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ARTICLE INFO ABSTRACT

Keywords: Estimation of wine components’ intake (polyphenols, alcohol, etc.) through Food Frequency
Red wine Questionnaires (FFQs) may be particularly inaccurate. This paper reports the development of a
Polyphenols

deep learning (DL) method to determine red wine volume from single-view images, along with its
application in a consumer study developed via a web service. The DL model demonstrated
satisfactory performance not only in a daily lifelike images dataset (mean absolute error = 10
mL), but also in a real images dataset that was generated through the consumer study (mean
absolute error = 26 mL). Based on the data reported by the participants in the consumer study (n
= 38), average red wine volume in a glass was 114 + 33 mL, which represents an intake of
137-342 mg of total polyphenols, 11.2 g of alcohol, 0.342 g of sugars, among other components.
Therefore, the proposed method constitutes a diet-monitoring tool of substantial utility in the
accurate assessment of wine components’ intake.

Alcohol

Deep learning

Liquid volume estimation
Consumer study application

1. Introduction

The estimation of dietary intake in free-living environments is a major challenge in food science and nutrition research. Dietary
intake can be assessed by direct methods, such as direct observation, duplicate diets and nutritional biomarkers, although the most
common methods include indirect (self-report) methods, such as food diaries (weighed or estimated), 24-h dietary recall and Food
Frequency Questionnaires (FFQs) [1,2]. In particular, FFQs are checklists of foods and beverages with a frequency response section to
report how often each item is consumed over a specified period of time (usually the past year, but shorter periods can be used). FFQs,
also classified as long-term methods, have several strengths they are less costly than other dietary assessment methods, allow for quick
and automated data analysis, facilitate the establishment of individual dietary patterns, and can classify individuals in a population
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based on their habits [3]. However, FFQs depend primarily on long-term memory of the interviewed subject, do not account for
intrapersonal variation in recording the daily consumption of food during the study period and, in particular, do not allow a precise
estimation of serving sizes/volume of food consumed (see Ref. [4], for a detailed review). Due to these limitations, results obtained by
these subjective methods over both the short- and long-term could lead to inexact conclusions and incorrect decisions [2,5,6].
Therefore, alternative technologies are needed to allow an assessment of food components’ intake accurately and easily in real-world
settings.

In this framework, new wearable imaging and computational technologies capable of performing objective and passive dietary
assessments with a much more simplified procedure than traditional FFQs have emerged (see Ref. [7], for an exhaustive review). The
architecture of the so-called Image-Based Food-Recognition Systems from the meal digital image to the final data of energy, nutrients
and other nutritional features, implies several phases such as image collection, pre-processing, segmentation, feature extraction,
dimensionality reduction, classification, volume estimation, and estimation [7]. Among these phases, the most critical task is the
estimation of the food portion size or the volume contained in a cup/glass from the digital image [8]. In this context, the application of
artificial intelligence and computer vision to foods or liquids and their containers opens new perspectives to improve and standardize
size/volume information and food components’ intake.

This problem in determining dietary intake may be particularly critical in the case of wine. A light-to-moderate consumption of red
wine is one of the characteristics of the Mediterranean diet [9], probably one of the most widely evaluated and recommended dietary
patterns [10]. Evaluation of the Mediterranean-diet adherence in epidemiological and observational studies through FFQs is partic-
ularly inaccurate, as a portion (glass of wine) consumed is standardized to 100 mL, which does not always correspond to real situations.
Moreover, depending on the type of glass (container), wine consumption may be wrongly estimated because of inaccurate information
on volume [11,12]. Accurately measurement of wine intake is a fundamental step to estimate bioactive wine components’ intake (i.e.,
polyphenols) that could be associated with health outcomes [13].

As a first approach to solve the automatic liquid volume estimation challenge, a deep learning (DL) method to measure the red wine
volume in a glass from a single-view RGB (Red, Green and Blue) photograph, without any size reference object, was proposed in a
previous study [14]. In this former work, the algorithm was trained with laboratory photographs from the BrainGut WineUp labo-
ratory images dataset [15], as a first approximation albeit far from real conditions. The DL method achieved a mean absolute error
(MAE) of 8 mL and was successfully validated under different image conditions taken at laboratory scale [14].

From this previous algorithm [14], in the present study we have developed a refined DL model to determine red wine volume in a
glass from a single-view photograph, and present its real application based on an ad hoc consumer study, as a proof of concept. The
main contributions of this work are: (1) creating and releasing an independent dataset of images, showing different glass containers
with annotated red wine volumes, captured by the authors in everyday situations (the BrainGut WineUp daily lifelike images dataset)
[16]; (2) fine-tuning the previous DL laboratory model with this new dataset following a transfer learning approach; (3) collecting
dataset of images taken by the participants of a red wine consumer study (the BrainGut WineUp real images dataset) [17]; (4) evaluating
the applicability of the proposed fine-tuned DL method on the real images taken in the consumer study; (5) providing accurate data
about red wine volume in a glass (volume per serving) and wine consumption habits of the participants in the consumer study. Overall,
this paper shows on a real validation dataset that the volume of red wine in a glass can be predicted from a single-view image through
artificial intelligence approaches. The refined DL model together with the web application developed in this paper is suitable as a
simple and effective automatic monitoring tool for red wine consumption, and therefore, for wine components intake.

2. Materials and methods
2.1. Consumer data

A web application by the name of ALIMENTA365 (https://alimenta365.csic.es/) was specifically designed and created to gather
information about red wine consumption habits and to collect real photographs of wine intake. When a participant in the study first
accessed the web application, they were asked to register and complete a questionnaire on their wine consumption habits (Supple-
mentary Table 1). Once the questionnaire was completed, the participant received an email with a password to access the web platform
and upload their photographs. Participants also received by post a 300 mL volume measuring glass with graduated markings at 25 mL
intervals to accurately measure the red wine volume served in their glasses before their intake. The web application included a video
tutorial for taking and uploading photographs, indicating the optimum distance and angle from the camera to the glass. The tutorial
also asked participants to avoid including people as well as other containers (such as glasses, cups or bottles) different from their wine
glass in their photographs.

Before uploading the photograph, participants ticked the right option corresponding to the type of wine (Young/Crianza/Reserva),
the volume measured (50 mL/75 mL/100 mL/125 mL/150 mL/175 mL/200 mL/225 mL/250 mL/275 mL/300 mL), the type of glass
used (balloon wine glass/Bourgogne wine glass/Bordeaux wine glass/Chardonnay wine glass/wine tasting glass/coffee glass/water
glass/short rock glass/rock glass/others), and the time of consumption (Lunch/Dinner/Outside meals) (Supplementary Table 2). Once
the photograph was uploaded (to the cloud storage system of the Institute of Physics of Cantabria, IFCA), the participant received a
message confirming that the process had been successfully completed.

For this red wine consumer study, participants were recruited from the general population after advertising on social networks
through the Institute of Food Science Research (CIAL, Madrid, Spain) Communication Unit. To participate in the study, volunteers had
to be over 18 years of age and wine consumers, including both sporadic and regular wine consumers. Participants were asked to upload
photographs of all wine servings during 3 weeks, starting from the day they uploaded their first photograph. Throughout this period,
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volunteers received a weekly follow-up email. At the end of the 3 weeks and for their own information, participants received a report
with details of their wine consumption, including daily estimation of sugar, alcohol, calories, and polyphenol intake from their red
wine consumption. The study was approved by the Ethics Committee of CSIC (Madrid, Spain) (Approval number 081/2021) and
guaranteed the participant’s data protection.

A total of 38 volunteers (20 men and 18 women) participated in the study (Supplementary Table 3). This population group ranged
from 18 to 80 years, with the majority between 46 and 65 years old (60.5 %) (Supplementary Table 3). It was also characterized by a
high level of education (71.1 %), a professional occupation in the Administration (47.4 %) or the private-sector business (23.7 %)
(Supplementary Table 3).

2.2. Image datasets

Two independent datasets comprising images of different format of glasses containing red wine were considered to develop and
evaluate the refined DL model that is presented in this paper: i) the BrainGut WineUp daily lifelike images dataset [16] which contains
photographs taken by members of our research groups under real conditions and situations, and ii) the BrainGut WineUp real images
dataset[17]1[17] which consists of photographs taken by wine consumers in their daily lives.

BrainGut WineUp daily lifelike images dataset. This dataset was specifically designed and created to fine-tune the previous DL model
[14]. The dataset included 1945 photographs that were taken by members of our research groups in lifelike situations to imitate
consumers’ photographs [16]. Three commercial red wines representative of young, “crianza” and “reserva” wines were selected to
take the photographs. For each wine, the same flowchart was followed, as represented in Supplementary Fig. 1. Photographs were
taken indoors and outdoors considering the following fields:

@ Type of glass (n = 9): balloon wine glass, Bourgogne wine glass, Bordeaux wine glass, Chardonnay wine glass, wine tasting glass,
coffee glass, water glass, short rock glass, and rock glass (Supplementary Fig. 2). The wine tasting glass shape used is the wine glass
with specifications defined (ISO 3591:1977).

@ Volume of wine (n = 7): 50, 75, 100, 125, 150, 175, 200 mL. Measurements were done using a test tube with +0.5 mL precision.

@ Object angle (n = 2): upper (0, 300), central (00).

BrainGut WineUp real images dataset. This dataset contains 229 real photographs that were taken by 38 volunteers who took part in
the consumer study [17]. This dataset was used to perform an independent test of the developed DL model, as well as to evaluate the
quality of participants’ photographs. For each photograph, participants had to fill in the following fields:

@ Type of wine (n = 3): “joven” (young wine), “crianza” (after short oak wood-aging) and “reserva” (after long oak wood-aging)
wines.

@ Type of glass (n = 10): balloon wine glass, Bourgogne wine glass, Bordeaux wine glass, Chardonnay wine glass, wine tasting glass,
coffee glass, water glass, short rock glass, rock glass (Supplementary Fig. 2), and others.

@ Intervals for the allocation of the measured wine volume (n = 11): 50, 75, 100, 125, 150, 175, 200, 225, 250, 275 and 300 mL.
Measurements were done using a beaker with £25 mL precision.

2.3. Model training and validation

We followed a transfer learning approach [18] to fine-tune our previous convolutional neural network (CNN) laboratory model
[14]. This pretrained laboratory model was firstly loaded to optimize the learning task. Then, we trained the last layers of our model
with the daily lifelike photographs. We separated 96 % of them for training (1867 images), 1.4 % for validation (28 images) and 2.6 %
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Fig. 1. Proposed CNN architecture for wine volume estimation. The numbers indicate the shape of the input images and the size of the final layers
that result in the prediction.
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for testing (50 images). We employed most of our images for training because further testing was going to be performed with con-
sumers’ photographs (real images dataset). In addition, we used early stopping to prevent overfitting. Thus, our model was trained
until the validation loss failed to improve for 10 consecutive epochs.

The DL architecture utilized in this follow-up study to accurately measure wine volume is illustrated in Fig. 1. In brief, the proposed
CNN architecture was pre-trained in the previous base laboratory Xception model [14], which consisted in several convolutional
layers, subsequently connected with a global average pooling layer to the last fully connected layers, which were fine-tuned with the
daily lifelike dataset training photographs. The model was trained with a GPU Tesla V100-PCIE-32GB using Keras and TensorFlow
[19]. The code used in this study is publicly available [20].

Our model was evaluated on two independent tests: the subset of daily lifelike images (n = 50) and the real images dataset (n =
229). The later dataset served to perform an independent unbiased validation of our DL method, to test if the model was able to
generalize to new non-optimal scenarios with different photographic cameras and lightning states.

2.4. Statistical analysis and interpretability saliency maps

To assess the performance of our new refined DL model, we evaluated wine volume predictions with the following regression
metrics: Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE), as previously proposed [14]. We further evaluated the
performance of the model for the different wine volumes available using violin plots and box plots. This statistical analysis was carried
out using scikit-learn library [21] in Python 3.8.6.

The wine volume per serving recorded by the participants in the consumer study (real data) was compared with the values esti-
mated by the novel DL method by a paired t-test. The differences in the wine volume per serving among individuals, time of con-
sumption, type of wine, and type of glass were analyzed by the ANOVA test. The differences among gender and two types of glasses
(balloon wine glass and short rock glass) were analyzed by the t-test. These statistical analyses were carried out using the program
Excel of Microsoft Office plus 2019.

Interpretability saliency maps were computed to evaluate in which areas of the image the DL model was focusing to perform the
wine volume predictions [22]. We assessed both gradient saliency and integrated gradients, following the same approach as in Cobo
et al. [14].

3. Results
3.1. DL model evaluation

Table 1 depicts values of the regression metrics MAE (Mean Absolute Error) and RMSE (Root Mean Squared Error) for all the sets
that were considered in this study: train, validation and test sets which come from the daily lifelike images dataset, as well as the real
images dataset. Values for MAE and RMSE of our fine-tuned DL system in the testing subset (10 and 13 mlL, respectively) were
considered acceptable, indicating that the model was successfully optimized with the daily lifelike images. Supplementary Fig. 5 shows
violin plots for the predictions of each wine volume values available in the daily lifelike images dataset.

To detect those parts of the image in which the model focused the most to make the wine volume estimation, saliency maps were
evaluated for randomly selected sample test images. As an example of the daily lifelike images dataset, Fig. 2 depicts gradient saliency
(also known as vanilla gradient) and integrated gradients both in its standard and smoothed version. Even though the glass container
was partially covered by a finger, the DL model performed an adequate estimation, with 11 % relative error (Fig. 2).

Values for MAE and RMSE of our fine-tuned model in the real image dataset (participants’ images) were slightly higher (26 and 33
mL, respectively) than in the daily lifelike image dataset (Table 1). Supplementary Fig. 6 shows violin plots for the predictions of each
wine volume value available in the real images dataset. Additionally, we evaluated the percentage of photographs that were predicted
with an error similar or higher than the precision of the beaker that was used to measure the volume (+25 mL). Thus, it was calculated
that the wine volume in 91 out of the 229 images (39.7 %) was given with an error >25 mL.

As an example of the wide variability in wine volume estimation accuracy among consumers’ images (real image dataset), Fig. 3
depicts saliency maps of photographs with various relative error percentages, which were attributed to different circumstances. Fig. 3A
depicts saliency maps of a participant’s image for which the model performed a very precise estimation (125 mL measured vs 125 mL
estimated). In this case, the dark background behind the glass of wine was having a minor impact on the prediction. However, in other
participants’ images, background seemed to have a stronger impact on the prediction, especially when participants included other
glass objects, even though they had specifically been advised to avoid them in their pictures, that induce a higher relative error in the

Table 1
Performance metrics (MAE and RMSE) evaluation for wine volume predictions with our DL model in daily lifelike images dataset (train, validation
and test) and real images dataset.

daily lifelike images dataset real images dataset
b:
Subset Train Validation Test Test
Images (n) 1867 28 50 229
MAE (mL) 5 14 10 26
RMSE (mL) 7 20 13 33
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Fig. 2. Standard and smoothed saliency maps for daily lifelike image with a glass containing 125 mL of red wine. Estimated volume was 111.7 mL,
(11 % relative error). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 3. Standard and smoothed saliency maps for real images: A) Glass containing 125 mL of red wine with an estimated volume of 125 mL; B) Glass
containing 125 mL of red wine with an estimated volume of 100 mL (25 % relative error); C) Glass containing 100 mL of red wine with an estimated
volume of 141 mL (41 % relative error); D) Glass containing 175 mL of rosé wine with an estimated volume of 132 mL (25 % relative error); E) Glass
containing 75 mL of red wine with an estimated volume of 114 mL (52 % relative error); F) Glass containing 150 mL of red wine with an estimated
volume of 102 mL (32 % relative error). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version
of this article.)

estimation (Fig. 3B, relative error 25 %, 125 mL measured vs 100 mL estimated). In a few cases, participants did not seem to have
followed the instructions indicated in the web application, because their photographs were taken at close distances/bad angles, such is
the case in Fig. 3C (41 % relative error). In another example, the participant took a photograph of a glass filled with rosé wine instead of
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red wine, as depicted in Fig. 3D (25 % relative error, 125 mL measured vs 100 mL estimated), although the DL model was capable of
predicting the volume for this new type of wine quite accurately, which could open up new applications of the model to other type of
wines. In addition, in our visual inspection, we also detected possible error sources in the volume selected through the web application
by the participant when the photograph was uploaded; this seemed to be the case in Fig. 3E (52 % relative error). Finally, there were
also some photographs in which the participant used a different type of glass that the model had not seen before, this is the case in
Fig. 3F (32 % relative error).

3.2. Assessment of individual wine consumption from the consumer study

In addition to the evaluation of the fine-tuned DL model, we analyzed the information collected about individual red wine con-
sumption from the consumer study (real image dataset). The number of photographs (glasses of wine consumed) uploaded by each
participant during the period of 3 weeks that lasted the study, varied between 17 and 1, with a mean of 6 photographs per participant
(Supplementary Fig. 3). With regard to the time of red wine consumption, we observed that individual wine consumption mostly took
place during the meals (lunch and dinner), with much less wine consumption outside mealtimes (Supplementary Fig. 4A). Of the three
types of red wine consumed, the “crianza” wine was the most frequently consumed (Supplementary Fig. 4B). With regard to the type of
glass used for the consumption, a considerable diversity was observed, although the Bordeaux type was the most frequent (Supple-
mentary Fig. 4C).

Fig. 4 shows the distribution of the volume in a service (glass) estimated by our DL model from the photographs taken by the
participants (n = 229) (real image dataset) in comparison with the volume directly measured by the participant using the graduated
beaker. No significant differences (p = 0.253) between both variables were found by applying the paired t-test. The average volume in
a service (glass) calculated from the estimations of our DL model was 116 + 29 mL of red wine, close to the average of the volume
measured by the participants (114 + 33 mL of red wine).

The design of this consumer’s study also allowed us to assess the influence of different factors in the volume of red wine served in a
glass, such as individual, gender, time of consumption, type of wine, and type of glass (Fig. 5). As expected, significant (p = 0.000,
ANOVA test) variability among individuals was observed in the volume of red wine in a service, from 50 to 275 mL (Fig. 5A). It should
be noted that we suspected a possible upward error in the labelling of the only 275-mL-image, as also indicated by the volume esti-
mated by our method (176 mL) (Supplementary Fig. 7). In relation to gender, in our study, no significant differences (p = 0.881, t-test)
were found between male and female participants, although male participants showed wider variation intervals (Fig. 5B). No statistical
differences were either observed in relation to the time of consumption (p = 0.383, ANOVA test) or the type of red wine (p = 0.446,
ANOVA test) (Fig. 5C and D, respectively). No statistical differences for the type of glass were observed in general (p = 0.235, ANOVA
test). However, when the larger capacity glasses were used (i.e., balloon wine glass), the tendency was to serve higher volumes of wine
than when smaller capacity containers (i.e., short rock glass) were used (p = 0.003, t-test) (Fig. 5E).

The consumer’s questionnaire included in the application web also allowed us to discover other qualitative information related to
red wine consumption preferences. With regard to the frequency of red wine consumption, this was mainly between one or two days
per week, following the same trend in men and in women (Supplementary Table 3). It should be noted that men reported drinking more
frequently than women. The type of consumption, in all cases, was higher at weekends and the number of drinks was mostly around
1-2, with an increase in the percentage of 3-4 drinks in men (Supplementary Table 3). Both beer and other beverages were generally
consumed occasionally, with beer consumption being higher (Supplementary Table 3). With regard to the circumstances of red wine
consumption (time and place), the preferred consumption was at home; women were more likely to drink at home and at dinner, while
men showed no clear preference (same percentage at home and away from home, as well as at lunch and dinner) (Supplementary
Table 3). Around 78 % of the male participants in the study said that they never consumed low-alcoholic wine, compared to 41 % of the
women, therefore, the results seem to point out a higher consumption of low-alcoholic wine by women (Supplementary Table 3).

When choosing red wine, the preferred factors, in descending order, were Denomination of Origin > Grape variety > Enjoying good
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Fig. 4. Box plots of the volume of red wine in a service (glass) (n = 229) (real image dataset): A) real values, directly measured by the participant
using the graduated glass, and B) values estimated by our DL model from the photographs taken by the participants. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 5. Box plots of the volume of red wine in a service (glass) (n = 229) according to: A) participant, B) gender, C) time of consumption, D) type of
wine, and E) type of glass. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)

food > Wine production area (Supplementary Table 3). Women seem to take more into account the region than men, while around 17
% of the men surveyed were concerned about health when choosing wine, compared to 0 % of women (Supplementary Table 3). The
general trend in wine-related activities was very similar for both men and women, with a predominance of purchases in supermarkets,
followed by online purchases and tasting courses (Supplementary Table 3). Finally, with regard to knowledge of the world of wine, a
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higher percentage of men (58.8 %) looked at the information on the label compared to women (35.3 %) (Supplementary Table 3).
4. Discussion

Nowadays, the collection of data on beverage consumption patterns, particularly alcohol (ethanol) intake, is a sensitive topic in the
field of public health. In fact, different epidemiological studies consistently found that light and moderate wine drinkers in the
framework of the Mediterranean Diet seem to be at lower risk for cardiovascular disease (CVD) than non-drinkers, whereas heavy
drinkers are at the highest risk [23]. In these circumstances, accurate measurements are needed to clearly establish what a light and/or
moderate drinker is. The estimation of wine consumption through FFQs is particularly inaccurate, as a portion (glass of wine)
consumed is standardized at 100 mL, which does not always correspond to reality.

Based on these limitations, in this paper we propose a strategy to estimate the red wine volume in a glass from a single-view image.
For that, we have followed a previous strategy [14] based on regression CNNs. In fact, most of the known Image-Based Foo-
d-Recognition Systems have also adopted DL methods and especially CNNs in at least one phase of their development [24].

One of the first achievements of the present study was the generation of a public dataset of images of red wine consumption in
lifelike situations (the BrainGut WineUp daily lifelike images dataset) [15]. This is a free red wine glass labelled-image dataset composed
of 1945 images that could be useful in future applications and modelling by the scientific community working in the field of wine
components. In this line, one example of recently-published dataset related to whole food images and created for research studies in the
field of nutrition was reported by [25]. In our study, the BrainGut WineUp daily lifelike images dataset allowed us to fine-tune the
previous DL model [14] following a CNN architecture, typical of computer vision tasks. This architecture has been widely used in deep
learning, together with transfer learning [24,26], particularly in image classification and recognition tasks. The evaluation of the
enhanced deep learning model using images from the daily lifelike dataset demonstrated reliable and accurate wine volume pre-
dictions (MAE = 10 mL and RMSE = 13 mL). These values were comparable to those reported for the previous DL model constructed
with laboratory images (8 and 11 mL, respectively) [14]. Therefore, the initial laboratory model was successfully optimized, achieving
performance in real life images comparable to the laboratory images, while requiring significantly fewer images due to the application
of the transfer learning approach. To our knowledge, this is the first validated digital-based method for determining wine volume from
single-view images. Among other advantages, this new model only requires one photograph to be taken (single-view images) and no
reference object, which will significantly facilitate its future use [7].

The proposed deep learning (DL) method was specifically fine-tuned for red wine images, demonstrating its effectiveness in directly
measuring wine volume from a single-view image. However, as evidenced in Fig. 3D, it also yields adequate results with rosé wine.
Applying the method to other types of wine and beverages would involve fine-tuning the model to some extent, depending on the level
of accuracy required for the task.

In parallel, we carried out an ad hoc consumer study via web service that allowed us to generate a new images dataset (the
BrainGut WineUp real images dataset) with which the new model was also tested. In this case, wine volume predictors showed higher
values (MAE = 26 mL and RMSE = 33 mL), under or over-reporting in relation to “real” wine volume measured. In order to explain this
finding and identify possible errors in real images, visual inspection was undertaken to evaluate the quality of participants’ images.
The relatively higher error observed was reasonably expected as photographs were taken by consumers in everyday situations without
paying special attention to the indications that were given to them in the web application for taking the photographs. Moreover, the
most common errors detected were related to the presence of additional objects, the distance/angle at which the photographs were
taken or the use of rosé wine instead of red wine, although the error detected in this specific case was lower than in the other situations.
Another plausible cause that could explain the high percentage of misestimated photos was the fact that the participants approximated
the volume measured in the beaker to specific markings with 25 mL intervals (50, 75, 100, 125, 150, 175, 200, 225, 250, 275 and 300
mL) that were pre-set in the web application. In contrast, for the generation of the “daily lifelike” images, glasses were filled with
volumes measured by test tube (+0.5 mL precision) at 25 mL intervals, which led to a higher precision in the estimation (Supple-
mentary Figs. 5 and 6). Indeed, this is an aspect of the present work that should be improved in future studies in which participants
would be asked to annotate the exact measured volume without using pre-set markings. Therefore, for future studies, we recommend
including more detailed instructions for the photograph setting and allowing the participants freely set the volume; we believe that
both changes would improve the accuracy of the wine volume estimation by the developed DL model.

The consumer study carried out via web service also provided valuable data about wine volume in a glass (volume per serving) as
well as data about a pilot study on the intake of red wine components, which is another contribution of this paper. The average volume
in a service (glass) from the 229 photographs taken by the 38 participants was 114 £ 33 mL of red wine, lower than the average volume
reported in a study in the Netherlands carried out with 141 participants (131.7 mL) from 392 measurements of red wine servings [27].
Multiple factors would explain differences among studies, but, in any case, all findings suggest that the standardization of 100 mL per
wine serving considered in many dietary recordings might be slightly underestimated and, in some dietary patterns, this may lead to
non-accurate conclusions.

Among the factors considered in this study to affect the volume of red wine served in a glass (Fig. 5), only the type of glass seemed to
influence this wine consumption’s characteristic. Concretely, the balloon wine glass (largest capacity glass) tended to lead to greater
servings than the short rock glass (smallest capacity glass) (Fig. SE). Although there are not many studies in the literature to compare
with, a study focused on wine consumption at home [12] found that households consumed on average 6.5 % less wine when drinking
from smaller glasses (290 mL) than from larger (350 mL) wine glasses. In a laboratory study [28], the authors also found significantly
lower volumes when wine was self-served in small and medium glasses in comparison to large glasses. In relation to gender, some
authors [29], in an experiment of water and red wine-pouring, found that men tended to pour more liquid into the glasses than women,
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a factor that was weakly appreciated in our study.

Collection of daily wine intake through digital-based methods such as the one developed in the present study would allow accurate
estimation of the dietary intake of alcohol and other beneficial components, as polyphenols, coming from wine consumption. This is of
great interest in the context of the Mediterranean diet, which is probably one of the most widely evaluated and recommended dietary
patterns to maintain health that includes a light-to-moderate consumption of red wine [9]. For example, a daily intake of 114 mL of red
wine -the average value for a wine serving found in this study— would provide 80.9 Kcal (71 Kcal per 100 mL of red wine), 0.342 g of
sugars (0.3 g per 100 mL or red wine), 11.2 g of alcohol (12.5° of ethanol per 100 mL of red wine) in the diet. Concerning wine active
phytochemicals (i.e., polyphenols), a red wine serving of 114 mL would provide a total of 137-342 mg of total polyphenols if a
concentration of 1.2-3.0 g per litre of wine is considered. Moreover, and considering an average value for daily polyphenol intake of
1011 mg/day in Mediterranean countries (such as Spain) [30], a red wine serving of 114 mL would represent the 14-34 % of dietary
polyphenol intake, depending on the polyphenol richness of the wine. These data should be taken into account when, for example,
making dietary recommendations to specific groups.

In practice, the use of an automated algorithm for diet monitoring such as the one developed in this study, either by researchers,
dietetics and general public, requires its implementation in mobile phone applications [31]. In this sense, the present DL model will be
the basis of a forthcoming app that will allow us to estimate the volume of wine from a photograph using the mobile phone.

In summary, this study reports the development of a new refined DL model for the volume estimation of red wine in a glass, with the
findings demonstrating the performance and feasibility of this model in a small cohort of red wine consumer adults. The proposed DL
model constitutes a simple and effective automatic tool to measure red wine volume and overcomes general drawbacks of conventional
food frequency questionnaires, where liquid measurement is subjective and imprecise, as it relies on participant’s recall. Moreover,
when integrated with the web application utilized in this study, the developed deep learning model facilitates the estimation of wine
component intake and its association with health outcomes. In the future, these imaging and computational technologies could be
further extended to other foods, offering diverse applications in food science and nutrition.
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