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ABSTRACT Leading a healthy lifestyle significantly reduces the risk of developing Non-Communicable
Diseases (NCD). However, defining and monitoring healthy eating behaviour depends on multiple factors
and usually requires the intervention of experts. On the other hand, nowadays millions of images are
shared on social media and web platforms. In particular, many of them are food images taken from a
smartphone over time, providing information related to the individual’s diet. Consequently, exploiting
recent advances in image processing and Artificial Intelligence (AI), this scenario represents an excellent
opportunity to: i) create new methods that analyse the individuals’ health from what they eat, and ii) develop
personalised recommendations to improve nutrition and diet under specific circumstances (e.g., obesity or
COVID). This article introduces the AI4Food-NutritionFW, a framework that facilitates the creation of
food image datasets tailored to configurable eating behaviours. The framework considers various aspects
such as region and lifestyle, simulating a user-friendly scenario where individuals capture food images
using their smartphones. The study also presents a novel food image dataset comprising 4,800 diverse
weekly diets from 15 distinct profiles, ranging from healthy eating habits to unhealthy ones. Finally,
we evaluate the healthy eating behaviours through a score based on the Normalised Mahalanobis Distance
(NMD), achieving promising results (99.53% and 99.60% accuracy and sensitivity, respectively). We also
release to the research community a software implementation of our proposed AI4Food-NutritionFW
(https://github.com/BiDAlab/AI4Food-NutritionFW) and the mentioned food image dataset created with it.

INDEX TERMS AI4Food-NutritionFW, eating behaviors, food diet, food images, personalized nutrition,
synthesis.

I. INTRODUCTION
The World Health Organization (WHO) estimates that
1.9 billion adults have overweight and more than
600 million of these are obese. As a consequence, many
Non-Communicable Diseases (NCD) such as diabetes,
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cardiovascular, or autoimmune diseases will shortly appear
among a significant percentage of the global population [1].

Nowadays, meals are composed of a wide range of
ingredients and balancing them to reach a healthy diet
is a complex and time-consuming task. One solution for
generating healthy diets is to follow dietetics guidance
from several national and international organisations like
nutritional pyramids [3]. However, these are usually general
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FIGURE 1. AI4Food-NutritionFW framework. First, we define the general and food group parameters of our framework to model eating behaviour
configurations. Then, by modifying previous parameters, we can define different profiles. Finally, with the help of the AI4Food-NutritionDB [2], we can
generate food image datasets with different eating behaviours, selecting the number of subjects and profiles as desired, or creating new ones.

recommendations to the majority of the population and they
do not consider individual aspects. Personalised nutrition is
expected to be one of the greatest revolutions in this era,
thanks in part to the latest advances in Artificial Intelligence
(AI). This new trend considers user-specific characteristics
like anthropomorphic measures (height, weight, and body
composition), genetic factors, gender, personal preferences,
physical activity, etc. [4], together with some kind of general
knowledge or model, to derive user-specific models [5] using
statistical approaches or machine learning [6].
Personalised nutrition enables individuals to follow health-

ier lifestyles and prevent diet-related chronic diseases. As a
result, recommendation systems based on healthy diets have
recently emerged due to the integration of personalised meth-
ods and automatic tools [7]. However, these recommendation
systems do not usually provide an evaluation of the food
consumed and the user typically has no feedback about
their eating behaviours. To overcome these limitations, many
studies in the literature have evaluated different healthy
quality metrics with again important limitations: some are
very simple tools considering dietary recommendations and
others are quite complex requiring in-depth analysis of
both micro- and macro-nutrient intakes [8]. Still, there
are no satisfactory approaches that consider comprehensive
information about the user’s eating habits in a user-friendly
way and give recommendations to improve the user’s health.

On the other hand, over the last decades, a large amount
of food-related data have been generated with the use of
the internet and smartphones. As a consequence, millions
of food images, recipes, cooking videos, and food diaries
have exponentially been spread [9], [10]. In addition, new
methods such as Automatic Dietary Monitoring (ADM),
which uses on-body sensors, have emerged, but existing
methods remain inefficient and complex, and require specific
sensors [11], [12]. Instead of them, user-friendly scenarios

based on the acquisition of food images through our
personal smartphones can provide reliable feedback on
eating behaviours. Several food image databases have been
recently released and used for different tasks comprising food
retrieval, detection, or recognition, among others [13], [14].
However, despite the popularity of large-scale food image
databases, it is noteworthy that there are not any studies
to date that provide a useful large-scale image database
containing multiple longitudinal eating behaviours, i.e.,
images of the food consumed along the days for different
realistic lifestyle profiles.

This article advances within our interdisciplinary AI4Food
project [15], which intends to break the limits of current
personalised health technologies. As a first step, we presented
in [2] our AI4Food-NutritionDB, the only existing database
including food images aimed at AI research and personalised
nutrition which is balanced and labelled according to a
nutritional taxonomy.

The main contributions of this article are:
• Proposal of AI4Food-NutritionFW, a framework for the
creation of food image datasets according to config-
urable eating behaviours. The framework simulates a
user-friendly and widespread scenario where images are
taken using a smartphone. Fig. 1 provides a graphical
representation of the framework.

• The first longitudinal food image dataset existing in
the literature aimed at AI-based personalised nutrition
research, generated as an example of the use of our
proposed AI4Food-NutritionFW. The dataset includes
4,800 different weekly eating behaviours from 15 dif-
ferent profiles and over 1,200 subjects. Note that we
incorporate as a novelty the longitudinal aspect with
respect to previous studies in the literature such as [2].
Specifically, we consider profiles that comply with real
lifestyles from healthy eating behaviours (according to

112200 VOLUME 11, 2023



S. Romero-Tapiador et al.: AI4Food-NutritionFW

established knowledge), variable profiles (e.g., eating
out, holidays), to unhealthy ones (e.g., excess of fast
food and sweets).

• Proposal of an automatic healthy index of the subject’s
eating behaviours using multidimensional metrics based
on established guidelines for healthy guidelines.

• Public release of our proposed AI4Food-NutritionFW
to the research community1. As this is a configurable
framework, researchers can now build their own food
image datasets based on their own preferences, and
research objectives, including more subjects and new
eating behaviours profiles.

The remainder of the article is organised as follows:
state-of-the-art studies related to food recommendation
systems and diet quality indicators are presented in Sec. II.
Sec. III describes AI4Food-NutritionFW, the framework
implemented in our study. Then, the proposed food image
dataset and experiments carried out in terms of healthy index
evaluation are explained in Sec. IV and Sec. V, respectively.
Then, limitations and challenges of the proposed work are
presented in Sec. VI, and finally, conclusions and future
works are described in Sec. VII.

II. RELATED WORKS
Several national and international organisations have pro-
posed different guidelines to improve public health. For
instance, nutritional pyramids indicate how to maintain
healthy and balanced eating behaviours alongwith a balanced
physical and mental condition. However, these pyramids are
usually specifics of each region and do not consider other
external aspects such as different types of food from all over
the world, dietary patterns, or lifestyles, among others.

To overcome these aspects, we presented in [2] an updated
version of the food pyramid based on the recommendations of
two national organisations - the United States Department of
Agriculture (USDA) and the Spanish Society of Community
Nutrition (SENC) - and different guidelines from the WHO
[16], [17], [18]. It is important to mention that these recom-
mendations are oriented to a daily frequency consumption of
basic food products (e.g., fruits or vegetables) and a weekly
frequency consumption (e.g., meat and fish). In addition,
we also released in [2] the AI4Food-NutritionDB database,
which considers food images and a nutrition taxonomy
based on recommendations by national and international
organisations.

We describe next state-of-the-art studies related to food
recommendation systems and diet quality.

A. FOOD RECOMMENDATION SYSTEMS
State-of-the-art food recommendation systems are normally
based on social population groups [19]. Some of them are
focused on diabetic individuals, e.g., in [20] the authors
implemented a system that was able to create personalised
meal plans based on individual requirements such as age,

1https://github.com/BiDAlab/AI4Food-NutritionFW

gender, or Body Mass Index (BMI). In addition, they used
fuzzy logic to recommend diverse diets including micro and
macro nutrients from all the food groups. Similarly, Ali et
al. proposed in [21] a system that determined an individual’s
diet from this health condition. This way the person had to
carry several Internet-of-Things (IoT) devices that monitored
different biological signals from the body to acquire this
data [22].

Diet is one of the most critical aspects of today’s society,
especially for young people. In particular, Hazman et al.
proposed a recommendation system that generated healthy
meals for children considering some personal characteristics
such as age, gender, or health status, among others [23].
On the opposite extreme, the elderly have today many
difficulties when planning a healthy diet or making healthy
food choices. Some studies demonstrated that this sector of
the population has several social and health problems due
to their food intake and, as a consequence, they presented
recommendation systems integrated into smartphones and
web platforms. For instance, SousChef provides an intuitive
environment for older people that generates customised
meals from personal information including anthropometric
measures, personal preferences, and physical activity [24].
NutElCare is another recommendation system that includes
healthy guidance supported by experts in nutrition and
gerontology [25].
Nutritional misinformation is also present in today’s

society and can be detrimental to the general population,
especially to those people who perform high-intensity
physical activity. In [26], Tumnark et al. implemented
an environment that recommended customised diets for
weightlifting athletes. They considered a nutritional ontology,
a food ontology, a sport profile provided by the user, and
different nutritional guidelines for athletes. Finally, many
smartphone applications have recently emerged. Most of
them calculate nutritional and caloric information from
the user’s food consumption, for instance, MyFitnessPal,2

MyRealFood,3 or Lifesum.4

To the best of our knowledge, the proposed AI4Food-
NutritionFW is the first framework for the creation of food
image datasets according to configurable eating behaviours.
In particular, we have defined 15 different profiles, con-
sidering healthy eating behaviours, variable profiles, and
unhealthy ones. Also, since it is a tunable framework,
in which researchers can build their own food image datasets,
including as many subjects and new profiles as desired.

B. DIET QUALITY
The term diet quality emerged in recent decades as the
nutritional community needed to somehow measure what
a healthy diet looked like. Some studies defined this
term as how well an individual is following the dietary

2https://www.myfitnesspal.com
3https://myrealfood.app/
4https://lifesum.com/
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recommendations of a particular diet. However, several
approaches to measure diet quality exist and the process to
standardise a common diet quality index is a complex task,
besides the fact that the quality directly depends on how
the diet is structured (e.g., Mediterranean diet, vegan diet,
gluten-free diet, etc.). Two different types of measurements
can be found in the literature in this regard [8]: i) traditional
approaches that are usually based on dietary compliance, and
ii) innovative approaches that consider some aspects such as
nutrient or energy density, calories, or even approaches based
on the inflammatory potential of the diet.

Among the different applications developed in this field,
markers for risk assessment, tools for health education,
or indicators for health assessment stand out. Specifically,
the latter (health assessment indicators), also known as
Diet Quality Indices (DQIs), are algorithms to assess the
individual’s diet based on their eating behaviours [27].
These algorithms usually utilise both traditional and inno-
vative approaches to create indicators from different dietary
methods such as food records, diet histories, or Food
Frequency Questionnaires (FFQ) [28]. For instance, the
Healthy Diet Indicator (HDI) is a measure that uses the
diet history of an individual [29]. In addition, the Healthy
Eating Indicator (HEI) is a measure based on nutrients and
foods that follows the US Food Guide Pyramid and Dietary
Guidelines for Americans [30]. However, both indicators
have some complex components to automatically calculate
such as the percentage of saturated fatty acids or the
cholesterol consumed in milligrams, and therefore, some
other indicators were created to use them easily. For example,
the Mediterranean Lifestyle Index (MEDLIFE) is a healthy
lifestyle index that comprises 28 components of different
eating and physical behaviour habits (e.g., the number of
servings per week of eggs, fruits, or fish) [31].
All previous studies have proposed different metrics for

health assessment from a manual user input, which can
be a tedious and time-consuming task. AI-based automatic
methods have recently gained popularity in food nutri-
tion due to the recent advances in technology and the
availability of large-scale databases related to food data.
At image level, these two factors have contributed to the
improvement of food detection [32], [33] and recognition
systems [34], [35], which are now integrated into various
computer programs and mobile applications [36]. These AI
models have demonstrated impressive performance on some
of the most challenging food image databases such as ISIA
Food-500 [37] or Food2K [38], specifically in terms of food
recognition. However, to the best of our knowledge, there are
no studies in the literature that have considered a complete
automatic analysis of the food diets or eating behaviours from
food pictures.

Preliminary approaches have focused only on calories
and volume estimation from food plates, calculating food
balances and levels of food consumption during meals [39].
These approaches lack comprehensive dietary assessment as

they only focus on individual meals. Others have explored
different acquisitionmethods, including food images, embed-
ded cameras, or even microphones to gather food data
[40], [41]. Again, these approaches may lack scalability and
accessibility for widespread use.

The present work provides an automatic assessment of the
individual’s eating behaviour from food images, simulating
a user-friendly scenario where images of the meal are taken
using a smartphone. As a result, the scenario aims to serve as
an accessible tool for the general population.We also propose
an automatic healthy index of the subject’s eating behaviour
using multidimensional metrics based on the guidelines
proposed by international organisations.

III. AI4FOOD-NutritionFW
This section explains in depth the proposed AI4Food-
NutritionFW, a framework for the creation of food image
datasets with configurable eating behaviour profiles. Fig. 1
graphically summarises our AI4Food-NutritionFW. First,
we define the general and food group parameters of the
proposed framework to model the different eating behaviour
configurations. After that, modifying previous parameters,
we can define different profiles. Finally, with the help of
the AI4Food-NutritionDB, we can generate datasets with
different eating behaviours, select the number of subjects and
profiles as desired, or even create new ones. All these tasks
are tunable, allowing researchers to build their own datasets
and include different configurations. The entire software
implementation was done in Python, ensuring accessibility
for all users.

A. EATING BEHAVIOUR CONFIGURATION AND PROFILE
CREATION
We initially define the parameters of the AI4Food-
NutritionFW to characterise the different eating behaviour
profiles. Specifically, we define 2 types of parameters based
on general and food-related aspects. First, we consider
6 general parameters that describe the structure of the diet,
and second, we provide a parameter for each food group
found on the nutritional pyramids (75 in total). Consequently,
all 81 parameters considered in this work must be configured
to define each eating behaviour profile. These parameters
determine the daily and weekly frequency intake of the food
products corresponding to the individual’s eating behaviour.
As guidelines from international organisations are based on
daily and weekly recommendations, we determine that all
diets must follow a 7-day diet, simulating a natural week.
We describe next the details of the general and food group
parameters.

1) GENERAL PARAMETERS
According to established knowledge, the daily intake should
be divided between 3 and 5 meals at regular times.
Nevertheless, these meals do not have the same amount of
food (normally, breakfast, lunch, and dinner have a higher
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TABLE 1. Description of the 6 general parameters of the
AI4Food-NutritionFW. They define general aspects of how the diet is
structured (number of subjects, meals, and main meals), region of the
subject, regularity of the diet, and the secondary profile in case of diet
irregularities.

proportion than between-meals snacks). Therefore, we define
two parameters that determine the number of meals and the
number of main meals, respectively. In addition, in order
to determine the food quantity of each meal, we consider
the approach in [2], where 7 different types of meals are
considered: main meal, appetizer, snack, dessert, side dish,
bread, and drinks.

All the general parameters are shown in Table 1. The rest
of the general parameters are the number of subjects of the
corresponding profile, the type of diet (healthy, unhealthy,
medium, or variable), the diet regularity that the profile tends
to have, the secondary profile (in case of irregularity diet), and
the subject’s region. This last parameter indicates the world
region where the subject is located and consequently, only
typical plates of the corresponding region (and international
ones) are used from AI4Food-NutritionDB (see Sec. III-B)
to feed the dataset. One general region (international) and
6 specific regions are considered: northern America; Latin
America and the Caribbean region; Europe; Africa and the
West of Asia; Central Asia; and East and Southeast of Asia.

2) FOOD GROUP PARAMETERS
These parameters define the intake frequency of the food
products during the diet. They are organised into 3 groups,
from general to specific ones: i) nutritional level (6 param-
eters), ii) category (13 parameters), and iii) subcategory
(56 parameters). Each group is directly related to the nutri-
tional levels, categories, and subcategories considered in [2],
respectively. In Table 2 we describe all the 75 food group
parameters considered. Each nutritional level parameter has
a unique colour, whereas food category parameters are
highlighted in bold. In AI4Food-NutritionFW, at least the
nutritional level parameters must be adjusted in order to
define a profile. Additionally, we also give the possibility to
the research community to generate more specific datasets
as desired, adjusting parameters related to the category and
subcategory. The parameters also follow a hierarchy in which
the most specific group has the highest priority, i.e., if a lower
hierarchical level parameter has been set, the framework will
consider these parameters and not those of higher levels for
the corresponding food products. Similarly, each parameter
can be dynamically adjusted by a daily or weekly frequency
according to the user’s preferences.

TABLE 2. Description of the 75 food group parameters considered in
AI4Food-NutritionFW. They define the range of values of the different
food groups and products that comprise the individual’s eating behaviour.

Finally, each parameter is then adjusted within a range of
values that define a new profile. A final value associated
with each parameter is randomly generated between each
range in order to differentiate subjects from the same profile,
and also to generate different eating behaviours. This task
requires a preliminary analysis from a general (comparison
among profiles) to a specific point of view to build a
reliable dataset. For instance, healthy eating profiles have
intake frequencies related to the healthy recommendations
and therefore, the parameters will be set according to these
guidances. In Sec. IV we provide examples of how we
adjust these parameters for the 15 eating behaviour profiles
considered in the dataset.

After determining the range of values that characterise
each profile, the next step computes the parameter values for
each unique subject. Random values within the possible ones
are then computed to obtain the frequency of each specific
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FIGURE 2. Visual examples from 2 different subjects’ eating behaviour. First, subject 0113 (top) has a healthy profile where food products such as rice,
fish, or vegetables enrich the diet. The second subject (subject 0574 - bottom), on the contrary, has an unhealthy profile with an abundance of food
products from the first nutritional levels such as sweets or fast food.

parameter, for instance, for a healthy profile with 50 subjects,
between 3 and 5 meals, and between 4 and 6 fruits per
day, the AI4Food-NutritionFW will be set to each subject a
unique value in these ranges. In addition, a balancing process
is then executed to have a realistic distribution of values:
as parameters are related to food groups and food intake
nutritional levels, each frequency is properly distributed
among weeks and days.

B. AI4FOOD-NutritionDB AND FOOD IMAGE DATASET
GENERATION
One of the main contributions of the proposed AI4Food-
NutritionFW is to simulate a real environment where people
take a picture of food images, providing information related
to their eating behaviours. This is done by automatically
selecting food images based on the chosen configuration
from a large pool of realistic and diverse images: the
AI4Food-NutritionDB database [2], the first database that
considers food images and a nutrition taxonomy based on
recommendations by national and international organisa-
tions, including four different categorisations: 6 different
nutritional levels defined in accordance to the food intake
frequency, 19 main food categories (e.g., ‘‘Meat’’), 73 food
subcategories (e.g., ‘‘White Meat’’), and 893 final food
products (e.g., ‘‘Chicken’’). As the food group parameters
of our proposed AI4Food-NutritionFW are directly related to
the food image database, a food image of the corresponding
group is randomly selected for each meal and day, recreating
a realistic situation. The world region is the only restriction
considered. Finally, this task is repeated among all the
subjects and profiles designed previously and, as a result,
a new dataset is generated.

C. CHALLENGES
Several challenges were faced during the development of our
proposed approach. One of the main challenges encountered
during the implementation of AI4Food-NutritionFW was
to ensure the availability of high-quality and diverse food

TABLE 3. Description of the different eating behaviour profiles
considered in the proposed dataset. In bold, we denote the main profiles
on which the other profiles of the same type are based on.

images that accurately represent different eating behaviours.
In this sense, the representation of some meals lacked a
real-life aspect. Also, the definition of eating behaviours
in a standardised manner proved to be challenging and
time-consuming due to the subjective nature of dietary habits.
This definition could not have been done properly without the
expertise of the nutritionists.

Furthermore, eating profiles may not fully represent the
entire population’s eating behaviours. The current implemen-
tation of the framework relies on a set of general and food
group parameters. To enhance the current framework in the

112204 VOLUME 11, 2023



S. Romero-Tapiador et al.: AI4Food-NutritionFW

FIGURE 3. Food image acquisition and eating behaviour analysis scenario: each food picture taken by the subject is stored over the course of the days
and then is passed through an automatic food recognition system. Then, an automatic module analyses all the food consumed in the last week and
finally, a Healthy Score that quantifies the subject’s eating behaviour is computed.

future, several factors, such as cultural, social, or lifestyle,
could be integrated into these parameters.

IV. PROPOSED FOOD IMAGE DATASET
To exemplify the use of our proposed AI4Food-NutritionFW,
we create and describe a food image dataset that includes
eating behaviours from 15 different profiles and 1,200
subjects. In addition, we define 4 weekly eating behaviours
per subject and, as a result, a total of 4,800 different eating
behaviours are generated. We consider the nutrition experts’
recommendations (from the AI4Food-CM project [15]) and
the study developed in [2] in order to create the different
profiles, and to balance the food quantity in eachmeal, among
other aspects. Specifically, we determine 15 profiles that
comply with real lifestyles from healthy eating behaviours
(i.e., according to established knowledge), variable profiles
(e.g., eating out, holidays), to unhealthy ones (e.g., sedentary
lifestyle and excess of fast food or sweets) as depicted in
Table 3.
From the 15 profiles created, we define 4 profile types

(in bold in Table 3) that denote main profiles on which
the other profiles of the same type are based. The Healthy
Profile type, in the first place, is directly related to
healthy recommendations (high intake frequency of food
products from nutritional levels 4, 5, and 6). The Unhealthy
Profile type is characterised by high consumption of low
nutritional quality food products (products from nutritional
levels 1 and 2). For instance, profiles 1.1 and 2.1 are
based on profiles 1 and 2, which correspond to healthy
and unhealthy profiles, respectively. However, these two
profiles are characterised by having a high alcohol intake.
The Medium Profile type comprises a balanced diet between
healthy and unhealthy profiles. Finally, the Variable Profile
type corresponds to those with irregular eating behaviours
among different weeks, representing different lifestyles such
as eating out or vacations. Profile 4.1, for instance, is a profile
that recreates subjects who have healthy eating behaviours,
but for some reason (holidays or similar), they have an entire

week of unhealthy eating behaviour (corresponding to the
25% time of the total diet).

In order to adjust the different parameters, we first set
the general ones. The number of meals is randomly selected
between 3 and 5 per day, and between 1 and 3 the number
of main meals, depending on each profile. For all of them,
we decide to include around 10 subjects per region (including
6 specific regions and 2 international ones) to finally have
a total of 80 subjects per profile. For variable profiles, the
regularity parameter is set and the secondary profile depends
on each scenario. For instance, profile 4.3 is based on a
75% unhealthy diet and a 25% healthy one (in this case, the
secondary profile parameter is set to healthy). Regarding the
food group parameters, we treat each profile individually,
e.g., healthy profiles have a higher intake frequency of
vegetables per day (between 2 and 4 in most cases) than
unhealthy ones (between 1-3 in most cases); on the contrary,
unhealthy profiles tend to eat more food products from
nutritional level 2 (between 2-7 per week) than healthy ones
(0-3 per week).

Some examples of the proposed dataset are shown in Fig. 2:
subject 0113 (top) has a healthy profile where food products
such as rice, fish, or vegetables enrich the diet; the second one
(subject 0574 - bottom), on the contrary, has an unhealthy
profile with an abundance of food products from the first
nutritional levels such as sweets or fast food.

In terms of computational complexity, generating this
dataset (15 eating profiles, 80 subjects per profile) required
a total of 4,36 hours (∼ 13.09 seconds per subject) on a
Windows OS with 32 GB of RAM and Intel i7 CPU.

V. EATING BEHAVIOURS: AUTOMATIC ANALYSIS
This section analyses the experiments performed in the
proposed food image dataset. Considering different eating
behaviours, we first automatically analyse how balanced
is each individual’s eating behaviour before evaluating its
healthy index using multidimensional metrics. It is important
to remark that both analyses consider one week’s diet since
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FIGURE 4. Visual analysis of two different diets. Daily average intake
frequency groups (in light grey) and weekly intake frequency groups (in
dark grey) are shown for each corresponding diet. In addition, each food
group is limited within an optimal range denoted in green. The first diet
(subject 0108 - above) corresponds to a subject who leads a healthy
eating behaviour, where the average intake frequency of the food groups
is in the optimal range. On the other hand, the second subject
(subject 0739 - below), corresponds to unhealthy eating behaviour, and
some intake frequencies fall outside the optimal range.

the international organisations’ guidelines follow a similar
procedure and therefore, we analyse all 4,800 different diets
generated (remember that each subject has a 4-week diet).

A. EATING BEHAVIOUR: PROPOSED METHOD
In order to distinguish subjects between healthy and
unhealthy eating behaviours, we analyse the subject intake
frequency of each main food group over time. As described
in Fig. 3, each food picture taken by the subject is stored over
the course of the days and then passed through an automatic
food recognition system. This system automatically detects
the main food group. An example of this can be observed
in our previous work [2], where we trained a state-of-the-
art Xception Deep Learning model [42] using the AI4Food-
NutritionDB database. Concretely, the proposed model is
based on Convolutional Neural Networks (CNNs) initially
pre-trained using the database ImageNet [43], which consists
of over 1M of images from 1,000 distinct classes.

In our model, the last fully-connected layer (FCL) of
the original Xception architecture is changed by an FCL

with 19 neurons, representing the main food categories. The
training process is carried out in two distinct phases. During
the first phase, all layers of the network except the FCL ones
are frozen in order to train the new FCLs for our specific task.
After that, convolutional and FCLs are trained together to
extract more discriminative features for the task. Both phases
are carried out for approximately 50 epochs using Adam
optimiser based on binary cross-entropy with a learning rate
of 10-3, β1 and β2 of 0.9 and 0.999, respectively. In addition,
training and testing are performed with an image size of
224×224. The model with the highest validation accuracy is
selected as the best-performing model. A complete analysis
of the food recognitionmodel was performed in [2], achieving
around 98% Top-5 accuracy when recognising the main food
group. The experimental protocol was executed with the aid
of an NVIDIA GeForce RTX 2070 Ti GPU, utilising the
Keras library.

Then, after the food recognition module, we can observe
our proposed eating behaviour analysis module. This is an
automatic module that evaluates all the food consumed by
the subject in the last week, and compares it with general
recommendations provided by international organisations
such as the WHO. In particular, the proposed method
considers: i) different main food groups, and ii) different
optimal intake frequency ranges for each of them, according
to general recommendations. Particularly, we consider three
daily food groups (fruits, vegetables, and cereals), and
six weekly food groups (meat, fish and seafood, eggs,
legumes, first-level products, and second-level products).
Fig. 4 provides examples of healthy and unhealthy profiles,
including the intake frequency of each food group (daily
groups are in light grey colour whereas weekly groups
appear in dark grey). Also, we highlight in green colour
the optimal ranges of each food group according to general
recommendations. As we can see in Fig. 4, for the healthy
profile (subject 0108), the intake frequency of each food
group is close to the optimal range, unlike the unhealthy
profile (subject 0739). This initial analysis indicates the
specific food groups that require better control to enhance
eating behaviour. For subject 0739, this involves increasing
fruit and legume intake while reducing the consumption of
cereals, meat, and first and second-level products.

B. HEALTHY SCORE
Finally, in order to obtain a score that quantifies the subject’s
eating behaviour, we compare the similarity of the subject’s
intake frequency of each food group with the optimal ranges.
This is carried out using a Healthy Score based on the
NormalisedMahalanobis Distance (NMD), whereNMD is the
[0,1] normalised value of the Mahalanobis Distance (MD).
This distance calculates the similarity between a vector xi
and a set of vectors represented by its mean x̄ and Covariance
matrix Cx as follows:

MDi =

√
(xi − x̄)C−1

x (xi − x̄)T , (1)
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FIGURE 5. A) Healthy Score based on the NMD applied to the subject’s diets from the proposed dataset. Healthy profile subject diets are marked in
green, unhealthy ones in red, and medium ones in orange. B) We also conduct an analysis of two diets that exhibit different eating behaviours compared
to their corresponding profiles. Specifically, we compare the food consumption frequencies of these diets with the optimal range. These two diets,
belonging to Subject 0074 (week 1) and Subject 0428 (week 3), are visually highlighted on the graph proposed by international organisations.
HS = Healthy Score.

where xi is a row vector of size 9 quantifying the 9 specific
intakes exemplified in Fig. 4 for subject i, x̄ is also a row
vector of size 9 with the mean for the optimal range σj for
each type of intake j = 1, . . . , 9, and Cx = σ T Iσ , where
σ = [σ1, . . . , σ9] and I is a 9 × 9 identity matrix. In our
proposed approach, as implemented in the formulation above,
x̄ and Cx values are obtained using the optimal ranges of
each food group (following healthy recommendations) as this
represents the ideal profile of healthy eating behaviour.

The final Healthy Score is then calculated through the
following equation:

Healthy Score = 1 − NMD (2)

As a result, Healthy Scores close to 1 mean healthy
eating behaviours whereas Healthy Scores close to 0 mean
unhealthy eating ones. For the automatic analysis, we con-
sider the 3 main profile groups of the proposed dataset
(12 different profiles) as depicted in Fig. 5: healthy profiles
(in green), unhealthy (in red), and medium ones (in orange).
The remaining profile (variable) is not used as it can have
a dynamic behaviour (from healthy to unhealthy diet) due
to its definition. As a result, 3,200 diets from 960 subjects
are analysed. Healthy profile subjects tend to have Healthy
Scores between 0.4 and 1, while the trend in unhealthy ones
goes to 0. Medium profiles are finally located between them
but closer to the unhealthy profile subjects, since they follow
a diet combining healthy and unhealthy food products.

Finally, it is possible to classify each eating behaviour by
applying thresholds to the values obtained in the Healthy
Score. This classification allows for determining whether an
eating behaviour is healthy or not. As depicted in Fig. 5, if we
set a threshold value of 0.36, Healthy Score values higher
than the threshold are treated as healthy diets, whereas values
lower than 0.36 are treated as medium and unhealthy ones.

The performance results achieved in terms of accuracy
and sensitivity are 99.53% and 99.6%, respectively. These
results prove the success of the proposed Healthy Score

TABLE 4. Confusion matrix obtained after applying our automatic Healthy
Score to the diets considered in the experiment. Healthy profile diets
(1280 total diets) are treated as healthy, and medium (640) and unhealthy
(1280) profile diets are treated as unhealthy (for a total of 1920 diets).

to automatically assess healthy and unhealthy diets. For
completeness, we include in Table 4 the confusion matrix,
providing an overview of the classification outcomes. As can
be seen in Fig. 5, some diets exhibit similarities to non-
corresponding profiles, for example, the case of Subject 0074
(week 1) and Subject 0428 (week 3). We analyse in detail
these two specific subjects in Fig. 5 (right), comparing
the actual values of each food category with the optimal
range values proposed by international organisations. Values
within the range are represented in dark grey, whereas
values outside the range are depicted in light grey. Notably,
Subject 0074 (week 1), corresponding to a healthy profile,
tends to have a diet more closely aligned with a medium
profile. In this particular case, only vegetables, eggs, and
second level products’ frequencies are within the range, while
others such as cereals or legumes deviate from the optimal
values. Conversely, Subject 0428 (week 3) is related to a
medium profile, but the corresponding diet is closer to healthy
profiles, as indicated by the Healthy Score of 0.41. Similarly,
the consumption frequencies of meat, eggs, and second level
products in the current diet fall outside the optimal range.

The proposed scenario (see Fig. 3) can be deployed in real-
time applications, primarily on smartphones. For example,
when a user captures a photograph using a mobile interface,
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the captured data can be sent to a remote server for processing
by the specified Deep Learning models. These models
are stored and operated on powerful computers or servers
equipped with dedicated GPUs. Consequently, the remote
server can perform food recognition and update the Healthy
Score of the current user. Finally, the updated Healthy Score
can be returned as feedback to the user. Using similar
capabilities of the mentioned computer (NVIDIA GeForce
RTX 2070 Ti GPU), the time elapsed from capturing the food
image to obtaining the final Healthy Score (via NMD) is
approximately 579.48 milliseconds, being possible to run it
in operational scenarios.

To summarise, this section proves: i) the potential of
user-friendly scenarios based on food pictures taken by
individuals in order to assess eating behaviours, and ii) the
quality of the proposed dataset for eating behaviours,
providing a large range of variability among subjects and
profiles.

VI. LIMITATIONS AND FUTURE WORKS
This section describes some of the limitations and challenges
of our proposed AI4Food-NutritionFW approach. First,
regarding the profile creation module described in Fig. 1,
it is crucial for the proper definition of the different eating
behaviour profiles and parameters to count on nutritionists.
So far, this is a manual and time-consuming process that
relies on expert knowledge to ensure accurate adjustments.
Nevertheless, future studies could be oriented to automatise
the definition of eating behaviours by exploring recent
techniques such as Large Language Models (LLMs), e.g.,
ChatGPT [44].
Focusing on the automatic eating behaviour analysis,

we are currently considering a controlled food image
acquisition in which the subject must take one picture of each
dish. Future approaches could consider more unconstrained
scenarios where subjects could capture all the food plates in
a single picture (e.g., main meal, appetizer, bread, dessert,
etc.). This would require to incorporate a food segmentation
module prior to the food recognition stage [45], [46].

Another future improvement is related to the Healthy
Score proposed in the present study. Currently, our proposed
approach is based on data related to eating habits from
meals. Future studies may be oriented to include wearable
devices in order to acquire other important user habits (e.g.,
biological and behavioural data). Information related to sleep
and physical activities, among others, together with the eating
behaviours analysed in the present work, can further enhance
the definition of our current Healthy Score.

Finally, to ensure data privacy preservation, ethical con-
siderations must be thoroughly addressed, especially due to
the potential inclusion of sensitive information. This may
include metadata (e.g., location, camera settings, software
information, etc.) or individuals’ appearance in images,
as well as user habits across different data points [47].
Protecting the privacy of such data requires careful attention
in line with ethical guidelines and regulations [48], [49].

VII. CONCLUSION
In conclusion, this article presents and makes public
a software implementation of the AI4Food-NutritionFW,
a framework for the creation of food image datasets according
to configurable eating behaviours. This framework considers
several aspects such as the region and lifestyle, and simulates
a user-friendly and widespread scenario where food images
are taken using a smartphone. The framework comprises the
eating behaviour configuration module, which allows for the
definition of general and food group parameters, the profile
creation module, and the generation of the food image dataset
module. This last module is supported by the AI4Food-
NutritionDB, the only existing database that includes food
images and a nutritional taxonomy. We also provide a unique
food image dataset that includes 4,800 different weekly diets
from 15 different profiles (from healthy eating habits to
unhealthy ones) and a total of 1,200 subjects.

We also assess the healthy index of the subject’s eating
behaviours using different approaches. First, we analyse the
subject’s intake frequency of each main food group over
time by using our automatic food recognition model, which
identifies and categorises the main food groups presented in
the food images. We finally evaluate each eating behaviour
using a Healthy Score based on the NMD, proving that a
healthy eating behaviour can be easily detected. Our findings
demonstrate the effectiveness of the Healhty Score, with
accuracy and sensitivity exceeding 99%.

AI4Food-NutritionFW offers a novel and practical
approach to promote healthier dietary choices. By automating
the evaluation of eating behaviours, individuals can receive
timely feedback and personalised recommendations, con-
tributing to a reduced risk of NCDs. AI4Food-NutritionFW
can be also integrated into several sectors including the food
industry, healthcare, and wellness services. For instance,
integrating our framework with the latest advances in
technologies such as wearable sensors, capable of monitoring
vital signs like heart rate, sleep activity, and physical
activity, among others, could offer substantial benefits in
reducing these diseases and enhancing dietary habits [15].
Additionally, the proposed framework serves as a valuable
e-health tool to both individuals and healthcare professionals
in fostering personalised nutrition and well-being.
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