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Abstract: The escalating prevalence of lifestyle-related health issues, such as obesity and diabetes, highlights the critical
importance of health awareness and effective lifestyle management. Advanced dietary tracking solutions have emerged as
essential tools to address these challenges. This paper presents an innovative Al-driven system that automates food
recognition, calorie estimation, and personalized meal recommendations using cutting-edge machine learning and image
processing techniques. Leveraging deep learning models, including Convolutional Neural Networks (CNNs), SIFT, and
Gabor filters, the system accurately identifies food items from user-uploaded images and calculates their nutritional
values. Beyond calorie tracking, the system offers tailored meal plans based on user preferences, health conditions, and
fitness goals, ensuring a personalized approach to nutrition management. Key features include real-time dietary tracking,
dynamic goal adjustments, and progress monitoring, empowering users to make informed dietary choices. Integration
with wearable devices enhances accuracy and user experience, while future advancements, such as block chain for secure
data storage and augmented reality for interactive meal analysis, promise to elevate its effectiveness. This comprehensive
solution aims to revolutionize digital health and wellness, fostering healthier lifestyles through technology-driven
innovation.

Keywords: Machine learning, Food recognition, Calorie estimation, Smart dietary, SIFT, CNN, Gabor filters, real-time
dietary tracking.

I. INTRODUCTION

The rising prevalence of obesity and diabetes has emerged as a critical global challenge, necessitating advanced
technological interventions to manage and prevent these conditions effectively. Obesity, as defined by the World Health
Organization, is characterized by a Body Mass Index (BMI) of 30 kg/m? or higher and is linked to an imbalance between
caloric intake and energy expenditure. This imbalance, coupled with unhealthy eating habits and sedentary lifestyles, has
resulted in over half the population being overweight and nearly a third classified as obese. The rapid urbanization and
modernization of lifestyles have inadvertently led to an alarming surge in lifestyle diseases, with obesity and diabetes
ranking as two of the most critical global health concerns. These conditions not only strain healthcare systems but also
diminish quality of life, making their prevention and management imperative. Such alarming statistics underscore the
urgency of addressing this issue, particularly given its association with diabetes, cardiovascular disorders, and other
lifestyle-related diseases. Traditional approaches to dietary tracking and diabetes management such as manual food
logging, nutritional consultations, and periodic clinical tests face several limitations, including inaccuracies in data, lack of
personalization, and the time-intensive nature of these methods. Consequently, there is a pressing need for innovative
solutions that automate dietary monitoring, provide accurate predictions, and offer tailored recommendations to
promote healthier lifestyles. The system employs deep learning algorithms to recognize food items from user-uploaded
images, accurately estimate their calorie content, and predict diabetes risk based on individual health profiles.
Furthermore, it provides personalized dietary recommendations tailored to users' preferences, health conditions, and
fitness goals, enhancing user engagement and effectiveness in achieving health objectives. Key features of the system
include real-time dietary tracking, dynamic goal adjustments. Future enhancements, such as block chain based secure data
storage and augmented reality for interactive meal analysis, hold promise in elevating its functionality and impact. By
combining innovative methodologies such as clustering, classification, and rule-based algorithms, this project introduces a
comprehensive approach to dietary management, empowering users to make informed decisions and fostering a proactive
shift towards healthier living. In this era of growing health awareness, the proposed system aims to address the twin
challenges of obesity and diabetes with cutting-edge technology, revolutionizing the paradigm of digital health and
wellness.
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RELATED WORK

The integration of artificial intelligence (Al) and machine learning (ML) into dietary management systems has gained
significant attention in recent years, with numerous studies exploring innovative approaches to address obesity and
diabetes. This section reviews key contributions from existing literature, focusing on methodologies and findings relevant
to the proposed system. Identification of Food Given their capacity to extract high-level information from photos,
Convolutional Neural Networks (CNNs) has been frequently used for food image recognition. A study titled Automatic
Food Recognition Using Deep Convolutional Neural Networks with Self-Attention Mechanism proposed food
recognition model that achieved high accuracy on datasets such as Food-101 [1]. This work demonstrates the potential of
CNNs in automating food identification, aligning closely with the objectives of the proposed system. [2] Nutrient
Estimation with CNN-Based Models, Nutri Food Net framework utilized CNNs for automated food image recognition
and nutrient estimation, achieving a classification accuracy of 97.3%. This study highlights the effectiveness of CNNs in
promoting healthier dietary decisions, which is a core feature of the proposed system. Feature Extraction Using SIFT and
Gabor Filters have been extensively used for feature extraction in image processing. Research on texture analysis using
Gabor filters [3] and feature generation with SIFT [4] demonstrates their capability to identify food textures and patterns,
making them ideal for food recognition tasks in the proposed system. Personalized meal plans based on user-specific data
can be effectively generated using Decision Tree Algorithms for Personalized Recommendations. A study on personalized
diet recommendation systems [5] emphasized the utility of decision trees in tailoring dietary suggestions to individual
health profiles, preferences, and goals, which aligns with the recommendation engine in the proposed system. The Al-
Powered Nutrition Assistant and Step Tracker [8] combined 10T and Al technologies to deliver personalized nutrition
tracking and meal planning. This work highlights the importance of integrating real-time tracking and adaptive
recommendations, which are key features of the proposed system. Machine Learning for Dietary Analysis Research on
Al-driven dietary assessments [9] explored using machine learning algorithms to analyze dietary patterns and nutrient
composition. These findings support the use of ML techniques in calorie estimation and dietary tracking. Food Detection
and Recognition Using CNNs study on food detection using CNNs [10] demonstrated the superiority of deep learning
over traditional methods in food image classification. This aligns with the proposed system's reliance on CNNs for
accurate food recognition. Al in Personalized Nutrition in which Artificial Intelligence for Dietary Management [11]
chapter reviewed Al techniques for personalized nutrition, emphasizing the role of tailored dietary recommendations in
improving health outcomes. This work underscores the importance of personalization in dietary planning systems. The
NutriVision framework displayed a system for modified thin down organization utilizing Speedier R-CNN for food
affirmation and calorie estimation. They consider outlined the ampleness of significant learning in recognizing food things
and giving personalized dietary examination [6]. Augmented Reality for Interactive Meal Analysis has been utilized to
enhance user engagement in dietary planning. [7] AR-based tools allow users to visualize portion sizes and nutritional
content, providing an immersive experience that complements dietary management systems.

II. OVERVIEW OF METHOD AND RESULTS

The proposed system for Smart Dietary Planning with Food Recognition and Calorie Intake Estimation is designed to
address the growing challenges of obesity and diabetes by leveraging advanced machine learning and image processing
techniques as shown in Figure 1. This section outlines the methods employed in the system and the results achieved
during its implementation and evaluation. The procedure of the proposed system is organized into a number of key
stages, each contributing to the by and large value and ampleness of the dietary orchestrating framework. The system
begins with client selection, where individuals input person focuses of intrigued such as age, sex, weight, stature,
prosperity conditions, and wellness objectives. This information is critical for tailoring dietary recommendations to the
unique needs of each user. The system calculates the user's Body Mass Index (BMI) and assesses their health profile to
determine specific dietary requirements. Users upload images of their meals through a user-friendly interface. These
pictures encounter preprocessing steps, checking resizing, clamor reducing, and division, to ensure perfect quality for
examination. The center of the system's convenience lies in its capacity to recognize food things from exchanged
pictures. Preprocessing is essential for standardizing input data and improving the accuracy of subsequent image
recognition tasks. Convolutional Neural Frameworks (CNNs) are utilized for this reason due to their illustrated
practicality in picture classification assignments. The CNN model is trained on a diverse dataset of food images, enabling
it to identify a wide range of food items with high accuracy. The system also incorporates feature extraction techniques
such as Scale-Invariant Feature Transform (SIFT) and Gabor filters [12] to enhance recognition performance under
varying conditions, such as changes in lighting and orientation. Once the food items are identified, the system calculates
their caloric values using a reference database of nutritional information. This database includes detailed profiles of
common food items, which includes their calorie content, macronutrient composition, and portion sizes. The calorie
estimation process involves matching the recognized food items to their corresponding entries in the database and
scaling the values based on portion size. The system generates personalized meal recommendations using decision tree
algorithms. These algorithms analyze the user's health profile, dietary preferences, and caloric needs to create tailored
meal plans [11]. The recommendations are designed to align with the user's fitness goals, such as weight loss, weight
maintenance, or muscle gain. The decision tree approach ensures that recommendations are both relevant and
actionable. The system includes a real-time tracking feature that monitors the user's dietary intake and compares it to
their recommended goals. This feature provides feedback on progress and suggests adjustments to optimize health
outcomes [13]. For example, if a user exceeds their daily calorie limit, the system may recommend lower-calorie meal
options for the following day. The system integrates user-provided health data, such as blood sugar levels and activity
metrics, to enhance the accuracy of dietary recommendations.
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This integration allows the system to address specific health conditions, such as diabetes, by providing targeted advice on
managing blood sugar levels through diet. All user data, including health profiles, food recognition results, and dietary
tracking metrics, is stored securely in a centralized database.

F - o — - =~y
L' r g ansors arad 1wt Baralrly ol s
el seten T TR
Y - sy . A
k b
# " -~ *
et Dot e
F P e Perwonalised & |
- ek o T T T Al e I Db
———— |
. o - "y % #
— - = - - .\\
L Droes amr -
¢ Ll T o = wpuiate
L. o~ e -
o -~ z =~
C o T EST b Fral rewwr grea
ad sl e ST
- .

Figl. Experiment workflow of model.
The database is designed to support efficient data retrieval and analysis while ensuring user privacy and data security. The
implementation and evaluation of the proposed system yielded promising results, demonstrating its potential to
revolutionize dietary management and promote healthier lifestyles. The system achieved an overall food recognition
accuracy of 95% during testing. The use of CNNs, combined with SIFT and Gabor filters, contributed to robust
performance in identifying diverse food items across various environments. The model's ability to generalize to new food
categories was validated through cross-validation on an independent dataset. The calorie estimation process
demonstrated high precision, with discrepancies of less than +£5% compared to ground truth values. This level of
precision guarantees that clients get solid data approximately their dietary admissions, empowering them [14] to create
educated choices approximately their nourishment. The decision tree-based recommendation engine effectively
generated customized meal plans that aligned with users' health profiles and dietary preferences. Feedback from test
participants indicated high satisfaction with the relevance and practicality of the recommendations. Users reported
improved adherence to dietary goals and greater motivation to maintain healthy eating habits. The system's user-friendly
interface and interactive features contributed to high levels of user engagement. Participants appreciated the convenience
of uploading food images and receiving instant feedback on their dietary intake. The real-time tracking and goal
adjustment features were particularly well received, as they provided actionable insights for achieving health objectives.
Preliminary evaluations of the system's impact on health outcomes showed positive trends. Users who adhered to the
system's recommendations experienced improvements in key health metrics, such as BMI and blood sugar levels. This
level of exactness guarantees that clients get solid data almost their dietary admissions, empowering them [14] to form
educated choices almost their nourishment.

I1l. PROPOSED METHOD

In this study, we have used Anaconda is a powerful Python and R distribution designed for data science, machine learning,
and scientific computing. It comes with an Integrated Development Environment (IDE) that includes tools like Jupyter
Notebook, Spyder, and RStudio, along with a graphical interface called Anaconda Navigator for easy package and
environment management. Python Code is contained within objects in object-oriented programming, which Python makes
easier. Although punctuation is used in other languages, English keywords are used more frequently and there are less
syntactical structures. Flask is a web framework that allows developers to build lightweight web applications quickly and
easily with Flask Libraries. With the help of Flask Libraries, developers can quickly and simply create lightweight web apps
using the Flask framework. There are majorly two modules used in this model.
A. FOOD TYPE IDENTIFICATION AND CALORIE ESTIMATION
The proposed system architecture consists of five important modules namely, resizing, feature selection, classification,
volume measurement and calorie estimation as shown in Figure 2 An image of food item is taken using a built in camera
of a smart phone or it can be downloaded from the web. A food image is captured and stored with its measurements
when it is used for first time. Food images with two food items can also be taken and segmentation is done to separate
the food portions. Then the image processing and classification techniques are applied to find the area of food portions,
their volume, and their nutritional facts.
1. RESIZING
The food image input is passed to the resizing stage in this first step. The image is resized by this module according to its
height and breadth. The image should have 64 pixels because of this scaling. Next, rescaling of the photos is done so that
64*64 pixels is the largest side.
2. FEATURE EXTRACTION
Using the SIFT, Gabor filter, and colour histogram methods, this module extracts several features from the provided
image.
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Fig 2.System Architecture
i. SIFT Method
Scale Invariant the feature transform algorithm is used to identify as well to characterize an image's local features. A
resized image is sent to the feature extraction module as input. As seen these stage takes the image's dense grid and
extracts its main points and feature vector. The feature vector and important spots are extracted using the SIFT
technique. This algorithm is divided into four phases. Firstly, Scale Space Extrema Detection Equation (5.1) indicates that
this phase uses the difference of the Gaussian function to explore the entire image locations to extract the key points.
Thus, the salient features are independent of orientation and scale.
L(x, y, 0) = G(x, Y, ) *| (X, y)

Where, G(X, Y, o) is a Gaussian function (5.1) , I(x,y) is an input image and L(x,y) is a scale-space function.
Secondly, Key Point Localization illustrates that the amount of contrast will vary among all the key points retrieved. It is
not possible to examine the critical locations with low contrast for additional processing. Therefore, it must be
eradicated. From the retrieved key points, the low contrast key points are removed in this stage. Third, Orientation
assignment for each key point position are distributed based on image's gradient direction. Finally the image has been
scaled along with the distributed orientation. Each feature's position is used in subsequent computations. According to
Equation (1), these transformations are invariant.

_ 1tan-1 ((L&xy + 1)- Lxy — 1))

_ 0= C(Lx+1y)-Lx-1y) _ (1_) _ _

where, L(X, y) is a scale space, 0(x, y) is pre computed using pixel difference, | (X, y) an input image and L(x, y, o) is a
scale-space function. Fourth, Key points are used in this stage to derive the feature vector. The SIFT technique is used to
extract each key point as a 16*16 pixel region, which is then further subdivided into several tiny 4*4 sub partitions.

)

)

B

K(x,,x,) =exXxp(— 3
2o

ii. Gabor Filter Method
The resized image is fed into the feature extraction step. To extract the feature vector, it employs the Gabor filter bank
approach (Madival & Visswanath, 2012). To extract a feature vector based on an image's texture, the gabor function is
employed. As seen in Figure 4.2, the image is segmented using the Gabor filter approach based on textural features.
Three steps make up this algorithm. Firstly, The Gabor filter is suitable for images in which each pixel within window is
subjected to the Gabor filtering procedure, which accounts for the texture feature. The mean and standard deviation of
the energy in the filtered image are then measured. Generally speaking, picture block size and image segment size are
proportionate.
G(X, Y, 0,U,0) =12nc2 exp {- x2 + y2/202}exp{2mi (U X cosO + u y sin )} 3)

Where, o is standard deviation, 6 is orientation and u is frequency of sinusoidal wave. This step eliminates low contrast
points using Gaussian function. Secondly, image segmentation involves divided the image into number of 4x4 blocks, and
each block is convolved with Gabor filter. Here, Gabor filter with six orientations and five scale is used. Moreover, the
mean and variance of the Gabor sizes are calculated for each block.

iii. Color Histogram Method

Images of resized food are supplied as input for the colour histogram technique. The allocation of colors in the picture is
defined by its colour histogram. Each colour zone's pixel count is stored in colour histograms of colour space. Similarly,
the grey level histogram is constructed for grey level images. Image: | Quantized colors: c1, cl...cm, Distance b/w two
pixels: |p1- p2| = Maxi( |[x1- x2|, [yl- y2| Pixel set with color c: Ic = p| I(p) = ¢ Given distance: k
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3. MULTICLASS SVM CLASSIFICATION METHOD

The commonly used approach for SVM-based multi-class classification is the one-versus all method (Vapnik, 1999). This
technique constructs 'k' SVM models, where 'k' represents the number of classes. The final classification is determined
based on the classifier with the highest output score. All available data samples are required to train N classifiers. This
algorithm constructs n(n-1)/2 binary classifiers by considering all possible pairwise combinations of the n classes. During
training, samples from one class are treated as positive, while those from the second class are considered negative. To
aggregate the results from these classifiers, the MaxWins algorithm is applied, determining the final class by selecting the
one with the highest number of votes. Since each classifier is trained on a subset of data consisting of only two classes,
the number of samples used for training each one-vs-one classifier is relatively small. This reduction in sample size
minimizes nonlinearity, leading to faster training times. However, a key drawback of this method is that each test. RBF
assigns class labels using Equation (5.4). The segmentation process is used to divide the food image into distinct portions,
helping to identify different food items. It also defines the boundaries of the food within the image. The primary goal of
Multiclass SVM is to classify data into multiple categories, predicting the target values of test samples based on their
features.

4. MEASUREMENT OF VOLUME

A volume measurement is performed using the identified food portion as input. This method takes two pictures, one
from the top and one from the side, to calculate the size of the food. Length and width are measured using the top view,
and height and depth are calculated with the aid of the side view.

B. FOOD RECOMMENDATION SYSTEM

The architecture of the Intelligent Food Recommendation System is shown in Fig 3. It has multiple modules including
User Interface, Decision Manager, Interface Engine, Rule Base, Deep Neural Network Manager, Agent Subsystem, Image
Data Manager, Diabetic Analyzer, Image Database, Lookup Table, Disease Database, Food Database and Food
Recommendation. The decision manager oversees the overall system operation and ensures its functionality. It performs
multiple tasks, including selecting an effective classification method on basis of predefined rules. Additionally, it plays a
important role in developing a reliable decision support system, particularly in medical diagnosis. The preprocessing
subsystem consists of four components: the input dataset, preprocessing module, outlier detection module, and feature
selection module.

i. User interface

The user interface module facilitates interaction between the user and the system, making it a crucial component of the
overall architecture. This interface enhances user experience by enabling effective perception and communication of
essential information. Additionally, the user interface design incorporates computing capabilities to ensure seamless
interaction. It provides well-structured formats and appropriate languages, allowing information to be displayed with high
accuracy and improved user control.

ii. Preprocessing module

Five Food products can be photographed using a smart phone or an integrated camera, and the photos can be saved in a
database. Another option is to download food photos from the internet and store them in a food picture database. Food
photos go through a preprocessing step that involves feature extraction and scaling. The resizing procedure modifies the
image's height and width, making sure that 64 x 64 pixels is the largest side. Repetitive, redundant, or duplicate features
may be included in the clinical data utilized in the model for disease prediction; these should be eliminated or aggregated
for better model development. There are hundreds of patient records with numerical, categorical, and other kinds of
data in the UCI Machine Learning Repository, which is used as a sample dataset. The first step in preprocessing is data
cleaning, which involves converting text files into a relational database format, removing redundant records, and
addressing any missing or incomplete data. Following this, feature selection is performed to refine the dataset for training
the fuzzy neural network.

iii. Feature selection module

The algorithms SIFT, Gabor filter, and Color Histogram method are used in the feature selection phase to extract image
features, i.e., local key points, texture features, and color features, respectively. In this module, the SIFT feature selection
algorithm is used for attribute subset selection, which helps to build effective classification models. Additionally, the
selection process is helpful in identifying a minimal feature subset by eliminating redundant features, and it uses an
enhanced version of the filter method for feature selection to ensure high accuracy. This procedure is necessary to
increase the computing speed and accuracy of the intelligent decision support system.

iv. Deep neural network manager

The retrieval, matching, and execution of rules are handled by the Deep Neural Network Manager. The expert's choice
determines whether it uses a forward chaining or backward chaining interface mechanism. To improve the efficiency of
decision-making, it builds discriminate networks and uses rule-matching algorithms. Effectively managing uncertainty, even
when working with incomplete information found in the food dataset, the main benefits of using a Deep Neural Network
Manager.

v. Rule base

Rule mining from the rule base is based on a knowledge representation model, which is created as described in this
portion of the architecture. The rule base contains all of the new rules that the suggested algorithms produce. The Rule
Manager interacts with the rule base to check for the final decision, while the Deep Neural Network Manager lets users
request the addition or removal of rules.

Individual patient record inquiries are then processed using these stored rules. These queries can be run as singleton
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Fig 3.Architecture of Food Recommendation
vi. Decision manager
The Decision Manager module is in charge of managing the recommended system's overall operation. This module makes
crucial decisions on disease prediction, food type recognition, and user-recommended foods [15]. To increase accuracy
of the proposed meal suggestion system, the decision manager is also necessary for feature selection and classification. It
utilizes the features of the Deep Neural Network Base and Inference Engine to facilitate decision-making. Additionally, it
plans and oversees the operations of all other system modules.
vii. Agent subsystem
When it comes to food type recognition, sickness prediction, and food suggestion, the Agent Subsystem Module helps
the Decision Manager Make well-informed decisions. The Agent Subsystem, which includes specialized agents for fuzzy
reasoning, temporal reasoning with prediction, and diabetes analysis, is what the Decision Manager uses to facilitate
intelligent decision-making. Every agent sense and act in accordance with predetermined regulations. The Agent
Subsystem also makes it easier for all other subsystems in the suggested system to communicate with one another.
Agents can be moved between modules under the direction of the Decision Manager for activities like data gathering,
inference, and efficient communication, even though they are typically static.
viii. Interference engine
In order to assist the Decision Manager in making decisions, the Acceptance Engine Module is in charge of carrying out
investigator derivation by applying rules from the rule base and providing the generated data. Furthermore, it uses the
deep Neural Network to make decisions throughout the entire food selection process.
iX. Image data manager
When it comes to identifying food types, predicting diseases, and recommending foods, the Operator Subsystem Module
supports the Decision Manager. The Operator Subsystem which includes specialized agents for fuzzy reasoning, temporal
reasoning with prediction, and diabetes analysis, is used by the Decision Manager to make intelligent decisions. The
Operator Subsystem also makes it easier for the other subsystems in the suggested system to communicate with one
another. Although agents are typically passive, they can be moved across modules for effective communication, data
collecting, and inference under the direction of the decision manager.
X. Diabetic manager
The Diabetic Analyzer Module predicts if a patient has diabetes by using a database of diabetic diseases. Simple decision
rules are produced by an algorithm and kept in the rule base as the foundation for the prediction process. Each patient's
disease severity is determined by applying these guidelines to the processing of individual patient record queries. The
Diabetic Analyzer's expected outcomes are what the Decision Manager uses to make decisions. Additionally, the module
takes into account the medical history of the patient, including blood test results, blood sugar levels, and eating patterns.
It also uses historical and current data to predict future health trends. Additionally, by grouping diabetic patients into
distinct categories, it makes it possible to provide individualized preventative measures.
xi. Food recommendation module
The Decision Manager's disease prediction results are used by the Food Recommendation Module to provide appropriate
food options using a food dataset and a lookup table. This module suggests foods for patients based on their calorie
content and the severity of the ailment. To further ensure that dietary recommendations are in line with expert guidance,
the Food Recommendation Module also integrates proposals from subject matter experts. When recommending food, it
also takes into account advice from dietitians and medical professionals. This module selects suitable food products for
people of various ages, either from a list of possibilities that are already available or from readily available food sources.
xii.Image database
Several food photos that were taken with a smart phone, an internal camera, or downloaded from internet are kept in
the image database. Using this database, food kinds are identified and the calorie value of the recognized food items in the
input photos is estimated. The database's food photos are taken from the Internet. Six food item categories have been
examined for analysis in this study.
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Algorithm 1 Decision Tree-Based Partition

Require: Input- D dataset — features with a target class
for % features do

for Each sample do
Execute the Decision Tree algorithm
end for
Identify the feature space ), £, ..., £ of dataset UCI

©) C

Obtain the total number of leaf nodes Iy, s, Iy, . . .. |, with

its constraints (10)
Split the dataset D into d;, ds, ds, . . .,d. based on the leaf

nodes constraints (11)
Output: Partition datasets d;, d;, d;, . . ., ds

v. EXPERIMENTALRESULTS
In Results mainly focus on verifying our proposed method and evaluating the performance, we set up an experimental
system by the specification, as shown inTablel.
A. Model Evaluation Metrics
Partitioning the dataset into two separate subsets—a training set and a test set—is necessary for model validation. The
test set is used to assess the model's performance, whereas the training set is used to create and train the model. Using
this method, 80% of the data was used for training and 20% for testing. A number of evaluation criteria, such as accuracy,
precision, recall, and F1-score, were used to assess the model's performance.
TN (True Negatives): Indicates the tally of negative tests accurately classified by the show.
TP (True Positives): Talks to the number of positive tests accurately classified by the show.
FN (False Negatives): Shows the number of negative tests mistakenly classified by the show.
FP (False Positives): Implies the tally of positive tests incorrectly classified by the demonstrate

TP+TN

TP+TN+FP+FN(4)

Precision=—— (5)

¥£+FP

Recall= (6)
TP+FN

_2(precisi0n*recall)( )

Accuracy=

precision+recall

Table 1: Performance of Models.

Metrics Accuracy Precision Recall F1
YOLOVS for object detection 97.5911 98.5644 98.2131 98.1263
Linear Regression for Calorie Estimation 96.2345 97.4932 97.3545 97.2491
Decision Tree for recommendation 83.1023 84.7763 83.1677 83.1674

Precision-Recall Curve
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Fig 4.Comparison of YOLO Models

NIRAE: ©2014-25, AM Publications, India - All Rights Reserved https://doi.org/10.26562/ijirae Page-156




A
aii NIRAE:: International Journal of Innovative Research in Advanced Engineering ISSN: 2349-2163
IR RE Volume 12, Issue 04, April 2025 https://www.ijirae.com/archives

B. Sample Outputs

Home Recommendation Tracking Progress

Profile

Kame: ramesh Diay 1 o the foumey Daily Requirements
Waight 90k Vegan: mo

Hedght 3107 Aty Mone Calories: 1820kzal

Age: 40 Pratein: g
Badylal Pyrcentigs: B% Carbehydrate: 1339
Guarent Stalus: underwelghvt Fal: dég
e
- o
Fig 5.Shows the details filled by the user.

lﬁ NutriTrack OME  ABOUT  LOGN

Fig 6.Result for food calories prediction

Today Recommendation

According 1o your 2ala, here are meal recommendetion for you today.

Breakfast Lunch Snack Snack
Salman Ste-Fried with cam Chicken Spaghedl Slir-Fried Rica with tomato and Slir-Fried Rice with mushroom and
peEs cabbags

Target Nutrients Goals

Breakfast Lunch Snack Dinner
Calorie: 546keal Calorie: 637k Calorbe: 182keal Calorie: 455keal
Protein: 289 Protein: 3dg Protwin: 8g Protain: 24g
Carb: 380 Carb: 48 Carb: 13g Carh: 33
Fat: 13g Fat: 159 Fat: 4g Fat: t1g

Fig 7.Shows the food recommendation and Nutrients Goals.
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Recommendation Tracking Progress Profile

Tracking

Breakfast Lunch Snack
Add Food Ao Food Audd F oo

Carh: &5 47T Carbic 24 833 Cart: 30 Bl

Fur: 8 Tag Fan: 13 729 Fat; 053y

Calorie: &332 Dékeal Caloria: 266 ZShew Caloria: 115 9€kca Caldorie: S48 BGacsl

Today Consumpiion

Calories Coresered Pratein Consume o Cart Consamed Fat Cormarmmd

Gowl Cart 1335 Gl Fant 4ag
Reached 116.80% Reached 68 .05%%

Fig 8.Diet Tracking for each day

Recommendation Tracking Profile

Weight Progress (Daily)

More Dhetall

Weight Progress (Weskly)

More Dhatall

Fig 9.Weight Progress for Daily and Weekly basis.
V. CONCLUSION
The Smart Dietary Planning System leverages advanced image processing, machine learning, and personalized health
tracking to provide an automated and intelligent diet management solution. The system architecture ensures seamless
integration of food recognition, calorie estimation, and diet recommendations by combining computer vision techniques
(SIFT, Gabor Filter, and Color Histograms) with machine learning models (SVM for classification and segmentation).By
incorporating user health data and real-time progress tracking, the system continuously adapts dietary recommendations,
making it a highly personalized and dynamic nutrition management tool. The calorie estimation process, based on portion
size measurements and a nutritional database, enhances accuracy, while real-time goal adjustments allow users to achieve
optimal dietary balance. This system represents a significant advancement in Al-driven nutrition planning, offering an
efficient, scalable, and user-friendly approach to diet tracking and health management. Its potential applications extend
beyond individual users to healthcare, fitness industries, and wellness platforms, promoting data-driven and automated
dietary interventions for better health outcomes.
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