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Maintaining a healthy diet is essential for pre­
venting various chronic diseases, such as heart 
disease, diabetes, and cancer, as highlighted by 
Ruthsatz and Candeias [1] and Kaur et al. [2]. 
Worldwide, there is increasing recognition of the 
significance of healthy eating habits, prompting 
many individuals to track their calorie intake and 
nutritional information to support or enhance 
their health [3, 4]. The ability to accurately predict 
and track calorie and nutrient intake is essential, 
especially in weight loss interventions and sustain­
ing a healthy lifestyle [5]. A thorough understand­
ing of food attributes, including their nutritional 
and caloric content, is fundamental for making 
informed dietary choices. Moreover, it is crucial 
to ensure the quality and safety of the food con­
sumed [6–8].

Modern advancements in technology, such as 
electronic noses, computer vision, and spectro­

scopy, have become pivotal in detecting and 
analysing various food attributes [9–11]. These 
techniques offer sophisticated methods for iden­
tifying and quantifying different characteristics of 
food, enhancing our ability to ensure food quality 
and safety. However, despite these technologi­
cal strides, there is still a  significant demand for 
a method that is both rapid and precise for assess­
ing food quality in everyday situations. 

Pattern recognition and image processing have 
played a  pivotal role in enhancing food intake 
reporting systems, particularly through advance­
ments in convolutional neural networks (CNNs) 
and deep learning. These technologies enable 
more accurate food recognition, classification, and 
dietary assessment, providing valuable tools for in­
dividuals and professionals to monitor and analyse 
dietary intake effectively [12–15]. However, the 
task of accurately classifying food images presents 
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classification of Indian dishes within this dataset 
was carried out using CNN, while the energy 
content of the identified foods was calculated 
using advanced image processing techniques. The 
results demonstrated that the developed model 
was highly effective, achieving an accuracy of 
99.2  % on training data and 95.3  % on test data 
in detecting Indian cuisine dishes. Additionally, 
the model’s energy estimation was impressively 
accurate, with an  error margin of only ± 42  J 
(± 10 calories) when compared to the actual food. 
Despite these advancements, it is important to 
note that, to the best of our knowledge, there is 
no existing work specifically focused on the nutri­
tional values and gastronomic evaluation of des­
serts using a developed software platform.

The aim of this study is to develop software 
that can accurately recognise food products 
and predict their nutritional content using deep 
learning algorithms. Specifically, the software is 
designed to evaluate the gastronomic character­
istics of dessert products and provide consumers 
with valuable information to assist in managing 
their dietary choices, particularly when selecting 
desserts in restaurants. Additionally, the software 
offers restaurants and food manufacturers a  tool 
for rapid dessert evaluation, leveraging fast data 
processing capabilities to enable the development 
of innovative dessert products. This approach rep­
resents a  significant step toward gaining a  com­
petitive advantage and more effectively meeting 
consumer expectations.

Materials and methods

This work involves five critical stages, as illus­
trated in Fig. 1: 
–	 Gathering real dessert images – collecting 

images of desserts before they were served at 
the restaurant. 

–	 Compiling nutritional data and gastronomic 
details – assembling relevant nutritional infor­
mation and gastronomic characteristics for the 
desserts. 

–	 Employing deep learning algorithms – training 
deep learning algorithms using the collected 
dessert images. 

–	 Creating software – developing the software 
using Matlab 9.10.0.1710957 (R2021a) soft­
ware (MathWorks, Natick, Massachusetts, 
USA) to implement the trained algorithms. 

–	 Evaluating and validating outcomes – assessing 
and validating the performance and accuracy 
of the developed software. 

ongoing challenges. These challenges stem from 
various factors, including the wide diversity of food 
items, variations in presentation, and the complex­
ity of distinguishing between visually similar foods 
[16, 17]. As a  result, while current technologies 
have made progress, the need for more effective 
and efficient methods remains critical.

Analysing food products through images 
involves a  comprehensive process that can be 
broken down into four key phases: food detec­
tion, classification, weight determination, and 
nutritional analysis. The advent of CNNs has 
significantly enhanced the accuracy of image iden­
tification, leading to a  surge of interest in their 
application for food product analysis. CNNs have 
consistently outperformed traditional machine 
learning methods, a fact underscored by numerous 
studies that have modified models such as AlexNet 
to achieve higher accuracy in food recognition 
across various datasets [18–21]. These studies 
underscore the superior predictive capabilities 
of CNNs when compared to older, more conven­
tional techniques [22, 23]. As a result, CNNs have 
become the preferred method for image-based 
food product analysis, offering enhanced precision 
and reliability in tasks that are critical for food 
detection and classification.

Exarchou et al. [24] focused on enhancing 
the design of a novel system intended to assist pa­
tients dealing with obesity or diabetes. Their ap­
proach involved using transfer learning and fine-
tuning techniques to automatically differentiate 
between images of sweet and non-sweet foods by 
leveraging pre-trained CNN models. To further 
refine these deep neural networks, the researchers 
developed a new dataset derived from the original 
Food-101 dataset. This newly created dataset con­
sisted of 19 000 images, encompassing both des­
sert and non-dessert foods and included 19 distinct 
categories of desserts. Among the models tested, 
the Google InceptionV3 architecture achieved 
the highest performance, with a  validation accu­
racy of 95.9 %. To further validate the platform’s 
practicality, the team also compiled an additional 
dataset consisting of food images captured under 
challenging conditions, such as varying lighting 
and shooting angles. This additional dataset was 
used to demonstrate the robustness and applica­
bility of the system in real-world scenarios.

Sathish et al. [25] focused on the develop­
ment and analysis of an OpenCV-based deep 
learning model designed to identify Indian cuisine 
and accurately estimate its energy content. The 
researchers created an Indian Cuisine dataset by 
sourcing images from the internet and subject­
ing them to rigorous quality preprocessing. The 
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Comprehensive details for each of these steps 
were provided in the following subsections.

Dessert images
During the initial phase of this research, the 

focus was directed toward the conceptualisa­
tion and pre-training stages of the deep learn­
ing model. The methodology involved capturing 
high-resolution images of desserts featured on 
the menu of Healin restaurant (Istanbul, Turkey). 
Importantly, the dataset was composed of a  con­
sistent set of 23 dessert classes, which remained 
unchanged despite seasonal variations. The distri­
bution of photographs for each specific dessert 
class is detailed in Tab. 1, offering a  comprehen­
sive overview of the dataset’s composition and 
distribution across different classes. This detailed 
breakdown ensures a  clear understanding of the 
dataset’s structure, which is critical for the subse­
quent training and analysis phases of the model.

In the process of software development, 
genuine images representing all 23 dessert classes 
were meticulously gathered, resulting in an exten­
sive collection totalling 10 267 images. To ensure 
a  robust evaluation of the software, the team 
randomly selected a  subset comprising 20  % of 
the total images, which were allocated for testing 
and validation purposes. This subset, consisting 
of 2 070 images, was specifically used to assess the 
software’s performance, accuracy, and reliability. 
A  sample of the dessert images utilised in this 
study is depicted in Fig. 2, providing a visual repre­
sentation of the types of images included in the 
dataset.

Nutrition facts and gastronomic information
The Nutrition Information System (BeBIS, 

Istanbul, Turkey) is a  highly advanced software 
application designed to provide access to nation­
al food databases from various countries. With 
a  vast repository containing over 20 000 food 
items and comprehensive analysis covering more 
than 130  nutrients, BeBIS is an essential tool 
for evaluating the nutritional content of recipes, 
menus, and diets. Specifically in Turkey, BeBIS in­

STEP 1 STEP 2 STEP 3 STEP 4

Data set
collection

Training with 
deep learning 

algorithms

Software 
development 

Nutritional value 
information collection

Gastronomic 
information collection

GoogleNet
ResNet-50

STEP 5

Evaluation 
and validation

Convolution Batch normalization ReLu Avg pooling Fully connected

Softmax Classification

Fig. 1. Flow chart of the steps followed in the current study.

Tab. 1. Number of photos of desserts in the dataset.

Class Dessert Number of photos
a Blackberry cheesecake 711
b Blue magic cheesecake 370
c Brownie 550
d Cherry chocolate tart 423
e Chia pudding 366
f Cinnamon roll 353
g Croissant 425
h Dark chocolate cookie 281
i Fruit tart 600
j Ganache tart 424
k Gluten-free bagel 316
l Granola bar 446

m Huckleberry cheesecake 600
n Ketogenic aronia cookies 282
o Ketogenic cheesecake 461
p Lemon matcha cheesecake 456
r Mascarpone tart 593
s Naked sponge cake 435
t Oatmeal vegan cookie 314
u Peanut butter energy ball 343
v Snickers 505
y Spanish cake 697
z White chocolate chip cookie 316

Total 10 267
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tegrates with the 50 national food composition da­
tabases (Turkomp) to deliver detailed nutritional 
information. This includes data on energy/calories, 
proteins, carbohydrates, vitamins, fats, antioxi­
dant capacity, oxygen radical absorbance capacity 
value, amino acids, minerals, glycemic index, fatty 
acid compositions, and their respective percentage 
ratios, all based on the portion sizes entered by the 
user. This functionality makes BeBIS a  powerful 
resource for dietitians, nutritionists, and anyone 
looking to accurately assess the nutritional quality 
of food.

Deep learning algorithms
Deep learning is a  subset of machine learning 

that employs artificial neural networks to enable 
computers to learn from data and execute tasks by 
extracting meaningful features [26]. These neural 
networks are composed of multiple interconnect­
ed processing layers that work together to perform 
complex calculations in parallel, mimicking the 
structure and function of the biological neural 
system [27]. When trained on large datasets, deep 
learning models can achieve remarkable levels of 

accuracy in tasks such as object recognition, often 
surpassing human performance.

This study employed two state-of-the-art deep 
learning algorithms, GoogleNet and ResNet-50, 
from the Matlab Deep Learning Toolbox, to train 
a  neural network for dessert recognition tasks. 
A dataset of 9 000 images was collected, represent­
ing 23 dessert categories, with roughly 390 images 
per category. The images were preprocessed to en­
sure uniform resolution and quality before train­
ing. To evaluate the system, an independent valida­
tion dataset consisting of 2 070 images (90 images 
per category) was used, ensuring no overlap with 
the training data.

GoogleNet, with 22 layers, and ResNet-50, 
with 50 layers, were selected for their advanced 
architectures tailored to image recognition tasks. 
GoogleNet employs an Inception framework to 
optimise computational efficiency while main­
taining high accuracy. ResNet-50 uses a  residual 
learning framework, enabling deeper networks by 
addressing the vanishing gradient problem. The 
training was conducted using the Stochastic Gra­
dient Descent with Momentum (SGDM) algo­

Fig. 2. Sample dessert images used to develop prediction software. 

a – blackberry cheesecake, b – blue magic cheesecake, c – brownie, d – cherry chocolate tart, e – chia pudding, f – cinnamon 
roll, g – croissant, h – dark chocolate cookies, i – fruit tart, j – ganache tart, k – gluten-free bagel, l – granola bar, m – huckle-
berry cheesecake, n – ketogenic aronia cookies, o – ketogenic cheesecake, p – lemon matcha cheesecake, r – mascarpone 
tart, s – naked sponge cake, t – oatmeal vegan cookie, u – peanut butter energy ball, v – Snickers, y – Spanish cake, z – white 
chocolate chip cookie.
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rithm. Both networks were trained over 50 epochs 
to achieve optimal performance. During training, 
features such as texture, colour, and patterns were 
progressively extracted and refined across multiple 
convolutional and pooling layers. Fig. 3 provides 
an overview of the architectures, showcasing the 
hierarchical process by which these models ana­
lyse and classify the input images to achieve high 
accuracy rates.

Software development
The main objective of this software develop­

ment was to accurately identify dessert images 
from the menu of a  restaurant and provide their 
nutritional and gastronomic details. The inter­
face, built using the .NET Core framework (.NET 
Foundation, Redmond, Washington, USA), is 
designed for compatibility with both computers 
and smartphones, ensuring a  user-friendly expe­
rience. The software is available for download 
[28], and mobile users can conveniently access it 
by scanning a QR code, simplifying the process of 
retrieving comprehensive nutritional and gastro­
nomic information about the desserts offered at 
the restaurant.

Evaluation of training and validation process
To train the recognition software, a  total of 

9 000 food images were collected, with each of 
the twenty-three food categories represented by 
90 images. To validate the software’s performance, 
an additional set of twenty food product images 
per category was gathered, distinct from those 
used during the training phase. This resulted in 
a total of 2 070 images used specifically for valida­
tion purposes.

In classification problems, the performance of 
a classifier is typically evaluated using a confusion 
matrix, which provides a  detailed breakdown of 
the classifier’s predictions versus the actual out­

comes. Based on the values within the confusion 
matrix, several important performance metrics can 
be calculated, including average accuracy (Aa), 
error rate (Er), precision (PPV), recall (TPR), and 
F-score (Fscore), by employing Eqs. 1–5, respec­
tively, which are derived from the values within 
the matrix, as outlined by Sokolova and Lapalme 
[29]. These metrics offer a comprehensive under­
standing of the classifier’s effectiveness and are 
crucial for assessing its overall accuracy and reli­
ability:

𝐴𝐴𝑎𝑎 =
(∑ 𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑡𝑡𝑛𝑛𝑖𝑖

𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑓𝑓𝑛𝑛𝑖𝑖 + 𝑓𝑓𝑝𝑝𝑖𝑖 + 𝑡𝑡𝑛𝑛𝑖𝑖
𝑙𝑙
𝑖𝑖=1 )

𝑙𝑙  (1)

𝐸𝐸𝑟𝑟 =
(∑ 𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑓𝑓𝑛𝑛𝑖𝑖

𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑓𝑓𝑛𝑛𝑖𝑖 + 𝑓𝑓𝑝𝑝𝑖𝑖 + 𝑡𝑡𝑛𝑛𝑖𝑖
𝑙𝑙
𝑖𝑖=1 )

𝑙𝑙  (2)

𝑃𝑃𝑃𝑃𝑃𝑃 =
(∑ 𝑡𝑡𝑝𝑝𝑖𝑖

𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑓𝑓𝑝𝑝𝑖𝑖
𝑙𝑙
𝑖𝑖=1 )

𝑙𝑙  (3)

𝑇𝑇𝑃𝑃𝑅𝑅 =
(∑ 𝑡𝑡𝑝𝑝𝑖𝑖

𝑡𝑡𝑝𝑝𝑖𝑖 + 𝑓𝑓𝑛𝑛𝑖𝑖
𝑙𝑙
𝑖𝑖=1 )

𝑙𝑙  (4)

𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =∑ 2 × 𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑇𝑇𝑇𝑇𝑇𝑇
𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑇𝑇𝑇𝑇𝑇𝑇

𝑙𝑙

𝑖𝑖=1
 (5)

where Aa refers to the average per-class effective­
ness of a  classifier, Er refers to the average per-
class classification error, PPV refers to the effec­
tiveness of a classifier in identifying positive labels, 
TPR refers to the average per-class effectiveness 
of a  classifier in identifying class labels, Fscore re­
fers to the relations between data’s positive labels 
and those given by a classifier based on a per-class 
average, tpi refers to the number true positive 
class, tni refers to the number true negative class, 
fpi refers to the number false positive class, fni re­
fers to the number false negative class, l is number 
of evaluated classes.

Convolution Batch normalization ReLu Avg pooling Fully connected

Softmax Classification

Fig. 3. Main components of used deep learning structures.
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Results and discussion

In this study, which aimed to develop software 
for recognising food products using deep learning 
algorithms and pairing up this information with 
their nutritional content, the focus was placed on 
23 dessert items featured on the fixed menu of the 
restaurant, which remained unchanged through­
out the year, regardless of the season. The nutri­
tional content of the recipes for these desserts was 
obtained through the BeBIS program, a  compre­
hensive nutrition information system. The nutri­
tional values were calculated per 100 g reference 
amount of the dessert. Detailed nutritional infor­
mation for each dessert is provided in supplemen­
tary data (Tab. S1).

Among the desserts listed in Tab. S1, the 
three desserts with the highest energy values per 
100 g of dessert are the ganache tart with 2 291 kJ, 
the brownie with 2 238 kJ, and the white chocolate 
cookie with 2 084 kJ. In contrast, the three desserts 
with the lowest energy values are the chia pudding 
with 267 kJ, the ketogenic cheesecake and the glu­
ten free bagels with 962 kJ.

In terms of protein content per 100 g of 
dessert, the top three desserts are the peanut 
butter energy ball with 18 g of protein, the brownie 
with 15  g, and the ketogenic aronia cookie with 
13 g. On the other hand, the desserts with the least 
protein content are the chia pudding with 2 g, the 
naked sponge cake with 4 g, and the cinnamon roll 
with 5 g.

The food images from the restaurant’s menu 
were trained using the GoogleNet and ResNet-50 
deep learning algorithms within Matlab software. 
GoogleNet utilised 22 layers, while ResNet-50 
employed 50 layers for the training process. The 
dataset consisted of 10 267 dessert images, cover­
ing at least 282 unique images within each dessert 
category. This dataset was randomly divided, with 
80 % allocated for training and the remaining 
20 % reserved for testing purposes.

In the context of machine learning, particu­
larly within statistical classification, a  confusion 
matrix (also referred to as an error matrix) pro­
vides a  visual representation of an algorithm’s 
performance, especially in supervised learning. 
The matrix is structured with “actual” classes 
along the rows and “predicted” classes along the 
columns, allowing for a clear organisation of how 
actual class instances are classified versus how 
they are predicted by the model. 

In this study, the confusion matrix was 
crucial in evaluating the test performance of 
both GoogleNet and ResNet-50. As illustrated 
in Fig.  4 and Fig. 5, the matrix distinguished 

between correct predictions and errors across 
various classes, corresponding to the dessert 
products shown in Fig. 2. During the testing phase, 
GoogleNet made 8 prediction errors, whereas 
ResNet-50 had only 4 false predictions out of 
a  total of 2 070 samples (90 images per each of 
the 23  dessert classes). These results highlight 
ResNet-50’s superior performance compared to 
GoogleNet during testing, as depicted in Fig. 4 
and Fig. 5.

In this study, Tab. 2 presents the statisti­
cal evaluation metrics used, including Aa, Er, 
PPV, TPR and Fscore. The results indicate that 
GoogleNet achieved an Aa of 99.6  %, while 
ResNet-50 reached 99.8 %. These findings suggest 
that ResNet-50 outperformed GoogleNet during 
testing. The additional statistical metrics (Er, 
PPV, TPR and Fscore) further support this conclu­
sion, consistently demonstrating that ResNet-50 
exceeded GoogleNet in both accuracy and training 
efficiency.

Tab. 3 highlights the significant advancements 
of this study compared to previous research in 
food recognition systems. Earlier studies often 
used smaller datasets with fewer categories. In 
contrast, this study employed a dataset of 23 des­
sert categories, substantially increasing complex­
ity while maintaining exceptional accuracy rates 
exceeding 99.6  % for both GoogleNet and Res­
Net-50. This superior performance, particularly by 
ResNet-50, reflects the robustness of the advanced 
CNN architectures used, which automatically ex­
tract hierarchical features and generalise well 
across diverse datasets without manual feature 
engineering. Such achievements underscore the 
study’s contribution to handling more complex da­
tasets while setting a new benchmark in food rec­
ognition accuracy.

The broader dataset and advanced methodolo­
gies make this work particularly relevant for prac­
tical applications, including dietary monitoring, 
restaurant menu digitisation, and food delivery 
systems. The demonstrated scalability and adapt­
ability of the models position them as suitable so­
lutions for diverse and complex food categories 
in global contexts. By addressing limitations in 
previous studies and achieving high performance 
with diverse data, this study establishes itself as 
a  significant contribution to the field, paving the 
way for future research on larger datasets and 
optimisation for real-world deployment.

The training and testing results, along with 
the confusion matrices and statistical evaluation 
metrics, clearly establish ResNet-50 as the most 
efficient deep convolutional neural network in 
this study. However, it is important to note that 
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Fig. 4. Confusion matrix for the testing process of GoogleNet.

a–z – class of dessert product (the marking as explained in Tab. 1).
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Fig. 5. Confusion matrix for the testing process of ResNet-50.

a–z – class of dessert product (the marking as explained in Tab. 1).
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the training duration for deep learning algorithms 
can vary significantly. On an Intel(R) Core(TM) 
i5-1035G1 CPU @ 1.00 GHz processor (Intel, 
Santa Clara, California, USA), the first 100 itera­
tions took 73 min for GoogleNet and 94 min for 
ResNet-50, indicating that GoogleNet had faster 
initial training speeds (Fig. 6). 

In terms of file size, the deep learning toolkit in 
Matlab software shows that GoogleNet occupies 
27.0 MB, while ResNet-50 requires 96 MB. This 
difference in file size reflects the varying complex­
ity and scale of each network, with GoogleNet 
being more efficient in terms of training speed for 
less complex classification tasks. 

However, when considering the overall learn­
ing times for all training images in this study, 
GoogleNet required 221 min, whereas ResNet-50 
completed the training in 161 min. These compre­
hensive results firmly establish ResNet-50 as the 
superior deep learning algorithm, excelling not 
only in accuracy but also in processing speed, even 
when handling a full dataset of training images.

This study focuses on the recognition of food 
products using deep learning algorithms and the 
subsequent coupling with the information on 
their nutritional content. The performance of 
deep learning models, specifically GoogleNet and 
ResNet-50, was analysed using 23 different dessert 
items. The results demonstrated that both models 
achieved high accuracy rates, with ResNet-50 
offering lower error rates and higher overall accu­
racy compared to GoogleNet. 

To provide a  more comprehensive analysis, 

the results indicate that ResNet-50 outperformed 
GoogleNet in terms of prediction accuracy, 
making fewer errors across the 23 dessert classes. 
This superior performance can be attributed to 
ResNet-50’s deeper architecture, which employs 
residual connections to mitigate the vanishing gra­
dient problem, enabling the model to learn more 
complex features. The implications of this finding 
are significant for practical applications in food 
recognition systems, as the improved accuracy of 
ResNet-50 suggests it could provide more reliable 
classifications in real-world scenarios, such as 
automated dietary monitoring or quality control 
in food production. However, it is also important 
to consider the computational cost associated 
with deeper architectures like ResNet-50, which 

Tab. 2. Statistical evaluation for the testing process.

Network Aa Er PPV TPR Fscore

GoogleNet 9.96 × 10-1 3.86 × 10-3 9.96 × 10-1 9.96 × 10-1 9.96 × 10-1

ResNet-50 9.98 × 10-1 1.93 × 10-3 9.98 × 10-1 9.98 × 10-1 9.98 × 10-1

Aa – average per-class effectiveness of a classifier, Er – average per-class classification error, PPV – effectiveness of a classifier to 
identify positive labels, TPR – the average per-class effectiveness of a classifier to identify class labels, Fscore – relations between 
data’s positive labels and those given by a classifier based on a per-class average.

Tab. 3. Comparison of food recognition works published.

Source Dataset Category number Aa [%]

Ege et al. [30] Web image mining 15 80.6 

Subhi and Ali [22] Malaysian foods 11 74.7

Jeny et al. [31] Bangladeshi foods 6 98.1

Razali et al. [32] Sabahan foods 11 94.0

Shao et al. [4] Junk food and fizzy drinks 14 80.1

Tarlak et al. [33] Vegetables and fruits 45 99.8

Tarlak and Yucel [34] Turkish breakfast 20 99.0

Aa – average per-class effectiveness of a classifier.
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may impact deployment on resource-constrained 
devices. Additionally, while GoogleNet performed 
slightly worse in this study, its lighter architecture 
could make it a more suitable choice in scenarios 
where computational efficiency is prioritised. 
Future research could address these trade-offs 
by exploring hybrid models or optimisation tech­
niques to balance accuracy and computational 
efficiency. Moreover, investigating the types of 
errors made by each model and their underlying 
causes could offer valuable insights for further im­
proving performance, particularly for challenging 
or visually similar classes.

When compared to other published studies, 
this research achieved notable success in food 
recognition, confirming the effectiveness of the 
deep learning models used. The findings indicate 
that deep learning techniques hold significant po­
tential in the food industry for the identification 
and recognition of nutrient content. In particular, 
the ResNet-50 model was found to be more accu­
rate and faster in tasks such as food recognition 
and nutrient content prediction. These results pro­
vide a strong foundation for future applications in 
the food industry, highlighting the practical value 
of deep learning in enhancing food product analy­
sis and nutritional assessment.

Conclusion

This study successfully developed software for 
recognising dessert products using deep learn­
ing algorithms, and coupling the information with 
their nutritional values and gastronomic charac­
teristics. The analysis focused on two promi­
nent models, GoogleNet and ResNet-50, applied 
to 23  different dessert items from the restau­
rant. Both models achieved high accuracy rates 
exceeding 99 %, demonstrating their effectiveness 
in food recognition tasks. However, ResNet-50 
stood out by offering lower error rates and faster 
learning capabilities, making it the more robust 
option for this application. The development of 
an interface based on ResNet-50 not only provides 
consumers with valuable gastronomic information 
but also supports informed decision-making in 
dessert choices. The findings of this study under­
score the significant potential of deep learning 
approaches, particularly ResNet-50, in enhanc­
ing food recognition. This represents a  notable 
advancement in the food industry, offering new 
avenues for improving food identification, quality 
control, and consumer education. Moreover, the 
results of this research set a  solid foundation for 
future applications in this domain. The demon­

strated accuracy and speed of ResNet-50 in han­
dling complex classification tasks suggest that deep 
learning techniques can play a pivotal role in the 
continued evolution of the food industry, particu­
larly in the areas of food safety, nutritional analy­
sis, and personalised dietary recommendations. As 
such, this study contributes to the growing body of 
knowledge supporting the integration of advanced 
machine-learning models into practical, real-world 
applications within the food sector.
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