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Abstract: Nowadays, food waste is seen as a complex problem with effects on the social, economic,
and environmental domains. Even though this view is widely held, it is frequently believed that
individual acts have little to no impact on the issue. But just like with recycling, there may be
a significant impact if people start adopting more sustainable eating habits. We suggest using a
cutting-edge convolutional neural network (CNN) model to identify food in light of these factors. To
improve performance, this model makes use of several strategies, such as fine-tuning and transfer
learning. Additionally, we suggest using the Selenium library to create a dataset by employing the
web scraping technique. This strategy solves the problem that many open-source datasets have with
the overrepresentation of foods from the Asian continent by enabling the addition of foods to the
dataset in a customized way. First, using the PRISMA methodology, a thorough examination of recent
research in this field will be carried out. We will talk about the shortcomings of the most widely used
dataset (Food-101), which prevent the ResNet-50 model from performing well. Using this information,
a smartphone app that can identify food and suggest recipes based on the ingredients it finds could
be developed. This would prevent food waste that results from the lack of imagination and patience
of most people. The food recognition model used was the ResNet-50 convolutional neural network,
which achieved 90% accuracy for the validation set and roughly 97% accuracy in training.

Keywords: food ingredient recognition; artificial neural network; dataset; web scraping; recommendation
system; ResNet-50

1. Introduction

Recommendation systems have gained significant importance in our daily lives in
the era of digital technology. Prominent corporations like Spotify and Netflix utilize
diverse tactics to incentivize users to engage with their offerings for extended durations,
capitalizing on the data stored in their databases [1].

In the culinary sector, numerous web solutions utilize user-inputted ingredients to
recommend recipes. Moreover, besides the absence of real-time food recognition through
artificial intelligence, they frequently propose recipes containing ingredients that may not
align with the dietary restrictions of individual users. This is demonstrated by the most
widely used recipe-recommendation applications mentioned in [2], which do not take into
consideration these limitations. Facilitating user assistance, food identification could be
achieved effortlessly by directing the smartphone camera towards the food item, enabling
the model to discern the food without necessitating the user to manually input the available
ingredients. Subsequently, the recipe-recommendation system could utilize an application
programming interface (API) to receive the identified food as an input; there are many
in this field that can be used, such as Sponnacular [3] or Edamam [4]. The main goal of
the recipe-recommendation system, which relies on food identification, is to aid users in
repurposing food, thus minimizing food waste.

To recognize food images, it is necessary to implement deep learning models, such as
ResNet, EfficientNet, or MobileNet, using powerful tools widely used in machine learning,
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such as TensorFlow [5], Keras [6], or NumPy [7]. Subsequently, it is imperative to utilize a
dataset to facilitate the training of the model, enabling it to acquire knowledge about the
distinctive features present in the training images and subsequently apply this knowledge
to previously unobserved images [8].

Therefore, the ResNet-50 model is suggested for food recognition. This model is
utilized on the Food-101 dataset and subsequently on the dataset constructed through web
scraping. This technique enables the dataset creators to select personalized food choices and
simplifies the manual acquisition of high-quality images [9], which would be challenging, if
not almost impossible, within the scope of our problem of collecting food images manually.

Initially, the model overfitted, achieving only 20% accuracy for the validation set and
approximately 100% for the training set on the Food-101 dataset. In an attempt to overcome
this problem, the structure of the convolutional neural network (CNN) was modified,
as were some of the model’s hyperparameters. However, even with these changes, the
accuracy of the validation set remained suboptimal (~70%) for implementation in a mobile
application, demonstrating that the use of this model applied to the Food-101 dataset
should not be used for food identification, for reasons that will be detailed in Section 3.3.
On the other hand, the same model applied to the new dataset obtained excellent results
for both the training set (97%) and the validation set (90%).

By addressing these challenges and using advanced machine learning techniques, our
work aims to contribute to the field of food recognition by providing a relatively large
dataset of foods frequently used by users, with the aim of minimizing food waste and
increasing user convenience.

To facilitate a more comprehensive understanding of the essential phases of the project,
we have created a flowchart, shown in Figure 1. This representation identifies the planning,
analysis, and development phases of the project.
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The article adheres to a conventional structure, with Section 2 presenting the research
method, which is supported by the systematic review methodology. Section 3 describes
the setup used to develop the project, including the proposed machine learning model
and the dataset used to train the model, namely Food-101 and the dataset created by us
through web scraping. Finally, Section 4 shares our conclusions and suggestions for the
implementation of future work.

2. Related Works

The recognition of food and ingredients, as well as the recommendation of recipes, has
gained popularity in recent years due to the existence of several algorithms with excellent
results in extracting patterns from images. Through an exhaustive search, several articles
were found with different approaches to the proposed problem. This systematic review
follows the PRISMA methodology (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) [10], which includes the following topics:
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A. Research Questions;
B. Inclusion Criteria;
C. Research Strategy;
D. Results;
E. Data Extraction and Analysis;
F. Discussion.

To conduct the research, we formulated research questions on the topics of food image
recognition and recipe recommendation. These questions aim to discover solutions that can
be used and improved in the future. We therefore came up with the following questions:

• Are there digital solutions capable of recognizing food from images of meals?
• Are there digital solutions that offer recipes based on recognizing ingredients or

food images?
• Are there digital solutions that propose meals based on leftovers, taking into account

the characteristics of each user?

The inclusion criteria refer to the characteristics that the articles analyzed must have
to be selected. The inclusion criteria defined for our study are as follows:

• Criterion 1: Studies carried out between 2015 and 2023;
• Criterion 2: Studies written in English;
• Criterion 3: Studies in which the full text is available;
• Criterion 4: Studies that apply image recognition to cooked food;
• Criterion 5: Studies in which the dataset is available on the web.

A search was conducted using the IEEE Xplore [11], Scopus [12], and ACM Digital
Library [13] databases. The search terms we used were ‘Dataset’ AND ‘Image’ AND (‘Dish
arranged’ OR ‘Ingredient’). The search terms used were “Dataset” AND “Image” AND
(“Dish arranged” OR “Ingredient”). The search was carried out between October and
November 2023. After applying criterion 1, we identified a total of 114 scientific studies,
39 from IEEEXplore, 63 from Scopus, and 12 from ACM. This is illustrated in Figure 2. We
then applied criterion 2 and removed the duplicates, resulting in 106 studies. We conducted
a general analysis of these studies, applying criteria 3 and 4. Finally, criterion 5 was applied,
resulting in a full-text analysis of the 61 remaining studies. Based on these criteria, the most
relevant articles were selected, resulting in 13 articles being included in the review.
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Data were extracted from all the studies identified in the following format: study;
model; description. Table 1 identifies the most important characteristics of the selected studies.

Table 1. Scientific articles analyzed.

Study Model Description

[14] ResNet-50

The authors developed an algorithm to recommend recipes by recognizing
ingredients in advance. They trained the ResNet-50 model over 20 epochs

using transfer learning, and once the model was trained, it was used to
recommend recipes. The model is capable of recognizing 32 ingredients, and
thus, a 19 × 32 matrix was created in which the index is set to “1” when an
ingredient is identified. Subsequently, a linear search is conducted on the

database, resulting in the retrieval of a recipe with indexes set to “1” for the
ingredients identified by ResNet-50 and “0” for the remaining ingredients.

[15] EfficientNet-B2

The authors propose a food recognition system. They trained the model on
ImageNet to extract generic features and used fine-tuning to obtain better
results. The model weights were adjusted in the last two blocks and three

additional blocks were added, each containing a fully connected layer and a
dropout layer. Finally, data augmentation techniques were applied to further

reduce overfitting. The authors demonstrated that the use of fine-tuning
significantly improves the model’s performance.

[16] ResNet-50

The authors have developed a method that adapts to users’ eating habits. Each
user has their own database with their food records. Subsequently, a

time-dependent food distribution model is employed, which takes into account
the evolution of the user’s eating habits over time. This is achieved through

the use of a vector weight optimization strategy, which optimizes the weight of
the classifier vectors and thus better adapts to changes in eating habits.

[17]

ResNet
VGG19

EfficientNet-B0
DenseNet

The authors propose an approach to recognize food dishes and consequently
recommend recipes. Each dish is represented in a matrix with index ‘0’. After
the model assigns a class to the image, the information is extracted from web
pages using the web crawling method with the Beautiful Soup and Selenium

libraries. The models are trained for 50 epochs using ImageNet transfer
learning, and data augmentation is also applied.

[18] ResNet-50
Vision Transformer 16/B

The authors have developed a framework for classifying ingredients in images
of food dishes. The first module, ReLeM (ReciPe Language-Enhanced

Multimodal), is designed to enhance the accuracy of ingredient segmentation.
To achieve this, the visual representations of ingredients that appear in various

dishes are integrated with the recipe language, recognizing that the same
ingredient can be represented in different ways due to different preparation

methods. The second module is tasked with classifying the segmented zones.
The images are processed through a vision encoder, which is then followed by
a vision decoder. Finally, segmentation models are employed to identify the

ingredients in the image that have previously been classified.

[19] BEiT

The authors propose a food image recognition method based on generative
self-supervised learning. The objective is to enable the model to be trained on

unlabeled datasets, allowing it to make segmentation predictions and
circumvent the high costs associated with hiring specialized teams. To achieve

this, the authors utilize the BEiT model, which has been pre-trained on
ImageNet, to reconstruct portions of the image that are not visible.

Subsequently, fine-tuning is employed to adapt the network to the dataset
utilized by the authors (Food-101).

[20]

InceptionResnet V2
Resnet50

Densenet169
Wiser

The authors developed a method that focused on the importance of the quality
of the training data. They used the U2-Net algorithm, which was designed to

remove background objects from food images and improve model
performance. After training several models, it was concluded that removing
the background and using data augmentation techniques helped to improve

the accuracy rate.
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Table 1. Cont.

Study Model Description

[21] MultiTask Deep Belief Network
(M3TDBN)

The authors propose a MultiTask Deep Belief Network (M3TDBN) that can
identify ingredients in recipes through textual representation. The model

considers various attributes related to the recipe, such as the type of cuisine
and the type of dish. The Yummly-28K dataset, comprising 63,492 recipe

images, was used to train the model. To identify the ingredients, it is necessary
to pre-process the text, removing irrelevant information such as quantity.

Transfer learning was employed using a convolutional neural network (CNN)
pre-trained on the Food-101 dataset, which was then fine-tuned to the

Yummly-28K dataset. The features extracted by this CNN were used as inputs
for the M3TDBN model. It was concluded that incorporating additional

information, such as the type of dish, significantly improved performance.

[22]
ResNet-50
ResNet-101

VGG-19

To address the challenge of ingredient recognition in food images, the authors
propose a D-Mixup (Dynamic Mixup) approach. The objective is to enhance

the representation of minority ingredients, given the prevalence of significant
disparities in the frequency of certain ingredients across most datasets.

Additionally, this method mitigates the issue of datasets where test images
exhibit high similarity to training images, which may not accurately reflect

their true effectiveness in real-world scenarios. This structure also comprises a
region-wise recognition network, which is responsible for identifying the

ingredients present in each region. The results of this approach indicate that it
improves performance on datasets that present these problems.

[23] ResNet-10
EfficientNet-B0

The authors propose a unified structure that encompasses two distinct
approaches: many-shot learning and few-shot learning. Additionally, the

structure employs a convolutional graph network (GCN) to capture
relationships between different categories of food. To circumvent the issue of

suboptimal performance in classes with limited image data (few-shot
learning), this structure comprises two distinct phases. In the initial phase,

semantic embeddings are generated utilizing the BERT (Bidirectional Encoder
Representations from Transformers) model, thereby furnishing supplementary

data on the specific type of food associated with each food category.
Subsequent to this, a convolutional neural network (CNN) is employed to

extract features from images comprising a multitude of samples, after which
the integration of learning from numerous and few categories is achieved. In
the second phase, the graph convolutional network (GCN) is integrated into

the model to facilitate the comprehension of the interconnections and
distinctions between categories. This approach has been demonstrated to yield

a notable enhancement in performance compared to more sophisticated
studies on few-category learning.

[24] ResNet-50

The authors propose a method that employs a convolutional neural network
(CNN) ResNet-50 for food recognition, utilizing the fine-tuning technique
following the initial training of the model on the ImageNet database. The

images are then subjected to pre-processing, including resizing to a resolution
of 224x224 pixels, and convolutional filters are applied to extract the most
relevant features. It is observed that the greater the number of classes, the

lower the accuracy. Conversely, the greater the number of instances per class,
the greater the accuracy.

[25]

VGG-16
Resnet-50

Mobilenet-V3
YOLOv5

The authors’ approach to food recognition divides the problem into two topics:
binary classification and locating the food followed by its category. Binary
classification identifies whether an image contains food or not, while food

localization usually requires the use of bounding boxes, which are then used to
classify several foods in the same image using convolutional neural

networks (CNNs).
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Table 1. Cont.

Study Model Description

[26]

ResNet-101
GoogleNet
VGG16/19

InceptionV3

The authors propose an approach to food recognition that combines the results
of different convolutional neural networks (CNNs) to determine the class of
food using ensemble methods based on voting. There are two approaches to
this type of method: hard voting and soft voting. In the first approach, each

model makes a prediction, and the class with the most votes is assigned. In the
second approach, the probability of each class is used and averaged, with the

class with the highest value being chosen. Additionally, a Bayesian
optimization algorithm is employed to identify the optimal weight for each

CNN, considering its accuracy.

A review of the selected articles reveals a multitude of methods for recognizing foods
or ingredients. All of these articles attempt to mitigate this problem, with some imple-
menting more complex approaches that allow for the segmentation and identification of
ingredients, resulting in improved accuracy in calorie estimation tasks, which are essential
in food control applications.

Regarding the period of the studies analyzed, it can be observed that they were
published between 2016 and 2023, with the majority published between 2021 and 2023, as
illustrated in Figure 3.
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The authors of the articles analyzed predominantly employed convolutional neural
network (CNN) architectures, as they represent the most advanced method for recognizing
food in images. This type of network comprises a sequence of filters applied to the
input image to extract its characteristics [27]. As illustrated in Figure 4, only 14% of the
articles implemented a different architecture, indicating that only two studies utilized a
distinct artificial neural network (ANN), namely deep neural network (DNN) and graph
neural network (GNN). The remaining studies employed CNNs with distinct models for
food recognition.

Figure 5 depicts the models utilized in the studies, demonstrating that there are numer-
ous models capable of classifying food images, with varying degrees of effectiveness. This
elucidates the high diversity observed, as numerous authors perform a limited benchmark
with select models to ascertain which one performs optimally. The most widely used model
was ResNet-50, which will be employed to run the tests on the selected dataset. This model
has been selected due to its demonstrated ability to achieve SOTA accuracy on the Ima-
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geNet dataset, as evidenced by the literature available on the web [28]. Given that transfer
learning will be employed on this dataset, this model is considered the optimal choice.
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As with the models employed, the authors also frequently utilize a variety of datasets
to substantiate the efficacy of the architectures and draw inferences regarding the optimal
dataset for their implementation. As illustrated in Figure 6, there is a notable prevalence of
the utilization of the Food-101 dataset for food recognition.

After investigating the selected studies, it can be concluded that it is essential to an-
alyze several components, including the network to be used, the model, and the dataset.
Within each of these components, several aspects must be considered to ensure the success
of network training. Unfortunately, most articles only recognize food, with recipe recom-
mendations being a much rarer approach. However, we have managed to select some
articles with very interesting approaches to achieving this.

Based on the information obtained, the following answer to the research questions
is presented:

(a) Question 1: Are there digital solutions that recognize food from images of meals?



Appl. Sci. 2024, 14, 5448 8 of 19

Food recognition is a proven advantage for making the eating process simpler, more
economical, and healthier. Various solutions can be applied to this task using artificial
intelligence and machine learning algorithms, as mentioned in the articles [14–26]. All of
the aforementioned articles are capable of recognizing food through a variety of approaches,
resulting in varying degrees of accuracy.

(b) Question 2: Are there digital solutions that propose recipes based on the re-
recognition of ingredients or food images?

Recipe recommendation is a valuable approach for many recipe management applica-
tions that do not yet utilize real-time food recognition mechanisms. The integration of this
type of technology will streamline the process of meal decision-making. Although many of
the models implemented for food recognition can be used for recipe recommendation, the
majority of articles do not explicitly refer to this process. However, in articles [14,17,21],
different approaches are used for this purpose.

(c) Question 3: Are there solutions for proposing meals based on leftovers, taking into
account the characteristics of each user?

The issue of food waste has gained prominence in recent years, driven by the sig-
nificant increase in consumerism and food diversity. This phenomenon, which has been
growing at an alarming rate, has become a major issue, with consequences in the social,
economic, and environmental spheres. Study [16] mentions a method that adapts to the
user’s eating habits. However, it is important to note that more responsible and healthier
practices can be adopted through approaches that recommend recipes.

Based on the analysis of the proposed studies, it was possible to conclude that the
most widely used model was ResNet-50 and the most used dataset was Food-101. The next
section will assess whether this combination can be used since the Food-101 dataset is very
complex and the model may not perform satisfactorily.
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3. Materials and Methods

The aim of this chapter is to understand the architecture of the ResNet-50 model and
why it should not be applied to the Food-101 dataset, since it has serious limitations that
will be described. Consequently, the process of implementing a novel dataset through web
scraping using the Selenium library and ChromeDriver will be delineated, thus overcoming
the limitations of Food-101. All tests were conducted on a personal computer (HP ENVY
×360 15.6-inch) with a Core i7-1165G7 central processing unit (CPU), 16 GB of DDRAM,
and a 512 GB solid-state drive, running the Windows 11 Home operating system.
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3.1. ResNet-50 and Food-101 Features

The ResNet-50 model comprises 50 layers, including 48 convolutional layers, 1 Max-
Pool layer, and 1 Average Pool layer. The architecture is divided into four parts: the
convolutional layers, the identity block, the convolutional block, and the fully connected
layers. The convolutional layers extract the characteristics of the image. Batch normaliza-
tion and ReLU activation are then applied. Subsequently, max-pooling layers are employed
to reduce the size of the extracted feature map while preserving the most crucial fea-
tures [29]. The identity block comprises three layers, wherein the initial and concluding
layers possess an identical number of filters and are utilized when the input dimensions
align with the output dimensions, while the convolutional block is employed when the
dimensions differ [30]. However, it is in these two blocks that the skip connection concept
is applied, allowing the model to skip some layers of the network and feed the output of
one layer as an input to the following layers [31]. Finally, the last part of the ResNet-50
model consists of fully connected layers that make the final prediction. The number of
neurons in this layer is equal to the number of existing classes.

The Food-101 dataset comprises 101,000 food images, distributed across 101 classes.
Each class in the training group contains 1000 images, while the validation group contains
150 images.

3.2. Proposed Model for Ingredient Identification

The ResNet-50 model was trained on the Food-101 dataset using the standard archi-
tecture, with only the output layer configured to have the same number of neurons as
the classes in Food-101. However, this approach presents a significant challenge, as it
is not possible to train the model without first modifying the dimensions of the images.
The default size of the images in the dataset (512 × 512 pixels) resulted in an error on
the Kaggle platform due to excessive memory allocation. Therefore, it was essential to
resize the images to 224 × 224 pixels. This was only necessary due to the complexity of
the Food-101 dataset and the limitations imposed by the Kaggle platform itself. The model
was trained for 50 epochs with a batch size of 128 without the use of transfer learning.

The compilation of this model produced suboptimal results, as depicted in Figure 7,
which unambiguously represents the phenomenon of overfitting. The model has learned
the characteristics of the training images but cannot generalize to unseen images.
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Several modifications were made to the model to ascertain whether it would be possi-
ble to achieve the requisite degree of accuracy to justify its use in a future mobile application.
The proposed architecture commences with the construction of a sequential model, whereby
the layers are added one after the other in sequence. Subsequently, the ResNet-50 model,
which has been pre-trained on the ImageNet database, is incorporated into the model. The
following layers are then added in sequence: The flatten layer transforms the 3D feature
vector produced by the pre-trained ResNet-50 model into a 1D vector, as the subsequent
layers require inputs of this type. The dense layer employs the ReLU activation function
and both L1 and L2 (elastic net) regularizations, whereby L1 selects the most relevant
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features and L2 prevents overfitting [28]. The dropout layer randomly disconnects the
neurons from the previous layer, and the final dense layer has several neurons equal to
the number of classes in the dataset. However, it maintains the L1 and L2 regularization,
which is appropriate for multi-class classification problems. Finally, the model is trained
over 40 epochs with a learning rate of 0.0001.

Subsequently, the final 10 layers of the ResNet-50 model are designated as trainable
(fine-tuning), and the LearningRateScheduler callback is configured. This entails that at
each epoch, the learning rate is updated by the schedule function defined in [32].

Figure 8 illustrates the various stages of the ResNet-50 model. It is crucial to emphasize
the data augmentation stage, during which a range of techniques, including rotation and
brightness alteration, are employed to ensure that the model can generalize to new images.
Subsequently, the pre-trained ImageNet weights (transfer learning) are utilized, enabling
the model to be trained on a vast dataset and to learn the characteristics of images in
general. Finally, the model is fine-tuned on the Food-101 dataset, allowing it to adapt to the
specific characteristics of the images in the context of the problem.
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To assess the impact of cropping the images on the model’s performance, the model
was trained on a small subset of the Food-101 dataset. This subset included 20 classes with
100 images in the training group and 20 in the validation set.

Figure 9 illustrates the model’s accuracy when the images are resized to 512 pixels,
while in Figure 10, the accuracy is associated with 224 × 224 pixel images. Although the
model’s accuracy is significantly higher, it is still not sufficient to guarantee the model’s
reliability. This is because the model’s accuracy for the validation set, a collection of images
not seen during training, is approximately 70%. This means that if 100 accuracies are made,
the model will incorrectly classify 30 foods. Consequently, using this model would have
serious consequences for the mobile application that will be implemented. In addition
to the ability to recognize foods, the application must also be able to recommend person-
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alized recipes. Therefore, an incorrect classification of foods would result in inadequate
recommendations, which could hurt users’ health and their trust in the system.
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The figures illustrate the accuracy of the model trained on the entire Food-101 dataset
with images cropped to a size of 224 × 224 pixels. This accuracy justifies the initial results
obtained by the model, despite the difference in validation accuracy of 15% between the
two datasets. This difference would be substantially greater if it were possible to train the
entire dataset with the original resolution.

3.3. Food-101 Problems and Alternatives

The suboptimal performance of the model is primarily attributable to the substantial
storage requirements of the images in the Food-101 dataset (512 × 512 pixels), which
necessitate cropping and result in the loss of information, as illustrated in Figure 11. Given
that this dataset occupies 10 GB of memory and is quite complex to be trained in several
epochs, it is more suitable to be used as transfer learning, as was the case in one of the
articles [21].
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3.4. Comparison and Evaluation of Results

As previously stated in [15], the Food-101 dataset should be employed to assess the
efficacy of deep learning models, as it was designed to represent a realistic food classification
challenge, encompassing images captured under a range of lighting conditions, angles, and
contexts. This enables the testing of the robustness of image classification models.

It is not uncommon for authors to utilize a subset of this dataset for classification
models to classify food. However, it should be noted that the images in this dataset
were not created for this purpose. Rather, they were designed to evaluate the capacity
of machine learning models. For instance, in article [14], the authors utilize only the ice
cream and onion classes and subsequently integrate them into other datasets. Conversely,
in article [20], they employ only 16,256 images belonging to 17 classes. In articles [23,24],
the images are also resized, but the accuracy achieved by the authors is significantly lower,
reaching only around 56% and 41% accuracy.

3.5. New Dataset

The Selenium Python library [33] was used to build the new dataset. This library
enables programmers to interact with web pages by simulating user actions. Consequently,
it is frequently employed in conjunction with ChromeDriver, which permits the library to
interact with the Google Chrome browser.

The objective of our dataset was not merely to include images of foods from various
parts of the meal (e.g., main course, fruit, dessert) but also to enhance the global accessibility
of these foods. Open-source datasets often represent cuisines such as Thai, Turkish, or
Vietnamese, which are not widely consumed outside of their respective regions.

A dataset search was conducted, and this was constructed by joining four datasets
available on Kaggle: the “Food-11 image dataset”, the “MAFood-121”, the “food-101-tiny”,
and the “Fruits Classification”. The combination of these datasets resulted in 30 classes
with a scarce and unbalanced number of images for each class since they were taken from
different sources. To circumvent this issue, a Python script was developed to download
images from the Google browser. The download was conducted for the Google, Bing, and
Yahoo search engines, from which 500, 250, and 50 images were obtained, respectively. The
search engines were selected because they are currently the most widely used, according
to [34]. As Bing and Yahoo are not optimal for downloading a large number of images, it
was determined that a smaller number of images would have to be downloaded.

Figure 12 illustrates part of the code necessary to download the images. This script
comprises three principal functions: main, fetch_image_urls, and persist_image. The main
function establishes a connection to the driver and inputs the search queries into the search
box. fetch_image_url then extracts the links to the images, which are subsequently stored
locally by the persist_image function. To execute this script on various search engines, it is



Appl. Sci. 2024, 14, 5448 13 of 19

necessary to modify the CSS selectors (used to identify elements on a web page) as each
site employs a distinct HTML structure and CSS elements.
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As previously stated, this process may result in the retrieval of images that are not
suitable for the intended purpose. To ensure the reliability of the dataset, each of the folders
was manually filtered. Following this process, the resulting dataset comprises 30 classes,
26,709 images for training, and 5311 for validation. Each of the classes used for training
comprises approximately 900 images, while those used for validation comprise around 200.
Figure 13 illustrates the classes of which the dataset is made, demonstrating a considerable
diversity of foods, the majority of which are known to the European public.
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• 30 food classes;
• 32,020 images;
• Food, starter, or dessert images;
• Image format jpg;
• Images of different ways of cooking food.

3.6. Results and Discussion

The objective at this stage is to ascertain the viability of utilizing ResNet-50 in our
dataset, with a view to its deployment in the real world.

The process that led to the final configuration of the dataset, and in particular the
ResNet-50 model, necessitated the execution of a series of tests and the assessment of
various hyperparameters. The optimal outcome was achieved with a model trained for
40 epochs. These metrics are commonly employed for the evaluation of machine learning
problems. Accuracy represents the proportion of correct predictions, although it can be
misleading in the context of imbalanced datasets, where there are many more examples of
one class than another; our dataset does not have this problem. In contrast, a function that
evaluates the model’s predictions and the true target values is employed to calculate the
loss, which depends on the type of problem. In our case, we used CategoricalCrossentropy.
Figure 14 illustrates the training and validation accuracy, which were approximately 97%
and 90%, respectively. Figure 15 depicts the training and validation errors, which were
approximately 2% and 6%, respectively.
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To evaluate the model’s performance, a confusion matrix was constructed, which
enabled the identification of inclusion and exclusion errors and the determination of which
classes the model had the greatest difficulty identifying [35].
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Figure 16 illustrates the confusion matrix for the ResNet-50 model implemented on
the dataset created for this study. It can be observed that the numbers on the main diagonal
represent the vast majority of the validation set, indicating that the model correctly classified
the majority of samples. Despite exhibiting minimal error, the two classes for which the
model exhibited the least accuracy were ramen and egg. In some instances, the model
confused these classes with soup and omelet, respectively. This is understandable given
that these classes share numerous similarities in visual appearance.
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As previously stated, the accuracy metric is not always a reliable indicator of model
performance. Consider a fictitious dataset with two classes, with 90 samples for the first
class and 10 samples for the second. If the model classifies all instances as the first class,
the accuracy will be 90%.

Following the calculation of the confusion matrix, it is essential to assess the F1 score,
which is based on the precision and recall values.

Precision =
TP

TP + FP
Recall =

TP
TP + FN

F1 Score =
2 ∗ Precision ∗ Recall

Precision + Recall

This metric employs the harmonic mean instead of the simple arithmetic mean [36],
thus evaluating both false positives (low precision) and false negatives (low recall), ren-
dering it a robust metric. Figure 17 illustrates the F1 score for each class, with all values
exhibiting a high degree of accuracy, indicating that the model’s predictions are not partic-
ularly precise.

To evaluate the model’s effectiveness using real-world photos, a final test was con-
ducted using food from a home environment. The purpose of this test is to graphically
depict the performance of the model by including the likelihood of the top 5 foods that the
model assigned the highest score, regarding the food depicted in the image. The findings
indicate that ResNet-50 demonstrates exceptional performance on the custom dataset de-
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veloped by the authors and exhibits the capacity to generalize to images that are not part of
the training set. This is demonstrated in Figures 18 and 19, where ResNet-50 accurately
assigns a probability of 1.0 to all food items.
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To circumvent the issues associated with the Food-101 dataset, we employed the web 
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4. Conclusions

This article presents an in-depth analysis of various studies in the field of food recog-
nition technology, employing state-of-the-art methodologies and approaches. After an
analysis of the configuration used by other authors, it is concluded that the ResNet-50
model is currently the most widely used, in conjunction with the Food-101 dataset. Conse-
quently, the characteristics of this model and the Food-101 dataset have been analyzed and
explained in detail.

Initially, ResNet-50 was utilized without any modifications. However, due to over-
fitting, a convolutional neural network (CNN) ResNet-50 was constructed layer by layer.
These alterations included the utilization of transfer learning using ImageNet, as well as
the modification of hyperparameters such as the number of epochs, the batch size, and the
learning rate, to maximize the model’s accuracy. This resulted in a significant reduction
in overfitting and an increase in validation accuracy. Subsequently, several tests were con-
ducted to ascertain the reasons behind the model’s suboptimal accuracy. The investigation
revealed that the issue originated from the dataset itself. To identify the underlying cause,
we examined the impact of the cropping process on the images, which was constrained by
the hardware limitations of Kaggle. Our findings indicated that this cropping procedure
resulted in a significant loss of information, which ultimately compromised the model’s
performance. Given the complexity of the images and the size of the Food-101 dataset,
which is a large collection of images, we recommend the use of transfer learning, as is
implemented in the ImageNet dataset.

To circumvent the issues associated with the Food-101 dataset, we employed the web
scraping technique utilizing the Selenium library and ChromeDriver, resulting in a dataset
comprising 32,020 images, which is balanced and diverse. Subsequently, we conducted
a series of tests on the model, including accuracy, confusion matrix, F1 score, and tests
with homemade food, to comprehensively evaluate the model’s capabilities. Training the
model on our dataset obviated the necessity to crop the images, thus circumventing the
issue of differing accuracies observed in the Food-101 dataset between the original images
and those resized to 224 pixels. All images in our dataset are smaller than 300 × 300 pixels.

For future work, it would be advantageous to extend the dataset to include more
foods, thus avoiding the unnecessary waste of food. Furthermore, it would be beneficial to
implement this configuration, namely the ResNet-50 model applied to the dataset created,
in a mobile application so that the user can receive feedback on potential recipes that can
be made, using a database or an application programming interface (API).
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In essence, the journey to optimize food recognition systems necessitates the inte-
gration of sophisticated methodologies, meticulous selection of datasets, and strategic
implementation of convolutional neural network (CNN) techniques. The adoption of this
knowledge will facilitate the advancement of transformative techniques for the reduction
of food waste and the promotion of sustainable culinary practices.
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