine. Therefore, the purpose of this work
is to explore the establishment of an instrumental measurement-based red wine color
classification scheme to evaluate and compare the various colors of different red wines. To
this end, on the basis of our previous work [27], the color of 119 commercial dry red wines
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was determined, and an objective and specific classification method of red wine color from
the perspective of the micro and macro levels was established. Another 56 dry red wine
samples were also introduced to verify and illustrate the effectiveness and applicability of
the proposed method.

2. Materials and Methods
2.1. Wine Samples

One hundred and nineteen commercial dry red wine samples were collected from
different representative wineries with relatively large yields from various origins, including
Yinchuan (YC), Qingtongxia (QTX), Zhongwei (ZW), and Hongsibu (HSB) in the eastern
foot of Helan Mountain, Ningxia, China, which is one of the most important and rep-
resentative wine-producing regions in China. The vintages of the wine samples range
from 2013 (13) to 2018 (18), with the age of wine ranging from 6 y to 1 y. Most of the
samples are monovarietal wines fermented from a single grape variety such as Cabernet
Sauvignon (CS), Merlot (M), Cabernet Gernischt (CG), or Marselan (MS). A few of them
are multivarietal wines co-fermented from two or three grape varieties, including CS, M,
CG, and Cabernet Franc (CF). The label of the wine samples in this work are based on
vintage (abbreviation)—variety (abbreviation)-origin (abbreviation). More details are listed
in Table S1 and Figure S1. Enological parameters are listed in Table S5.

Fifty-six commercial dry red wines from different wineries of the Gansu (33) and
Xinjiang (23) regions in China were used to verify the applicability of the classification
method proposed in this study. Their vintages range from 2013 (13) to 2018 (18), and the
varieties are mainly Cabernet Sauvignon and Merlot, but they also include a few numbers
of Pinot Noir, Syrah, Cabernet Gernischt, and blending. The naming rules of red wine
samples are in the order of the first letter of the region (G or X)-vintage (abbreviation)—serial
number (1, 2, 3, etc.). Enological parameters are listed in Table S6.

2.2. Measurement of CIELAB Color Parameters

Each wine sample was filtered using 0.45 um polyether sulfone membranes (Shanyutech,
Co., Ltd., Tianjin, China) before measurement. The visible absorbance spectrum of each
sample was scanned and recorded from 400 nm to 780 nm with an interval of 1 nm using a
UV-Vis spectrophotometer Agilent Cary 60 (Agilent Technologies Inc., PaloAlto, CA, USA)
with a 1 mm path-length quartz cuvette (i-Quip®, Aladdin Biochemical Technology Co.,
Ltd., Shanghai, China). Deionized water was used as the blank reference. The analysis for
each sample was performed in triplicate. The CIELAB color parameters (L', a’, b, C, and
h},) of each wine sample were calculated using absorbance values at four wavelengths of
450 nm, 520 nm, 570 nm, and 630 nm according to the simplified CIELAB method [28].

2.3. Visual Representation
The visual representation of red wine color is realized based on the three-dimensional

CIELAB color space, which includes chromaticity distribution plane, lightness distribution
plane, and feature color [27].

2.4. Statistical Analysis
Excel 2016 (Microsoft, Redmond, Washington, DC, USA) was used for data processing.

SPSS Statistics 20 (IBM, New York, NY, USA) was used for statistical analysis. Origin 2018
(Origin Lab, Northampton, MA, USA) was used for plotting.

3. Results and Discussion
3.1. Visual Representation of the Color of Wine Samples

The above-mentioned CIELAB-based visual representation method was used to visu-
alize the color of 119 dry red wine samples [27]. The chromaticity distribution and lightness
distribution of the wine samples were illustrated in Figure 1. It can be seen that the a°
values of the wine samples are located in the interval of 15~45. The b" values are distributed
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in the interval of 5~25. The L" values lie in the interval of 40~90. Moreover, the frequency
distribution of L", a*, and b" was analyzed and is shown in Figure S2. The parameter a’
mainly assembles between 20 and 40. The parameter b* mainly aggregates between 10 and
20. The parameter L* mainly gathers between 60 and 80.

Figure 1. Overall chromaticity (A) and lightness (B) distributions of 119 dry red wine samples. Note:
The chromaticity plane in the figure is the two-dimensional plane constructed by a” and b in the
CIELAB color space when L =70 (L" =70,a" = 0~60, b" = —20~40). The lightness plane in the figure
is the two-dimensional plane extending from a one-dimensional lightness axis when a" = b = 0
(L" =40~100,4" =0,b" = 0).

Considering the central tendency of the parameters a” and b', a qualitative description
of the chromaticity characteristic of the 119 wine samples can be given in the hue of ruby
red, garnet, and brick red with a medium saturation. Similarly, a qualitative description of
the lightness perception of the 119 wine samples is as follows: very few of the samples are
bright, a few of the samples are dark, and most of the samples are slightly bright. Thus, the
overall color performance of the wine samples is mainly ruby red, garnet, and brick red,
with medium or duller saturation, and slightly bright, that is, medium or pale ruby red,
garnet, and brick red.

Although the chromaticity and lightness distributions of the wine samples present a
central tendency, each wine sample has unique chromaticity and lightness characteristics.
It can be seen from Figure 1 that the chromaticity or lightness of different wine samples has
an obvious feature of a discrete distribution, implying a high degree of color (chromaticity
or lightness) discrimination between each other, which can be further used for color
classification. This also confirms from the side that red wine presents a variety of colors
due to its complex coloring mechanism.

3.2. Micro-Classification of the Color of Wine Samples Based on the CIELAB Parameters

In the CIELAB color space, the two-dimensional chromaticity distribution plane
constructed by the parameters a” and b* represents the chromaticity information of the color,
while the lightness distribution plane constructed by the parameter L~ denotes the lightness
information of the color [27]. The chromaticity information of wine is more commonly
described by the chromaticity indices of hue 1} and chroma C}, . As a consequence, the two
key attributes of chromaticity (C;;, and 1, ) and lightness (L") were classified independently
in this work.
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3.2.1. Micro-Level Sub-Classification of Chromaticity

In view of the centralization and dispersion feature of the chromaticity shown in
Figures 1 and S2, the hue h}; and chroma C};, were divided into several specific sub-
classifications. Considering the minimum value of 3.43 and the maximum value of 41.35
of the hue shown in Table S2, the hue was classified into five sub-classifications ranging
from 0 to 50 with in intervals of 10. In a similar way, according to the minimum chroma
value of 19.91 and the maximum chroma value of 53.05 shown in Table S2, the chroma was
classified into five sub-classifications ranging from 10 to 60 in intervals of 10. Consequently,
both the hue and chroma were divided into five sub-classifications, as shown in Table 1.

Table 1. The sub-classification of hue 1, , chroma C};,, and lightness L” and corresponding score table.

Color Parameters Value Range Sub-Classification Visual Perception Score
0~10 h® Purplish red 10
10~20 h? Ruby red 8
hy,/° 20~30 h? Garnet 6
30~40 h? Brick red 4
40~50 h! Tawny 2
50~60 CP Vivid 10
40~50 ct Less vivid 8
b 30~40 3 Pale 6
20~30 C? Dull 4
10~20 c! Gloomy 2
40~50 L5 Dark 10
50~60 L4 Slightly dark 8
L 60~70 L3 Slightly bright 6
70~80 L2 Bright 4
80~90 L! Intensely bright 2

In the CIELAB color space, the parametersa” and b™ construct a two-dimensional plane
when L" = 70, called the chromaticity distribution plane in this work [27]. On this plane,
the hue 1}, is a degree rotated counterclockwise starting from 0° in the positive direction of
the a” coordinate axis. The chroma C’, can be regarded as the distance extending from the
origin (@°=0,b"=0,L" =70) to the wine sample point (@', b, L" =70), that is, a straight line
passing through the origin. Together, these degrees and lines divide the chromatic plane
into numerous sectors. Each sector represents a certain hue value range and chroma value
range, which is called a chromaticity sub-classification determined by the combination of
hue sub-classification and chroma sub-classification, as shown for h2C® in Figure 2. The
distribution of wine samples on the chromaticity plane may fall into different sectors due
to their values of hue and chroma. Wine samples in the same sector, i.e., wine samples
in the same chromaticity sub-classification, can be considered to have relatively similar
chromaticity information in terms of visual perception.

3.2.2. Micro-Level Sub-Classification of Lightness

On the basis of the value range of lightness L of the 119 dry red wine samples
(Figure S2), the lightness L was divided into specific sub-classifications. According to
the minimum value of 41.59 and the maximum value of 81.80 of the lightness shown in
Table S2, the lightness was divided into five sub-classifications ranging from 40 to 90 in
intervals of 10, as shown in Table 1.

In the CIELAB color space, the one-dimensional coordinate axis of L represents the
lightness information of the wine samples. A lightness distribution plane was established
according to L values and the population of wine samples [27]. Due to the sub-classification
of L", this plane is split into sectors, as shown in Figure 2. Wine samples at the same
lightness sector can be considered to have relatively similar lightness information in terms
of visual perception.
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Figure 2. Schematic diagram of chromaticity (A) and lightness (B) classification. Note: The chro-
maticity plane in the figure is the two-dimensional plane constructed by 4" and b" in the CIELAB
color space when L =70 (L' =70, a" = 0~60, b" = —20~40). The lightness plane in the figure is the
two-dimensional plane extending from a one-dimensional lightness axis whena =b" =0 (L = 40~100,
a=0,b"=0).

3.2.3. Micro-Classification of Wine Color

According to the sub-classification of chromaticity and lightness of the 119 dry red
wine samples, the color of the wine samples can be divided into 125 micro-classifications,
shown in Table S3. Compared to the numerous CIELAB color parameters that vary widely
between wine samples, the micro-classification of color provides a more compact clas-
sification of relatively similar wine colors and a more convenient and intuitive way to
compare and distinguish the degree of color difference between wine samples. Different
wine color classifications are easier to associate with the macro-level chromaticity and
lightness information compared with the simple CIELAB color parameters. In other words,
125 micro-classifications of red wine color could be regarded as a series of 125 digital
descriptors of red wine color, which is more objective, explicit, and convenient compared
to traditional and regular sensory descriptors such as ruby red, vivid, and bright, etc.
Moreover, this digital quantitative method of wine color classification is able to effectively
circumvent the defects in the tasters’ sensory description method, including ambiguous
naming, lack of international uniform description, and bias in understanding, etc. [11].
This wine color classification method is expected to be more direct, objective, specific, and
consistent when describing and classifying wine color.

Finally, our study seems to provide a more facile and operational approach to color
classification than existing studies building mathematical models to classify CIELAB and
Glory color parameters [26]. In a nutshell, the quantitative micro-classification method
of wine color can more conveniently describe, transfer, compare, distinguish, and even
reproduce the color characteristics of wine samples by dividing the color of wine samples
into micro-level color classifications such as h®C*L3, h3C31.2, and h2C2L3.

However, the method also has some drawbacks. For example, the large number of
micro-classifications makes it is difficult to evaluate the color of different red wines simply
and directly, and it cannot reflect the macro-level color evolution and changes in red wine
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from a sensory point of view. This is because, in essence, the macro-level color of red wine
is not static, but rather dynamic, changing with time and storage conditions [12]. Moreover,
the evolution of food color is common, such as during ripening, drying, or spoilage. The
color evolution could help us to obtain information on the maturity, shelf life, quality, and
other aspects of a food product [29]. From this point of view, food color classification based
on color evolution is worth exploring, just as the color classification of mango [17] and
tomato [30] at different ripening stages based on CIELAB color space provide practical
guidance for production and harvesting. Specific to wine, storage and aging are important
phases of the whole life cycle of wine. During this time, the wine undergoes maturation,
stability, and even degradation. Correspondingly, its color evolution during storage and
aging could reveal and convey informative messages. Therefore, further color classification
based on the evolution of red wine color that considers the variability in and diversity of
the macro-level color of red wine is necessary. Based on the micro-level color classification,
we want to establish a more simplified and direct quantitative classification method to
characterize the color evolution of red wines, as well as to evaluate the macro-level color of
different red wines.

3.3. Macro-Classification of the Color of Wine Samples Based on the Micro-Classification
3.3.1. Macro-Classification Method

With the drawbacks of the micro-classification method in mind, it is necessary to fur-
ther classify the above-mentioned micro-level color classification according to the evolution
of red wine color during natural aging. In this way, A smaller number of macro-level
color classifications are expected be obtained. In order to achieve this goal, the evolution
of the red wine color should first be considered as the standard of the new macro-level
quantitative classification method.

For red wines, it has become a relatively basic consensus that the yellowing and
browning caused by aging make the color gradually lose its attractive characteristics such
as its purplish red and vividness and can even make it difficult to maintain an acceptable
color [31,32]. It is conceivable and understandable that, according to the instrumental
measurement and visual perception, aged red wines show relatively yellower, more gloomy,
paler, and brighter macro-level colors than young wines. This general trend can help the
taster identify the vintage of a red wine, especially when longitudinally monitoring of the
color of the same wine at different times, as the trend is very obvious. On the basis of this
general understanding, the gradual decline in and loss of macro-level color perceptions
and characteristics, such as the high intensity of the purplish red hue, the vivid color (high
color saturation), and the thick and deep appearance (dark lightness), were designated as
the standard of the new macro-level quantitative classification method to compare and
evaluate the red wine color; that is, the method measures the general evolution of dry red
wine color over time.

Obviously, this evolution is correlated with the quantitative color parameters, for
example, a smaller hue value, a larger chroma value, and a smaller lightness value imply
the color of a relatively younger red wine. Thus, it is feasible to quantify the macro-
classification of different wine colors by assigning scores to the chromaticity and lightness
sub-classifications, as shown in Table 1. The color of red wine is quantitatively classified by
the total score (the sum of the hue, chroma, and lightness scores). A total of six macro-level
color classifications were obtained, as shown in Table 2, of which a higher score denotes
that the red wine demonstrates a relatively younger wine color.

3.3.2. Macro-Classification of Red Wine Color

Based on the macro-classification method of red wine color, the colors of the 119 wine
samples were quantitatively classified from the macro-level perspective, as shown in
Table S3. The total scores of the colors of the wine samples range from 8 to 28. Corre-
spondingly, the macro-level color classifications are between 6 and 1 (Table S3). Descriptive
statistics of these classifications are plotted in Figure 3, including the quantity of wine
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samples and the distribution trend of each macro-level color classification. Apparently,
most of the wine samples are in classifications 3, 4, and 5. A few wine samples are in
classification 2. Only five wine samples are in classification 1, and two wine samples are in
classification 6. The calculated skewness coefficient is 0.598, and the kurtosis coefficient is
—1.837, suggesting a positive skewed distribution, concentrated on the moderate classifica-
tion and the asymmetric tail extended to the high classification. This kind of distribution
profile implies that the overall color of the 119 wine samples is moderately young.

Table 2. The division of macro-level color classification.

Total Score Macro-Level Color Classification

6~8 6
10~12 5
14~16 4
18~20 3
22~24 2
26~30 1

50 A

45 44 (36.97%

i o 39%32.77%)

35 -

2 30 -
Z 25
20 - 19 (15.97%)
15 A
‘ 10 (8.
10 A
5 (4.20%)
5 68%)
0 T T T T r \

Macro color classification

Figure 3. Distribution, number of 119 wine samples, and averaged feature color of each macro-level
color classification. Note: Averaged feature color for each macro-level color classification refers to the
average of all wine samples’ feature colors in the classification.

Moreover, a circular spot denoting the averaged feature color for each classification
was rendered and inserted in Figure 3, as well as presented in Figure 4A. The feature color
is a reproduction of the real wine color at a thickness of 1 mm of the wine solution against a
white background. It is contributed to by the color parameters of a', b", and L". It is evident
that along with the increase in the classification number, the dominant attribute of the color
(purplish red hue, vividness, and dark lightness) of the red wine samples is attenuated,
and the defective attributes (tawny or tile red, dullness, and bright lightness) are enhanced,
which is a prominent trend of red wine color during aging.
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Figure 4. Feature color and averaged feature color of 119 (A) and 56 (B) wine samples of each
macro-level color classification. Note: (1)Wine samples with the same total score in each macro-level
color classification are arranged in the order of wine sample number. (2)Averaged feature color
for each macro-level color classification refers to the average of all wine samples’ feature colors in
the classification.

The feature color spot is further applied to reproduce the color of each of the wine
samples and was arranged according to the classification number, as demonstrated in
Figure 4A. The color performance of wine samples in classification 1 is generally vivid,
rich, deep, and strong in a purplish red or red hue. The classification 2 wine samples have
a strong red hue with a medium saturation and dark lightness. The classification 3 wine
samples show a slightly bright red with a little yellow hue and medium saturation. A
slightly strong yellow hue intermingled with obvious light purple and red hues is charac-
teristic of the classification 4 wine samples. In the classification 5 wine samples, purplish
red and red hues have been replaced by a yellow hue as the dominant characteristic, with
low saturation, grey perception, and brighter lightness. Intensely bright tile red with dull
lightness is the leading visual perception of the classification 6 wine samples.

Through the intuitive presentation of the feature color of the wine samples in Figure 4A,
it is obvious that as the classification number increases, the wine color presents distinct
evolution featuring a decline in the purple and red hues, an enhancement of the yellow
hue, and a decrease in the color saturation. As a result, the vivid and rich colors become
duller and brighter; the deep, thick, and heavy perception and feeling of the wine body is
gradually lost and becomes pale, clear, and bright.
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The 119 wine samples were further classified by vintage, and the macro-level color
classifications of the wine samples in each vintage were statistically analyzed in Table 3.
It is not difficult to find that the classifications of aged wines are larger. On the contrary,
younger wines have smaller classifications. For example, the highest classification of
the vintage 2013 wine samples is 4, equal to the lowest classification of the vintage 2018
wine samples. An analysis of the average classification of each vintage shows that the
color classification increases along with the wine’s age. A Pearson correlation analysis
determined that the correlation coefficient between the average classification value and
the wine age is 0.946 (p = 0.004), which is in accordance with general knowledge of the
evolution of wine color and attests to the reasonability of the classification method of the
red wine color’s evolution [33].

Table 3. Descriptive statistics of macro-level color classifications of wine samples in each vintage.

Vintage Age N Min Max Mean SD Variance Skewness Kurtosis
2013 6 6 4 5 4.83 0.408 0.167 —2.449 6.000
2014 5 13 2 6 415 0.987 0.974 —0.353 1.367
2015 4 15 2 5 3.73 0.961 0.924 0.059 —1.055
2016 3 40 1 6 3.50 0.987 0.974 0.000 0.551
2017 2 31 1 5 3.10 1.076 1.157 —0.375 0.390
2018 1 14 2 4 3.21 0.802 0.643 —0.437 —1.229

During wine aging, browning is the most pronounced color change trend and results
in a decline in color quality. The material basis of browning is the anthocyanins and
their derivatives, the main coloring substances in red wine. Analyses of hundreds of
commercial wines found that different types of anthocyanins have different evolution
and distribution patterns during aging, contributing to the formation of different color
qualities [34-36]. During aging, the color evolution of red wine depends on the initial
composition and storage conditions, e.g., temperature, light, type and time of closure,
etc. [37,38]. In this study, wine samples from different wineries have different initial
compositions, which explains why the color performance and the color classification are
uneven despite being from the same vintage of wines. However, in general, the older
the wine, the more significant the browning is. In addition, it is worth mentioning that
the highest classification of the 2017 wine samples is classification 1, and the average
classification is the highest. We can infer that their overall color includes the youngest
color attributes.

On the basis of above-mentioned analysis and discussion, we can responsibly say
that the macro-classification method can effectively classify and evaluate the dynamic
evolution of the macro-level color of red wines. This means that we have established
a more convenient and simple quantitative method for characterizing the aging rate of
specific red wine colors and for comparing and evaluating the relative aging characteristics
and potentials of different red wine colors. For instance, regarding a specific red wine,
different classifications at different times during aging and storage or under different
aging and storage conditions could reveal how much the red wine color has aged from a
quantitative perspective in order to evaluate the aging time and conditions. Moreover, for
the comparison of different red wine colors, the method shows more interesting applications
in the following four cases:

(1) Red wines of the same vintage: As shown in Table 3, although from the same vintage,
red wines are in different classifications, suggesting that red wines in lower classifica-
tions may have better initial color properties, suitable aging and storage conditions,
and relatively more stable potential of color aging.

(2) Red wines of the same classification: As shown in Figure 4, there are many red wines
with different vintages in the same classification. Aged red wines present relatively
equal color properties with younger red wines, which means these younger red wines
exhibited relatively faster rates of color decay and aging. Furthermore, we can trace
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and analyze the causes of this situation, such as the variety, origin, and fermentation
techniques used that influence the initial phenolic composition and/or inappropriate
aging and storage conditions and management.

(3) Several specific red wines: When monitoring changes in the macro-level color clas-
sifications of several red wines during same aging and storage conditions, we can
compare and evaluate their color aging degree and color aging potential. Furthermore,
we can trace and analyze the causes of their macro-level color classification changes,
such as the variety, origin, and fermentation techniques used that influence the initial
phenolic composition.

(4) Color aging rate and color prediction: Based on long-term annual change data for a
large number of macro-level color classifications of red wines, we expect to obtain
average macro-level color classification change rates for different single-variety red

A]\/IC(Macro classification)

AT(year)

AMC(Macro classification)
AT(year)
indices to easily assess the degree, potential, and rate of color aging for specific red
wines and further analyze the relationship between them and the complex factors
that affect the color of red wine, which includes variety, origin, vintage, various
fermentation techniques, and even storage and aging conditions. We can even predict

. At that time, we can use the

wines, such as the index X =

absolute terms X = ,AX =X —X,and % as standards and

the color evolution of red wines, according to the AX, X< and the average color

evolution. Admittedly, the realization of this application also requires a large number
of red wine samples and dynamic color data.

In summary, macro-level color classification shows a clear classification effect and has
great application potential for evaluating the color evolution of red wines, especially those
related to aging. During wine aging, oxidation is the crucial limiting factor, and premature
oxidation is a possible problem and potential risk that can occur during wine aging, causing
cloudiness, yellowing and browning, and loss of positive aromas. Therefore, aging capacity
(potential) is an essential factor in wine quality [39]. Traditionally, aging potential (aging ca-
pacity) is a concept and positive sensory definition used by wine tasting experts to evaluate
a wine’s ability to retain its quality and typicity during aging. Therefore, relying on experts,
some studies have identified sensory criteria used to define the aging potential concept in
several wine models (red Burgundy wines and red Bordeaux wines) [40]. However, the
subjectivity of sensory criteria based on the tasters” assessment of aging potential cannot
be ignored. Rapid or slow oxidation processes during aging bring about corresponding
color changes and evolutions. Undoubtedly, as a direct and easily measurable feature, color
offers the possibility to assess aging potential, which could indicate and predict the risks
of premature oxidation and excessive oxidation to some extent. From this perspective,
the macro-level color classification of red wine color proposed in this study provides a
feasible, effective, and easily implemented method for characterizing the degree of aging,
aging characteristics, and aging potential, which could provide practical instructions for
wine-making and storage.

3.4. Applicability Verification

Using the micro- and macro-classification methods proposed in this study, 56 dry
red wine samples were classified to verify the applicability of the method (Table S4). The
feature colors of the wine samples in each macro-level color classification and the averaged
feature color for each macro-level color classification were both represented (Figure 4B).
The classification results of this method on 56 red wine samples is self-evident, which is
consistent with the classification results on the aforementioned 119 red wine samples. The
relatively younger color properties (purplish red hue, high saturation, and dark lightness)
of the red wines are lost, and their younger color attributes correspondingly decline as the
macro-level color classification number increases. The averaged feature color is the epitome
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of all the wine samples’ feature colors within each classification, showing significant
distinction and variation between classifications. As the classification number increases,
the purplish red hue is gradually replaced by an orange-red, brick red, or even yellow hue;
and the vivid color becomes progressively duller; the deep, thick, and heavy perception
and feeling of the wine body is gradually lost and becomes pale, clear, and bright. This
trend indicates a deterioration of the younger red wines’ color properties and color aging.
In addition, it is worth mentioning that among the 56 red wine samples, there are two full
score wine samples (Total score = 30) in classification 1, which did not appear in the set of
119 red wine samples (Figure 4).

Although the existing micro- and macro-classification system of red wine color was
established based on the 119 dry red wine samples in this study, it still had a clear and
consistent classification effect for other dry red wines than these 119 models. It is safe to
say that the system has good applicability. In addition, with the expansion of the red wine
sample size and continuing the quantitative classification procedures, the scheme can be
further improved by creating new micro- and macro-level color classifications to include
new red wine samples, so its flexibility is evident. It is undeniable that the division of
dry red wine samples at the boundary between two adjacent macro-classifications is not
distinct enough (Figure 4), but this is the proof that the color evolution of red wines is a
gradual and slow process, rather than a mutation. With the expansion of amount and range
of red wine samples and more in-depth understanding of the contributing degree of red
wine color attributes, this classification method will become more perfect.

Color, flavor, and texture are the three primary quality attributes that determine food
acceptance. Color may have a much greater impact on our judgment than we thought.
For example, the color of wine even synergistically affects the sense of smell [6]. In fact,
a high positive correlation has been obtained between color and overall wine quality.
The macroscopical color features of a wine are an external expression of the complicated
internal factors, e.g., composition, copigmentation effect [41,42], matrix effect [43], etc.
Therefore, monitoring the evolution of wine color during the winemaking process and
assessing the color aging potential of commercial red wines will provide informative and
valuable information for winemakers, researchers, and consumers [44]. The quantitative
classification system of red wine color makes it a convenient possibility to achieve the
above purpose. The method could be widely used in long-term color management during
winemaking, aging, and storage and for evaluating and comparing the color of different
wines. Finally, it is worth noting that most the red wine samples used for classification and
verification in this study were Cabernet Sauvignon and Merlot varieties. Caution should be
exercised when using this classification method to quantitatively evaluate the color of other
mono-varietal wines, such as Pinot noir, which usually has a lighter color, or Marselan,
which usually has a darker color.

4. Conclusions

On the basis of 119 representative red wine samples, we proposed a quantitative
wine color classification method at a micro-perspective and a macro-perspective via the
visualization of the wine color and the decomposition of the chromaticity and lightness
components of the wine color. Four conclusions were drawn, as follows:

(1) To a certain extent, the overall color characteristics of 119 dry red wines can be
roughly summarized as follows: mainly ruby red, garnet, and brick red with medium
saturation or lower and slightly bright. Even if there is a tendency for a concentrated
distribution of wine colors, the color of each wine sample still shows uniqueness, and
there is a high enough degree of discrimination between wine samples to be used as
the basis for wine color classification.

(2) Thelightness L" (lightness), hue h},, and chroma C}, (chromaticity) are divided into
five sub-classifications each, and 125 micro-level color classifications such as h3C°L3,
h2C2L!, and h!C31.? are obtained by combining the three, which is convenient for
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describing, comparing, distinguishing, and associating the color characteristics of
red wine.

(3) On the basis of the micro-level wine color classification, a red wine color scoring
and classification standard based on the color evolution of red wines over time is
introduced. The micro-level color classifications are divided into six macro-level
color classifications, which provides possible solutions for red wine color control,
comparison, and evaluation.

(4) Inorder to further verify and illustrate the applicability and flexibility of this system,
56 extra representative red wine samples were quantitatively classified. As expected,
although the scheme is based on 119 wine samples, it has a consistently outstanding
classification effect on wine samples beyond these 119 wine samples. It can be seen
that the scheme has a high degree of practicability and flexibility.

In conclusion, the quantitative scheme proposed by the study, including the micro- and
macro-classification of red wine color, provides new insights into viewing sensory-based
indicators of red wine color from an objective and digital perspective.

Therefore, the quantitative micro-classification of red wine color establishes a series of
innovative digital descriptors to represent, distinguish, compare, and convey wine color
characteristics. In addition, the quantitative macro-classification of red wine color provides
a novel objective standard to evaluate the color evolution and aging (aging degree, aging
characteristics, and aging potential) of red wines and to monitor, track, evaluate, compare,
and predict the color of a red wine during its whole life cycle.
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