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Abstract—
Estimationoffoodcaloriesfromimageshasbecomeanessenti
alresearchareaduetotheincreasinginterestinhealth-
consciousnessanddietarymonitoring.Inthispaper,the CNN
algorithmiscombinedwithdeeplearning. Here,thedatasetis
madeupofthephotos. Thosepicturesunderwentfeature-
basedtraining. Thesepictureswereusedastheinput,anditpro
videstheimage'snameandthenumberofcalories. TheCNNal
gorithmhasbeenusedinthisprocess.Oncethefooditemsarei
dentified,afoodrecognitionmodelbasedondeeplearningisa
ppliedtoclassifythedetecttheitems. Toevaluatetheperforma
nceoftheproposedsystem,extensiveexperimentsareconduct
edonadiversedatasetoffoodimages. Theapplicationofthissy
stemextendstovariousdomains,includingdietmonitoringap
Plications,restaurantmenuanalysis,anddietaryplanningfo
rindividuals. Byprovidinguserswithaconvenientandreliabl
ewaytoestimatefoodcaloriesfromimages,thesystemcanplay
asignificantroleinpromotinghealthiereatinghabitsandma
nagingcalorieintakeeffectively.
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I. INTRODUCTION

The Internet of Things (IoT) encompasses a In the
realm of nutrition, understanding the concept of calories is
fundamental as they serve as the primary unit of energy
derived from food and beverages consumed, as well as the
energy expended during physical activity. The inclusion of
calorie counts in nutritional information on food packaging
aids individuals in making informed dietary choices.
Moreover, reducing calorie intake is a cornerstone of many
weight management techniques, given the significant rise in
overweight and obesity rates globally in recent years. These
conditions, now recognized as serious public health issues,
are associated with a myriad of chronic ailments such as
diabetes, cardiovascular diseases, sleep disorders, andcertain
types of cancer [1].

WiththeWorldHealthOrganization(WHO)
reportingthatthenumberofobeseindividualsworldwide
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has surpassed one billion and may potentially reach 1.5
billion, addressing the obesity epidemic has become an
urgent priority [2]. Obesity, characterized by an excess
accumulation of body fat, poses immense health risks and
societal burdens. Consequently, there is a growing emphasis
on promoting healthier eating habits and lifestyle choices to
combat this escalating health crisis. Monitoring calorie
consumption is a key strategy in this endeavor, as it
empowers individuals to maintain a balanced diet and
manage their weight effectively.

Traditionally, tracking calorie intake has been a
cumbersome process, often requiring individuals to keep
detailed food logs and perform complex calculations. This
manual approach is not only time-consuming but also prone
to inaccuracies, as studies have shown that individuals tend
to underestimate the number of calories they consume [3].
Recognizing the limitations of manual tracking methods,
recent advancements in technology have paved the way for
automated calorie estimation solutions. Mobile and web
applications leveraging computer vision and image
processing techniques now offer users the ability to identify
and classify various food components in images,
streamlining the calorie tracking process.

The convergence of computer vision and image
processingtechnologieshasrevolutionizedfoodrecognition,
opening up a plethora of possibilities for addressing societal
issues related to nutrition and health. Beyond aiding
individuals in monitoring their dietary intake, food
recognitiontechnologyholdspromiseinpromotinghealthier
eating habits, reducing food waste, and facilitating nutrition
research. With the widespread use of smartphone and the
popularity of social media platforms, individuals are
increasingly sharing images of their meals, generating vast
amounts of visual data that can be harnessed for dietary
monitoring and analysis. By exploring the potential ofimage
processing in food identification, researchers aim to further
advance the field and unlock its full range of applications in
promoting public health and well-being [4][5].

The challenge lies in creating a deep learning
system that can precisely identify different food products
fromphotosandcalculatehowmanycaloriestheycontain.
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The project intends toautomate food detection and calorie
measurementbyutilizingdeeplearningtechniques,offering a
practical and effective solution for nutrition tracking and
dietarymonitoring. Thisapproachwouldhelppeoplecontrol
their calorie intake, make educated food decisions, and
encourage better lifestyles.

Theproposedsystemcontributestourbansafetyby
integrating various sensors to monitor manhole covers. It
detects toxic emissions, fluctuations in internal temperature,
tilting hazards, and water levels. Prompt alerts to authorities
via voice messages and real-time data updates aim toprevent
accidents, safeguard lives, and improve publichealth in
urban areas.

II. LITERATUREREVIEW

The existed system that follows explores deep
learning techniques for classifying foods using the UEC
Food-100 database, presenting benchmarkresults averaged
acrossfive trials. By0.44percentagepoints,itoutperforms the
previous best-shot performance with a state-of-the-art
accuracy of 90.02%. The finest results are obtained by
employing the group approach that combines the ResNeXt
and DenseNet models. By offering food databases,
presenting common  techniques, and increasing
classification accuracy, this research advances automatic
food recognition.

The application of deep learning and image
processing techniques in quantifying food intake and
identifying various foods is explored in this research. The
study proposes a calorie measurement system that predicts
calorie counts in food images using image processing and
Convolutional Neural Networks (CNN). The system
provides real-time statistics on calorie consumption and
achieved a testing accuracy of 78.7% using a dataset of 20
food classes with 500 photos each [2].

Toaddressthe need for a balanced diet and combat
obesity, the research focuses on developing a system that
employs deep learning techniques, particularly CNNs, for
accurate food image classification and estimation of food
properties. With an impressive 85% accuracy rate in
categorizing food photos and evaluating food qualities, the
system utilizes pre-trained CNN models and emphasizes the
importance of improving databases and food recognition
techniques for future enhancements [3].

In the quest to monitor caloric intake and promotea
healthy diet, the study investigates the use of image
processing and CNNs for food detection and calorie
calculation. It highlights CNN's superior accuracy in food
identification and examines the system's limitations,
advantages, and potential for encouraging dietary balance

[4].

Another research paper describes a method for
identifying food items in photos and estimating their calorie
content using CNNs. By swiftly identifying food products
and reporting their calorie amounts, the technology aims to
combat obesity effectively. The paper provides insights into
literature review, software requirements, systemdesign, and
testing procedures [5].
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A study presents the development of an Android-
based health monitoring app utilizing machine learning to
categorize food items and estimate caloric intake.Employing
TensorFlow, Faster R-CNN, and CNN-based
foodclassificationmodels,thesystempredictscalorieintake
from food photos and offers personalized exercise and
nutrition regimens [6].

Deep learning techniques, including CNNs, are
utilized for food quality detection, defect detection, and
nutritional content evaluation in another research work. The
study emphasizes the effectiveness of CNN models in
various food-related applications and discusses future
research directions for improving food qualitydetection [8].

The research delves into the application of
Convolutional Neural Networks (CNNs) for accurately
predicting food calories from photographs, showcasing
promising accuracy levels and offering a user-engaging web
application. The study concludes that food calories can be
reliably identified and estimated through the proposed
method [9].

Another research endeavor aims to develop a CNN
model with an 85-86% accuracy rate for predicting food
calories based on images. The model holds potential for
integration into mobile-based systems to aid dietitians in
treatingpatients with weight-related issues, emphasizingthe
importance of a lightweight and parameter-optimizedsystem
for precise and rapid calorie estimation [10].

The NIRSCAM system, discussed in the text,
presents a portable near-infrared sensor device designed for
estimatingmealcalories.UtilizingL ED-basedspectrometry,
the systemaccuratelycalculatesfood caloriesacrossvarious
food types, outperforming image-based methods and
demonstrating robustness in diverse scenarios [11].

A comprehensive exploration of deep learning
techniques for food image recognition is covered in an
article, spotlighting architectures like ResNeXt, DenseNet,
and EfficientNet. By employing an ensemble approach with
ResNeXt and DenseNet models, the study achieves an
impressive accuracy of 90.02%, underscoring the
significance of extensive and diverse food datasets for
algorithm training. The paper also examines challenges in
classifying food, particularly in multifood photos, and
evaluates various deep learning models' effectiveness [12].

In the quest to aid users in monitoring caloric
intake, a study introduces a systemleveraging deep learning
neural networks for precise food item classification and
recognition. With an outstanding overall accuracy rate of
99%forindividual foodservings,thesystemintegratesdeep
learning neural networks with graph cut segmentation to
achieve high food recognition accuracy, providing userswith
a user-friendly approach to monitor their food intake and
make healthier choices [13].

Furthermore, the study outlines a method for
estimating food product calorie content from photos using
machine learning. The system, encompassing stages such as
food item type determination, gram size calculation, and
calorie projection, outperforms baseline approaches in
accuracyandefficiency.Leveragingadatasetcomprising
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photos of fast food products, the method predicts calories
withremarkableprecision,incorporatingfeaturesextraction,
data compression, food type -categorization, food size
prediction, and calorie prediction within its system design
[14].

Insummary, theseresearchstudiesdemonstratethe
potential of deep learning and image processing techniques
in accurately classifying food images, estimating caloric
intake, and combating obesity-related disorders. By
leveraging advanced technologies, these systems aim to
provide users with effective tools for managing their dietary
habits and promoting healthier lifestyles.

I1II. PROPOSEDMODEL

The proposed system utilizes a deep neural network trained
on the UECFOOD 100 dataset and the VGG16 pretrained
model to recognize food items across various categories.The
dataset, annotated with bounding boxes, undergoes
preprocessing steps such as scaling and normalization. While
dietary information is based on known items due to the lack
of exact dataset details, random values are utilized for
illustration purposes. Currently capable of identifying and
detecting a single food item, the system holds potential for
future expansion to recognize multiple foods. This
underscores the effectiveness of deep learning in food
recognition tasks, with opportunities for refining
performance in complex scenarios and providing more
comprehensive nutritional information.

Future advancements in deep learning algorithms aim to
enhance precision in calorie estimation, integrate real-time
monitoring, provide personalized nutrition advice, and
collaborate with food tracking applications to enhance user
experience.Moreover,incorporatinguserinputandensuring
database updates could further enhance the system's
reliability.

A. Methodology

1. ResNeXt: ResNeXt, a convolutional neuralnetwork

architecture, = was  employed for  image
categorization  tasks. Noteworthy for its
"cardinality" parameter, ResNeXt -efficiently

expands network capacity by grouping layers into
different "cardinality" dimensions. This design
promotes diverse feature learning by leveraging
parallel paths within each layer, enhancing
representational ~ power  while  maintaining
computational efficiency. ResNeXt surpasses
previous  architectures  like  ResNet and
demonstrates cutting-edge performance on various
visual recognition benchmarks. Its modular
structure and scalability make it adaptable to
different datasets and tasks, positioning it as a
cornerstone in deep learning research for image
classification.

2. DenseNet: The Dense Convolutional Network,
known as DenseNet, features a unique dense
connectivity layout between layers. Unlike
traditional networks with sequential layer
connections, DenseNet establishes feed-forward
connectionsbetweeneachlayerandallother
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layers, fostering feature reuse and enhancing
gradient flow. This dense connectivity mitigates
issues like the vanishing-gradient problem, leading
to improved parameter efficiencyand accuracy. By
aggregating features from all preceding layers,
DenseNet produces compact models with fewer
parameters while achieving state-of-the-art results
in tasks such as semantic segmentation, object
identification, and image classification in computer
vision.

B. AlgorithmforVGG16Model:
1. InputLayer:

* The input layer accepts images of size 224 by 224
pixels with three RGB color channels.

2. ConvolutionalBlocks:

e The model consists of five convolutional blocks,
each comprising multiple convolutional layers
followed by max-pooling layers.

* Each convolutional layer uses a 3 by 3 filter with a
stride of 1.

e Padding is applied to preserve the spatial

dimensions of the feature maps.

e The number of filters doubles with each max-
pooling layer, reaching 128, 256, and 512 filters in
successive blocks. The number of filters increases
withdepth,startingwith64filtersinthefirstblock.

* Max-pooling layers with a 2 by 2 window and a
stride of 2 are used to reduce spatial dimensions.

3. FullyConnectedLayers:

e Three fully connected
convolutional layers.

layers follow the

e The first two fully connected layers utilize the
ReLU activation function and consist of 4,096
neurons each.

e The third fully connected layer has 1,000 neurons,
representing the output classes of the ImageNet
dataset.

* The softmax activation function is applied to the
last layer to generate class probabilities.

4. OutputLayer:

e The output layer produces probabilities for the
predicted classes based on the input image.

The VGG16 model is a 16-layer convolutional neural
network architecture, featuring a series of convolutional and
max-pooling layers followed by fully connected layers. It is
designed to classify images into one of 1,000 categories in
the ImageNet dataset. The model's architecture ensures
effective  featureextractionthroughconvolutionallayersand
achieves high accuracy in image classification tasks.
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Figurel:VGG16ModelArchitecture

C. Flowchart

When setting up a CNN model comprising 7 layers, a
sequence of convolutional, pooling, and fully connected
layers is devised. Convolutional layers are responsible for
extracting features from input images, while pooling layers
aid in down sampling feature maps. Fully connected layers
processtheextracted featuresfor tasks suchasclassification or
regression. Techniques like dropout are employed for
regularization to prevent overfitting, and optimizers like
Adam or RMSprop are utilized to update the model
parameters during training. Activation functions, loss
functions, and evaluation metrics are carefully chosen to
optimize the model's performance. Lastly, hyperparameter
tuning is conducted iteratively to refine the model's
configuration for achieving the best possible results.
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Figure2:Workflowdiagram
IV. IMPLEMENTATION&RESULTS
With the implementation of the VGG16 pretrained model,
our project achieved a notable accuracy of 92.3% in food
recognition tasks. Through meticulous data preprocessing,

model training, hyperparameter tuning, and evaluation, we
optimizedthemodel'sperformancewhileensuring
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robustness and generalization. Despite challenges like the
lack of precise dietary information, the model successfully
recognized various food items from the UECFOOD 100
dataset. This accomplishment highlights the effectiveness of
deep learning techniques in providing comprehensivedietary
insights. Moving forward, our project paves the way for
future advancements in food recognition systems, with the
potential for recognizing multiple food items and delivering
more accurate nutritional information for informed decision-
making.

Commonly utilized metrics such as accuracy, precision,
recall, and Fl-score offer valuable insights into the
performance of classification models. Accuracy provides an
overall measure of correctness, precision aims to minimize
false positives, recall prioritizes the reduction of false
negatives, and the Fl-score strikes a balance between
precision and recall. Moreover, the ROC curve and AUC
(Area Under the Curve) metrics evaluate the model's
capacity to differentiate between classes in binary
classification tasks. Together, these metrics offer a
comprehensive evaluation of the logistic regression model's
performance and its effectiveness in classification tasks.

Figure3:FoodrecognizedasPorkcutletonrice

The above figure shows the food recognized as port
cutletonrice,afterboundingboxtheuploadedimage. And it
gives the dietary details of that food item includes total
calories, fats, carbohydrates, proteins as shown below:
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Figure4: Dietaryinformation given
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Figure5: Accuracy/LossAnalysis

Theaboveshowsthattheanalysisofthemodelincludes
accuracy/loss functions. By observing the above graph we
can say that the accuracy increases wisely. It shows the
modelgetbestaccuracyratherthanpreviousmeasurements.

Afterimplementation,ourprojectachievedanaccuracy of
0.92219275, equivalent to 92.3%. This represents the
highest accuracy attained by our model compared to
previously trained models.

V. CONCLUSION

In summary, this project showcases the viability of
employing deep neural networks, particularly the VGG16
pretrained model, for food recognition tasks. Despite the
dataset's lack of precise dietary information, our system
adeptlyidentifiesfooditemsacrossvariouscategoriesusing the
UECFOOD 100 dataset. While dietary details are currently
assigned random values, this project serves as a
foundationfordeliveringaccuratenutritionalinformationin
futureiterations.Furthermore,thesystemcurrentlyfocuses on
detecting and recognizing single food items but holds
potential for expansion to recognize multiple food items in
the future. Overall, this project underscores the efficacy of
deep learning techniques in food recognition and paves the
way for further advancements in providing comprehensive
dietary  insights for informed decision-making.
Furthermore, the system can be expanded in the future to
recognize and provide dietary information for many foods
inadditiontoitscurrentfocusonsinglefooditemdetection and
recognition with dietary information. As well, the
presentsystemisdevelopedwithagraphicaluserinterface, and
it will also be able to create online and mobile applications
in the future.

REFERENCES

[1] A.Rosebrock,"YOLOobjectdetectionwithOpenCV,"
November 12, 2018. [Online]. Available: [Link].

[2] D. Toro-Martin, B.J. Arsenault, J-P. Després, M-C.
Vohl, "Precision nutrition: a review of personalized
nutritional approaches for the prevention and management
of metabolic syndrome," Nutrients, 9 (8), p. 913, 2017.

[3] D.K. Hosker, R.M. Elkins, M.P. Potter, "Promoting
mental health and wellness in youth through physical
activity,nutrition,andsleep,"ChildAdolescPsychiatrClin N
Am, 28 (2), pp. 171-193, 2019.

[4] A. Tebani, S. Bekri, "Paving the way to precision
nutritionthroughmetabolomics,"FrontNutr,6,p.41,2019.

[5] G. Tabacchi et al., "Dietary assessment methods in
surveillance systemstargetedtoadolescents:areviewofthe

Volume X111, Issue VII, JULY/2024

ISSN NO : 2347-3150

literature,"NutrMetabCardiovascDis,29(8),pp.761-774,
2019.

[6] G. Ciocca, P. Napoletano, R. Schettini, "Food
recognition:anewdataset,experiments,andresults,"I[EEE ~ J
Biomed Health Informatics, 21 (3), pp. 588-598, 2017.

[71 JH. Hankin, L.R. Wilkens, "Development and
validation of dietary assessment methods for culturally
diverse populations," Am J Clin Nutr, 59 (1), pp. 198S-
2008, 1994.

[8] S. Owens, "The 9 best food tracker apps of 2022," 8
January 2022. Available: [Link].

[91 A. Sauceda, C. Frederico, K. Pellechia, D. Starin,
"Results of the Academy of Nutrition and Dietetics'
Consumer Health Informatics Work Group's 2015 member
app technology survey," J Acad Nutr Diet, 116 (8), pp.
1336-1338, 2016.

[10] H. Kalantarian, N. Alshurafa, M. Sarrafzadeh, "A
survey of diet monitoring technology," IEEE Pervasive
Comput, 16 (1), pp. 57-65, 2017.

[11] O. Amft, G. Troster, "Recognition of dietary activity
eventsusingon-body sensors," ArtificIntelilMed,42(2),
pp-121-136,2008.

[12] C.J. Boushey et al., "New mobile methods for dietary
assessment: review of image-assisted and image-based
dietary assessment methods," Proc Nutr Soc, 76 (3), pp.
283-294, 2017.

[13] M. Hossin, M.N. Sulaiman, "A review on evaluation
metrics for data classification evaluations," Int J Data
Mining Knowledge Manage Process, 5 (2), p. 1, 2015.

[14] M.F.Vasiloglou etal.,"What healthcareprofessionals
think of “nutrition & diet” apps: an international survey,"
Nutrients, 12 (8), 2020.

[12] "Fine-Grained Food Classification Methods on the
UEC FOOD-100 Database,” IEEE Transactions on
Artificial Intelligence, vol. 3, no. 2, April 2022.

[13] "Food Recognition Model Based on Deep Learning
and Attention Mechanism," 2022 8th International
Conference on Big Data Computing and Communications
(BigCom), Xiamen, China, 2022, pp. 331-341, doi:
10.1109/BigCom57025.2022.00048.

[14] "Indian Food Recognition and Calorie Estimation
using YOLOVS," International Journal of Creative
Research Thoughts (IJCRT), 2023.

[15] "Food Calorie Measurement Using Deep Learning
Neural Network," Research gate, 2016.

[16] "Calories Prediction from Food Images," Twenty-
NinthAAAIConferenceonlnnovativeApplications(IAAI-
17), 2017.

Page No : 1182



