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A Review On Advanced Speech Recognition And Synthesis Using Natural
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Abstract : Speech recognition systems enables computers and software applications 10 understand what
people are saying and responding them in providing solutions. Speech recognition system is a part of
natural lanmsige processing applications. The main objective in developing recognition system o
mprove human o buman  communication by enabling human mochine commumcation  while
processing user's speech. Speach 15 an impoetant form of man-machine interface for spesch recognition
systems, In this paper we will address the challenges faced by current speech recognition systems.
Keywords : NLP, Acoustic modelling, DTW approach
I Introduction
Speech recognition enables computers, applications and software to compeehend and translate hunsan
speech data into text for business solutions, The speech recognition maodel works by using artificial
mtelhgence (Al) to analyze our voice and language, dentify by leaming the words we are saying, and
then output those words with transcoption accurscy as moded content or sext data on a screen. Speech
recognition focuses on processing voice data to convert it into a text. Natural language processing
focuses on processing the mputs. Without NLP it's highly impassible for a machine to previde sccurate
results what human s requesting for.

Speech recognition or vose recognition is a process that involves speech accuracy over severl steps
und data or language soluticas, imcludeng:
L1) Recognizing the words, models and content in the user’s speech or audio.
This acouracy step requires training the model 10 identify each word in your vecabulary or audio clowd.
1.2) Converting those audios und language into text,
This step involves converting recognized audios inte letters or numbers (called phonemes) so that the
Al system can process those models.
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1.3) Determining what was said:
Al system check the content and words were spoken most often and how frequently those words used
together to desermine their meanimg, NLP focus on processing the inputs to provide more sccuncy,

Natural Language Processing 1 a part of antificaal intelligence that mvolves analyzing data related to
natural fangunge and converting it into a machine- comprehendible format. Speech recognition and Al
play a pivotal role in NLPs in improving the accurncy and efficiency of human language recognition,

A lot of businesses now include speech-to-text software or speech recognition Al to enhance telr
business applicatons and improve customer expericnce. By using speech recognition Alf4](3) and
vatural longuage proccssing together, companies can transcribe calls, mectings ete. Giant companics
like Apple, Google, and Amazon are leveraging Al-hased speech or voioe recognition applications to
provide a flawless customer experience.

Speech recognition Al is being used ns business solutions in many mdustrics and applications. Al is
helping people interact with technology and software more naturally with better data trarscoption
accurscy than ever before.

Rest of the section focus on working of Speech recognition system and survey on challenges faced by
speech recogmibon systiems.

1T Working Of Speech Recognition System

Every device, from a phone 0 & computer, las g buili-in microphone thas packs up and recoeds audso
signals and speech samples. The speech-to-text technology then breaks down the recosding, removes
backgromnd noise, and adjusts the pitch, volume, and tempo of the speech. From there, & converts the
digital information mto frequencies and aalyzes separite peeces of the content,

After sposch recognition software processes the recording, it stans interpeeting human speech, With
the help of acoustic modeling, a crucial component of modern speech recognition systems, the program
creates mathematcal representations of diflerent phoneres that distinguish one word roem another and
makes hypotheses about what the person is saying based on the coatext of the speech,

The software then generates word sequences that best match the input speech signal and writes the
recording oul in readable text. The user can then process the recognized trarscrplion funher and correct
the mistakes or adjust accurscy, As simple as the speech recognation progess may sound, the seftware
itself is pretty complex, involving signal processing, machime leaming, and natuml language processing.
Moreover, the system processes infonmaton ar lighining speed. way faster than g human bang.
However, the output accursey may depend on the guality of the ongnal recording, the complexity of
the language, and the system apphication,



Positil Jourmal Issn No : 00484911

)

Acsats moteiy

l“ :g 3@ :.

Fresotet S0t whiecment  Paorei und Trancspten
0] Conversion s

Figl : Working of speech recogrition sysiem.
2.1 Acoustic modelling
Acoustic modelling[ ] describes bow sequence or fundamental speech units (such as phones or phanetic
featurey are used 1o represent larger speech units such as words or pheases which are the objec of
speech recognition. Acoustic modeling may also include the use of feedback information from the
recognizer to reshape the leature vectors of speech m achieving noose robusiness in speech recognition.
2.2 Raw Speech|4]
Raw speech in speech recognition refers to the unprocessed mxdio input that is recesved by n speech
recognition system. This audio inpat 18 then converted 1Mo tex! using vanous speech recogninon
wigorithms and weehmigues. The qualiny of the raw speech inpan can greanly offect the accuracy of the
speech recogaition output, &s it is important to ensure that the audio s clear and free from background
nowse. Additionally, the langunge and nccent of the speaker can also impact the accuracy of the speech
recognition output.
2.3 Speech enhancement conversion| [ [12]:
Speech enhancement conversion s wed 10 improve the clanty of speech by using e technigues like
noise reduction, voice amplification, snd tone correction.
2.4 Phonetic unit analysis|4]:
Phonetic unils are the smallest distinguishahie units of sound in speech In speech recognition, they are
unnlyzed 1o convert speech sounds imo text. These unies can be syllables oe phonemes, which are the
fundamental building blocks of spoken language, Phonetic analysis helps o reduce complex wadso
signals into smaller, more manageable units that can be processed by computers.
2.5 Transcription|3]|4)
Transcription refers to the process of converting spoken language into written text,

I Applications Of Speech Recognition Systems
The applications of speech nrecognition systems are given below
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i} Voice search

b) Speech to fext

c) Alexa

d) Voice hiometric

e) S n 10S

IV Literature Survey

upDr Sachin Sharma (2020) described the speech recognition system using Deep leaming and Natural
Enguage Processing (NLPLThe main focus of this paper &5 o find the most accuracy of speech
recognition system using NLP.

b)Kimberly Voll {2007) described the speech recognation systems accuracy. Foe accurscy, Mult
beunsuc algonithms wmg Natural language processang 1 being used.

c)Anupam Choudhary et. al. (20]12) descobed the speach recognition process using the approach of AL
The recognition method wsed i language mode, tngram model and acoustic model, No GUI s used,
acoustic model interface with the telephony system to manage spoken dialogues by the speaker.
d)Alexasdre Trllk (2012) worked on the spproach of Automatic Speech Recognition usng NLP
techmique. It depicts the production of sound from the text e text to speech symthesis and vice versa
Le. known as automatic speech recognition,

cjDr. Kavita R. cL al. (2014) They proposed o work on digitizing tho audio mto samples by using the
concept of sampling. The MFCC feature i wsed for extrction process. These coefficents are used for
matching the Tamil database through the DTW approach. This main focus of this paper i security of
extmcting and maiching by using the DTW and mathematical appeoaches.

SNO | Name Of The Author Recognized Method Ouncome
. : Specch recogmtion errors
. Spesch Recognition system wsing Decp
! De.Sochm Sharmal 200 lostiina and N | fan iag were resofved
" y " Accuracy  m Speech
2 Kimberly Vol 2007) Multi heuristic algorithms recognition
Various  methods for
i Arupam Choudhary(2012) Language mode. acoustic model spocch recognation
Process.
2 4os g Accuracy  In Automati
4| Alexendee Trilh (2012) it Spocch Recognitzon uSng NP | Specch recogaiion system
tochl and its synthesis
Dvoamic Time  Warpieg
(DTW) used in speech
) Dr Kavits Sampling technigues recognition 1o measare the
similonty  between  two
audo sigrals,

Table | : &mmfuﬁ:{ Literanare review
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V Challenges Faced By Speech Recognition System

There are four challenges faced by specch recogmition system. They are

a) Accuracy

b) Language, Accent, chalect coverage

¢) Data privacy and security

a)Accuracy:

The accurscy in speech recognition system is being a challenging now —a-days where 77% off
oecuracy has been achicved m the recently used speech recognition systems, The lack of accuracy
has been achicved due 1o background noise ctc.

b)Language . Accent |, dialect coverage

This i also a biggest challengmg sk 1o enable our speech recogniton system to work with different
languages, accents and dinkects

¢) Data privacy und security

Data privacy and security s also an challenging task now a days.

V1 Conclusion

In owr paper we have undergone the survey W identify vanous challeages faced by the spooch
recognition system, Our future direction starts with introducing the methodologies te fix the
challenges faced by the recent speech recognition systems,
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Abstract

Machine leaming is the fastest growing areas of computer science. It is a subset of Antificial Intelligence
(AT}, and consists of the more advanced techniques and modelsthat enable computers 1o figure things out
from the daty and deliver, It is afield of leaming and broadly divided into supervised leaming,
unsupervisediearming, and reinforcement leaming. There are many fields where theMachine leaming
algorithms are used, The objective of the paper is torepresent the ML abjectives, explore the various ML
techniques andalgorithms with its applications in the vanous fickds.

Keywords: - Machine Leaming (ML), Artificial Intelligence (ADOptimization, Supervised,
Unsupervised. Reinforcement, Clustering.

Introduction

Mauchme Learming (ML) 15 a subgroup of Artsficaal Intelligence (Al).Usmg Machmelearming (ML) we
can make applications acquire from expenence in 1he same way as human do. When dat s oursed imo
these applications, they leamn grow and change giving w0 expenence. This is done hy using algonthms
thatcrum from data m anrepetitive process. Applications that use ML ase pattern recognibion o reply fo
various dasn that are fed as an input 1o the application. Machine learning is the ability of an applications
to resct to new data thit we have fed as an mput wong repetitions, Machine leaming algonthms belps the
system 10 leam bow to predict outputs based on previous examples thst we have given 1o the system and
the relatonshipamong the data that we fied as input data and outpat data which is known as training data
sef. Relationship between inputs and outputs of any model & gradually improved by tesung s
predictions and correcting that when wrong owtpat is obtained. Machine leaming (ML) & & set of
computenised methods for knowing different outlmes in data. Machine Leaming (ML) s 2 way of
creating a method of something like the Line ofbest fit method also called as Least Square Method. 1t is
beneficial to automate this method when the data has numerows features and is very complex,
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Steps of machine learning Algorithm,
* Problem Framing: frame o machine beaming problem (n wrms of what we want to predict and what
kind of abservation data we have 10 make those predictions,

* Gathering data: Inpul the data 1 can be stractured or unstruciured.
* Data Preparation: Losding Data into sutable place axd prepare it for machine lesrming traimng.

* Chooslog Model: This is important step 0 choose a proper model % implement and predict the output
There are many medels that are created by rescarchers and data scientist over the years. Saome are very

well susted for image data and some are for numenc data,
* Tralning data: Data incrementally improves the model's ability 1o predict the output,
« Evaluation: Evaluntion allows us 10 test our model against datn that has never been used for training.

* Parameter Tuning: To improve the furber training some parameters are assumed and try other

values.
* Prediction: This is the step where we got the answer.
Types Machine Learning Algorithms

Machine leaming 15 classified a5 supervised leaming. unsupervised leaming, Sermi-Supervised learmning
and reinforcement leaming

Supervised Learning Algorithmy

Supervised leaming 15 simple and casy 1o understand. 1t s based on poor information, Onee the machine
is trained it starts to predict and give decision when new data isgiven to it. Following are the different
supervised algorithms,

u) Decision tree algorithm:

Decision tree algorithm is simple supervised machine Jeaming algocithm, 5 includes @ root node,
branches, and leaf podes. Each intermal node denotes a test on an attnibute, each branch denotes the
onscome of a test, und cach leaf node balds o class Iabed,

The topmost node in the tree is the reot pode, The main usage of Decision Tree is in the numencal as
well as categocienl data. The algorithm works on greedy search approach that is it will stant from top to
bottam.
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b) Support vector machine:

Support Vector Machimes (SVMs) are a set of related supervised learning methods used for
chassification and regression,

SVMs have their unigue way of implementation as compared % other machine keaming algonthms
Lately, they are extremely popular because of their ability to handle multiple continuows and categorical
variables.

SVM caa be classified into two different types: a) Linear SVM b) Non-Linear SYM.
¢} Random forest:

Ramslom forests are the most flestbie and easy to use supervised kearming algorithm. It can be used both
for classificanon and regressaon. But it is mostly used for the classification. A forest is compesed of
trees. As it consists more trees, the more robust forest it hos. Random forest algonthm creates decision
trees on data samples and then gets the prediction from each of them and finally selects the best solution
by means of voung. Random forests have a vanety of applications, such as recommendation engines,

image classificasion and feature selection, Further classification algorithms are KNN, Trees.

d) Logistic Regression:

Logistic regression method wsed to estimate probabelity of the target valoe. Target value s discrete value
which means it s in bisary form baving dma coded in | for success/yes and 1) for failure/no.

¢} Nalve Bayes:

Naive Bayes is onc of the probabilistic machine leaming algonthms based cn Bayes theorem, It is
advantageous for text data. Apphication includes filtering spam, classifving documents, It works on
conditional probability. Conditional probability is the probability that something will happen, given that
something else has already occurmed. Using the conditionad probability, we can caleulate the probashility
of an event using its prior knowledge Bayes’ theorem is stated mathematically as the following
equation:

PAB(P(BAPANTPIR)
where A and B are events.

Advantages Of Supervised Learning
* Supervisexd learmang allows vou to collect data or produce a duta outpat from the previous experience.
* Helps you 10 optimize perfosmance crileria using expenence
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* Supervisex] muchine keaming helps you 10 solve various types of real-world computation problems.
* The main advantage of supervised leaming algonthm s clanity of data and ease of training,

* Supervised learmng cun be very helpful m classafication problems.
Disadvantages Of Supervised Learning

* Supervised leaming is fimated in o vanety of sense so that it can’t handle some of the complex tasks in
machine leaming.

* Supervised leaming canpot give you unknown information from the training data like unsupervised
keamning do.

* The main advantage of supervised learming algomilm is clarity of dats and case of training.

« [t cannot cluster or classify data by discovering its features on its own, unlike unsupervised leaming.
= As well as many disadvantages such as the inability to kearn by itself.

« Classifying big data can be i real challenge.

* Traming for supervised loarnimg nowds a lot of computation time.
2. Unsupervised Learning Algorithms

Unsupervised learming s opposite of supervised leaming. Instead of using label data unsupervased
bearning is fed with lot of data and a wol 1o understand the peopesties of the data. Unsupervised lessning
ulgorithm helps you to finds all kinds of pattem in data. Output of the unsupervised leaming & group or
cluster of dsta having similar chamactenstics. Types of unsupervised learming are clustering and
association.

Clustering:

It 15 an important concept when it comes to unsupervised learning. It mumly deals with finding a
structure of pattern in g collection of uncatcgorized dara

Following are some clustering algorithms.
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K-means:

K-means s the clustering algorithm used 10 determine the natural spectral grouping present in a data
set.K-Means comes under unsupervised clustering method, Data will be partitioned mto & clusters,
hased on thesr festures. Each cluster is representedt by its centroid, defined as the centre of the pomnts in
the cluster, K-Meuans is simple and fast but it doesn't yield to the same result with cach run,

Association:

Association rules allow you to establish associations amongst data objects inside large databases, This
unsupervised techmgque is about discovering interesting  relationships between vanables in large
databases,

3. Semi supervised Learning Algorithm

Semi-supervised leaming falls between unsupervised Jearning and sopervised learming. Many machine-
leaming researchers hove found that unlabelled data, when used i conjunction with a small amount of
Bbelled dsta, can produce a considerable improvement in leuming sccuracy.

4. Reinforcement Learning Algorithm

Renforcement algonithm is different from supervised and unsupervised algorithm, Supervised algorithm
traims the daz with answer Key whereas reinforcement feaming algorithm trains data withoul correct
answer key, Reinforcement leaming can be understood using the concepts of agents, environments,
states, actions andd rewards, The reinforcement learming agent decides what to da in order to perform the
given task. In absence of training dsia set reinforcement leaming agent uses the expenience. To conmect
the agent to the environment, we give it a set of actions that it can take that affect the environment. To
connect the environment to the agent, we have it contimually issue two signals to the agent: an updated
state and a rewarnd.

Applications OF ML

Machine bearning algonthns are used in wide area of research such as:
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Abstract: Remoie patient health monitoring is becoming increasingly important in healthcare, especially
in soenanos where regular in-person visits are impractical or impossible. This paper proposes a system
for remote patient health monitoring using Intemet of Things (boT) deviees and artificial intelligence (Al)
techniques. The propesed system integrates varkous ko1 sensors 1o collect patient dasa such as vital signs,
activity levels, and envirommental parmmeters. This data is then transmitted securely to a central server
for analysis and processing. Artificial intelfigence algorithms are employed to nnalyze the collected data
and provide msights mto the patient’s health status in real-time. Machine learning models are trainsd to
detect anomalics, predict potential health issues. and provide personalized recommendations for
healthcare mterventions. The system also incorporutes decision support systems to assast bealthcare
providers in making informed decisions based on the analyzed data. Key components of the proposed
system include wearable sensors, wireless comumunication protocols, cloud-based data storage and
processing, Al algorithms for data annlysis, and user interfaces for patients and bealthcare providers.
Security and privacy measures are implemented 1o ensure the confidentiality and integnity of patient data
throughout the monitonng process. The proposed remote patient health monitoring system has the
potential 10 revolutionize healtheare delivery by enabling continuous monitoring of patients outside
traditiomal clinical settimgs, By leveraging loT and Al sechnologees, it offers opportunsties for early
detection of health problems, proactive intervention, and improved patient catcomes. Further research
and development are needed to validate the effectiveness and scalsbility of the proposed system in real-
world healthcare settings.

Keywords: [nternet of Things {loT), atificial intelligence (Al), Machine Leasnmg (ML)

Introduction

"Remote Patient Health Monitoring using o7 refers w0 the application of Intemet of Things (loT)
technology m healthcare to monitor patzents' health remotely. This approach wtilizes mterconnected
devices, sewsors, and data analytics o garher real-time health dsta from patients outside of traditiotal
clinical settings, such as hospitals or clinics. 10T mvolves connecting vanows devices o the infemet o
collect nnd exchange data, In healthenre, this can include wearable devices, medical sensors, mobile apps,
and other momtoring tools. BPM allows healthcare peoviders 10 mondtor patients’ health stans
continmously, even when they are mot physically present in the same location, This is particelarly
vilusble for managing chronic conditions, post-operative care, and ekderly patient monitormg. In cecen
years, the convergence of loT technologics with Artificinl Intelligence (Al) bas ushered in a new era of
Iwalthcare mnovation. This synergy bolds transformative potential in revolutionszing how we monstor,
manage, and enhance human health. At the beart of this revolation lies the seamless integration of loT
devices and Al algorithms, offering unprecedented insights ito individunl well-being and enabling
peasctive healthcare interventions.

IoT encompasses o network of interconnected devices embedded with sensors, octuntors, and
communicabion modules, faciltating the seamless exchange of duta between physical and digital realms.
In healtheare, 10T devices have emerged as powerful wols for continuous health monitoring, allowing
real-time collection and analysis of vital signs, sctivity Jevels, and environmental factoes, From wearable
fitness trackers to implantable medical devices, loT-gnabled sensors offer o granulor view of an
individual's physiological parameters, paving the way for personalized and peeventive bealthcare
strategies. Complementing the data deluge from loT devices. artificial mtelligence algorithms play o
pivotal role in deriving actionable insights and making sense of complex healthcare datn. Machine
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learming algorithens, in particular, excel at uncovering patterns, predicting outcomes, and identifying
anomalies within vast datsets. By leveraging AL healtheare providess can unlock the full potental of
foT generated data, transtorming it into actsomable mntelligence for duagnosis, treatment optimization, anxd
discase preyenton.

The combmation of loT and Al in health montoring represents s symbsotic relationship, where the
scamless integration of hardware and software converges 1o empower individuals o bealthcare
professionals alike. Through continucns monitoring, [oT devices generste o steady stream of health-
related data, which Al algocithms analyze in real-time to detect deviations from nommal pattems, predict
health risks, and recommend timely mterventions. This synermsic spproach transcends traditional
healthcare paradigms, shiftmg the focus from reactive treatment to proactive wellness management.

laT Device

T T

Monor
Fationt o

Figere | Sample Patient health mositoong Svstom

Literature Survey

Warss et al., [§] presents the design and implementation of an JoT-based remote patient health monstoning
svstem wimed at providing real-time monitoring and analysis of vital health parameters, The proposed
system utilizes & network of sensors sirstegcally placed on the patient’s body 1o continuously collect data
on key physiological indicators, including heart rate, blood pressure, oxygen saturation levels, body
temperature, and respiratory e, These sensors are mitcgroted imto weasable devices or medical
equipment capable of wirclessly transmitting the collected data to o centrahized server via seoure
communication profocols. Upon recciving the datn, the server processes and analyzes the information
using machine leaming algonthms and decision support systens to identify any deviations from normal
health parumeters and detest potential health risks or emergencics, Additionnlly, the system incorporutes
a user-friendly iterface accessible 1o healtheare providers, allowing them to remotely monitor patients’
health status in realtime and intervene promptly when necessary. Nwibor <t ol, [6] proposes the
development of a comprehensive Remote Health Monitorning System (RHMS) capable of estimaning key
vitnl signs such as blood pressure, heart rte, and blood oxygen saturation levels. Levemging weamble
sensor technology and wireless communication protocols, the RHMS aims to provide continuous, non-
invasive momitoring of these vital signs, enabling tmely detection of potentinl health issues and
facilitating proactive inteeventions, The RHMS consists of wearable sensors strategically positioned on
the body to caplure physiological data. These sensors employ various sensing technigues, including
photoplethysmography (PPG) for hean rate and bloed oxygen saturation estimation, and oscillometric
methods for blood pressure measurement. The proposed RHMS offers several advantages over traditional
healtheare mcn&onnj approaches By eaabling continuous remote monitaring, it enhances patient
comfort and convenience while providing healiheare professionals with access to real-time daa for
informed decision-making. Tang et al,, [7] ;m:scmdn chair-based] unobtrisive system for cuffless blood
peessure monitoring utilizing pulse arrival time (PAT) measurements. The system incorporates o novel
algonthm for extructing PAT from photoplethysmography (PPG) signals acquired from  sensors
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embedded within the chair.. Hasan et al, [8] presents a comprehensive review of remote patient
mentorig systems utilizing lol and Al focusing on their applicanons, technologies, challenges, and
future prospects. The review begns by d@scussing the significance of RPM m improving patient care
vutcomes, reducing heahhcare costs, and facikiatng timely interventions. It then defves into the key
components of RPM systems, including JoT sensces, wearnble devices, data tmunsmission protecols,
cloud platforms, and Al algoeithims for data analysis, Furthermore, the paper explores various
applications of RPM across different medical domans such as chronie disease management, eldercare,
past-operntive monitonng, and preventive healthcare.. Warss et al, [9] preseated an loT-based remote
patient bealth monitormg system designed to continuoasly momtor patients' vital signs and health
parameters from their homes or any remaote location. The proposed system utilizes a network of wearnble
sensors, medical devices, and loT-enabled communication infrastructure 10 colleet, ransmit, and analyze
patient data in real-time, Vital signs such as heart rate, blood pressure, temperature, oxygen saturation,
and respiratory rate are continnously monitored and securcly transmitted 1o 8 central monitoring station
oe o closd-based platform. Machine learming algonithms are employed to analyze the collected dita,
detect anomalics, and predict potentinl health ssues. Healthcare professionals can remotely access the
patient data through 2 user-friendly interface. enabling timely interventions and personalized healtheare
management, Hameed ot al, [ 1] proposed an intelligent loT-based healthcare system employing Fuzzy
Neural Networks (FNN) w enhance decision-making processes and improve patient care. The sysiem
comprises vanious loT devices such as wearnble sensors, smart medical devices, and mobile applications,
which continuously collect real-time health data from patients. The collected data, including vital signs,
activity levels, and medication adherence, are transmitted securely to a centralized server for processing
and analysis. Fuzzy Neusal Networks are employed to handle the uncenainty and imprecision inberent m
healthcare data. Li et al, [11] proposed system leverages the ubiquitons nature of mobile devices to
provide continuous monitoring and timely intervention for patients, particularly those with chronic
conditions or those undergomg post-aperative care. The system compnses three mam components: dala
collection, transmission, and analysis. The data collection component utilizes various sensors integrted
1o the mobibe terminal to capture vital signs such as heant rate, blood peessure, temperature, and activity
levels. These sensors may be embedded within the mobike device itself or connected wirelessly to it. Data
transmassion is facilitated through secure channels, cosuring the confideniality and integnty of patient
information. Rivazulls Rahman «t al, [12] presented an overview of such o system designed 1o monitor
and predice health-related parameters using loT devices and machine keaming algodithms. The proposed
system comprises lol devices such as wearable sensors, smart watches, and medscal sensors that collect
real-time health data from individuals. These devices continuously monitor various physiological
parammeters, inchuding beart rate, blood pressure. bedy temperature, and activity level. The collected data
is trunsmitted to a centrad processing unit, where it &s processed and analyzed using machine learning
algorithms. The system also icorporates a user-friendly meerface, such ns a mobile spplication or web
punal through whach users can sccess thesr bealth data in realtime, recerve personalized health insights,
and view prediceve analytics. Additionally, the systern can generate alerts and notifications 1o alert users
and caregivers of any abnormal health trends or potential emergencies.

Propesed Modd

Remote patient health mondtoring using loT (Internet of Things) and srtificinl intelfigense (Al) models,
such as Support Vector Machines (SVM), is an innovative appeoach 10 healtheare, Here's a highelevel
overview of how such a system maght work:

1o Sensors: The system would mvolve placang loT sensors on o aroursd the patient 10 collect relevant
health data. These semsors could include devices for monitoring vital signs ke beart rate, blood pressure,
temperture, snd oxygen Jevels, as well us other sensors for detecting speaific health conditions or
achivibes

Data Colleetion and Transmission: The loT sensors would continuousty collect data from the patient
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and transmie it wirckessly 0 a central data repository or cloud platform. This data transimission could
oceur ; real-time or al regelar mtervals, depending on the reguirements of the momtoring system.

Data Preprocessing: Once the data is collected, 1t needs to be preprocessed o remove nosse, handle
missing values, and noemalize the data for further analysis. This step ensures that the data 5 chean and
ready for mpul into the Al madel.

Feature Extraction: Afler preprocessing, relevant features are extracted from the sensor dara, These
features could include statistecal measures, frequency domain features, or other domam-specilic festures
that provide meaningful insights into the patsent’s health status,

SVM Modd Training: Support Vector Machines (SVM) s a supervised machine leammg algorithm
used for classification and regression tasks, In the context of remote patient monitoaing, an SVM model
could be tnined 10 cassify different bealth states or peeddicr bealth-related outcomes based oo the
extructed features from the sensar data,

Model Deployment: Once the SVM moded is mained. it can be deployed to a cloud platform or edge
devices for real-time inference. The deployed model takes input from the ToT sensors and makes
peedictions about the patient's health status or alerts healtheare providers about potential issucs.

Alerting and Intervention: 1f the SVM model detects any anomalies or signs of deterrocation i the
patient's health, it can migger akents to healthcare providers or coregivers. These alerts can prompt timely
interventions, such as adjusting medication dosages, scheduling follow-up appoiniments, or contacting
emergency services if necessary.

Continuous Monitoring and Feedback Loop: The system operates in a continuous monitoring loop,
where new data fram the loT sensors is constantly fed into the Al model for analysis, This cnables
peonctive healthcare management and personalized interventions tailored to the individual patient’s needs.
Performance Metrics

The confusion matnix instances were used 1o gauge how well the suggested method worked. Based on
the dats ablained from the provided datasel, these metnes demonstrate the alganthm’s srength. Using a
confusion matnix o measure performance makes it easier to identify precise faults. It also bedps with o
number of classificaton problems. Both binary and multiclass classification problems can benefit from
this approach. The dataset was collected from varicus online sources that consist of patiend health care
data. The taal 10K records of various patients belong 1o Age between 15 1o 60

Sensitivity = .
TP * JN

Speclﬁdty-,m+w
TP+ TN
TP+ FP +TN + FN
* Sa

F1 - Score =2+«

Accuracy (Ace) =

P+S,
Experimental Results
This typically iecludes the performance of the model oo the testing dataset, abong with confidence
intervals of statistical significance wsis (AF applicable. Addiionally, you might mclede results from
baseline models or previoas approaches for comparison. The results and discussed their implications into
the system, Highlight any insights gained from the experiments, such as which femures are most
peedictive of health cutcomes or any limitations of the moxdel. These results are based on proposed Al
based [OT model compared with existing algonthms.

Table 1: Comparison between various algorithms based on its performances

bsievity  ecificity feuracy | -Scoee
andom Forest 78 23 A2 Yl
ecision Tree 47 16 9 2
Q‘ M with loT 34 A5 A5 34
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Figure 2: Performance of Algorithms based on patient bealth care

Conclusion

The integration of JoT devices and anificial mtelligence has  shown temendous  potential
revolutsonizng  remote patient health monttoning. Through our project, we have demonstrated the
feasibility and effectiveness of this approach in improving healthcare outcomes and patient experniences.
Our findings indicate that weal-time data collection from kT sensors allows for continuous monntoning of
vital ssgns and other health parameters, enabling earty detection of health issues and timely mterveation,
Morcover, the applicoton of Al algorithms for dota asalysis has cnabled peedictive analytics, facilinating
personalized healthcare mterventions and preventive measures. The benefits of remote patient health
monitoring using loT and Al extend beyond individual patient care, Healtheare provaders can leverage
the collected data for population healih management. resource allocation, and oplimuzation of healtheare
delivery systems Additionally, remote monitoring rechuces the burden on healtheare factlitics, minimizes
unnooessary hospital vasits, and lowers healtheare costs. However, our propect also highlights several
challenges and areas for improvement, These include ensuring data security and privacy, addressing
interoperadility issues nmong differeot loT devices and platforms, and enhancing the interpretability and
transparency of Al models, Looking ahead, further rescarch and development efforts are needed to
mdvanee the field of remote patient health monitoring. Future endeavors could focus on refining Al
algorithms for more occurate and relinble health predictions, expanding the range of monstorad
parameters  beyond traditional vital signs, and integrating  additional  sensor  technologies  for
comprehensive bealth assessment. Finally, remote patient health monstoring using [oT and Al holds grest
peomise for transforming healthcare delivery, promoting proactive bealthcare management, amxd
ulumately mproving  patient  outcomes. With  continesed  innovation  and  collaboration  scross
interdisciplinary fields, we can realize the full poatential of this tunsfarmative technology in healtheare.
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Abstract:
Securing Internet of Things (JoT)-enabiedeyber-physical systems (CPS) can be challenging, as

secunty solutions developed for general information / operational technology (IT / OT) svstems may
not be as effective in a CPS sctting. Thas, this paper presents o two-level ensemble attack detection
and atribution framework designed for CPS. and more specifically i an industnal control system
(ICS). At the first kevel, a dectsien tree combined with a novel ensemble deep representation- Jearning
model is developed for detecting attacks imbalanced 1CS environments, At the secorxd leved, an
ensemble deep neural network is designed for attack atinbution. The pro- posed model = evaluated
using real-wodld datasets in gas pipeline and water treaiment system. Findings demonstrate that the
proposed model outperforms other competing approaches with similar compatational complexity
Existing System:

Popular ottack detection and attribution approaches include those based on signatures and anomalies.
To mitigate the known limitations in both signature-based and anomaly- based detectsonand attnbution
approaches, there have been attempts to (nroduce hybrid- based approaches [6]. Althoogh hybrid-
based spproaches are effective ar detecting unusual activates, they are not reliable due 10 frequent
network upgrades, resulting in different Intru- sion Detection Svstem (IDS) typologies [7]. Beyond
this, conventional attack detection and attnbution techniques mainly rely en network metadata
unalysis (e [P addresses, transmission ports, traffic duration, and pack- ¢t intervals). Therefore, there
has been re- newed interest in utilizing attack detection and attribution solutsons based on Machine
Leaming (ML) or Deep Neural Networks (DNN) in recent times.

Existingsystem Disadvantages:

1. Less Accuracy

1. Low Efficiency
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Proposed System:

Motivated by the above ohservahons, this paper presents our proposed novel two-stage ensemble deep
Ieaming-based attack detection and attack attinbution framework for imbalanced ICS datasets, In the
first stage, an ensemble representation learmning model combined with a Decision Tree (D1) s
designed o detect attacks m un imbalanced environment. Once the attack s detected, severnlone- vs-all
classifiers will emsemble together to form o larger DNN to classify the anack at- tnbutes with a
confidence interval during the second stage. Morcover, the proposed frame- work is capable of
detecting unseen attack sample

Proposedsystem Advantages

1. High Accuracy
2 High Efficiency

System Architecture:

o
wi

Literuture survey:

Multilayer Data-Driven Cyber- Attack Detection System for Indus- trial Control Systems Based
on Net- work, System, and Process Data

Authors:
F. Zhang, H. AL D. E. Kodituwakku, J. W. Hines, and J. Coble

Description: The growing number of a1- tacks agaisst cyber-physical systems in recent years elevates
the concem for cyber security of industrial control systems (1CSs). The cur- ren efforts of ICS cyber
security are mainly based on firewalls, data diodes, and other methods of intrusion prevention, whach
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may not be sufficient for growing cyber theeats from motivated sttackers. To enbance the cyber
securty of [CS, a cyber-attack detection system built on the concept of defense-m- depth is developed
utilizing network traffic dats, host syssem daty, and measured process parameters. This antack
detection system pro- vides maltiple-layer defense in onder to gam the defenders precious time before
unrecover- able consequences oceur in the physical sys- tem. The data usad for demonstrating the pro-
pased detection system are from a real-time ICS testhed. Fiveattacks, including man in the maddle
(MITM), dendal of service (DoS), data exfilteation, data tampering, and false dsta injection, are carnied
out to simulate the consequences of cyber attack and generate data for building data<driven detection
modd- els. Four classical classification models basedon network data and bost system duts ane studsed,
mcluding k-nearest neighbor (KNN), decision tree, bootstrop aggregatmg (hag- ging). and random
forest (RF), to provide a secondary line of defense of cyber-attack de- tection in the event that the
mirusion prevens tion kayer fuils. Intrusicadetection results suggest that KNN, bagging, and RF have
fow missed akarm and fakse alam rates for MITM and DoS anacks, providing sccurate and reli- able
detection of thesecyber-attacks. Cyber- attacks that may not be detectable by monitor- ing network
anct host system data, such as command tampering and false data injection astacks by an insider, are
monitored for by traditiosal process monitonng profecols. In the proposed detection system, an auto-
associntive kernelregressson model is stadied to strengthen carly attack detection.

Redoted Work
ML-based attack detection technigues are generally dessgned o detect moving targets that constantly

evolve by kearning new vulnerabilities and oot relying on known atack signutures or nonmal network
patterns [6]. We will now discuss the related Intemture as fol- lows. A, Coaventional Machine
Learning In {17}, ML algorithms, such as K-Nearest Nesghbor (KNN), Random Foeest (RF), DT,
Logistie Regression (LR), ANN, Na'ive Bayes (NB), and SVM were compared o tenms of thelr
effectiveness in detecting back- door, command, and SQL mjection attacks in water storage systems.
The comparative summary suggested that the RF algonthm has the best attuck detection, wath a recall
of 0.9744; the ANN &5 the fifih-best algonithen, with a recall of 087180 and the LR s the worst
performing algorithm, with a recall of (.4744, The authors alsoreported that the ANN could not desect
12.82% of the attacks and considered 0.03% of the normalsamples to be attacks. In addition, LR, SVM,
and KNN considered many attack samples as nonmakamples, and these ML algorithims ase sensitive w
imbalanced data. In other words, they are not suitable foe attack detection in ICS. In [12], the mubors
preseated a KNN algorithm to detect cyber-attacks on gas pipes lmes. To mimsmize the effect of wsing
an im- balanced dataset in the algoritha they per- formed oversampling on the dataset to achieve
balance, Using the KNN oo the balanced datsset, they reported an accuracy of 97%, a precision of
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0.9%, u recall of 0.92, and an f-messure of 095, In [13), the auboes presented o Logscal Analysis of
Data (LAD) method to extract pattems/rules from the sen- sor data and use these patterns’rules to
design a two-step anomaly detection system. In the first step, o system 18 classified as stable or
unstable, and in the second one, the presence of an attack is determined. They compared the
performunce of the propased LADmethod with the DNN, SVM, and ONN methods. Based on these
experiments, the DNN outperformed the LAD method in the preasion met- ric; however. the LAD
performed betrer in reeall and f-messure. B Deep Learning In [14), the mmbors used the DNN
algorithm t detect falsedata injection attacks in power systems. Findings of their evaluation sing two
datasets suggested 91.80% accuracy. In [15], the authors propesed an astoencoder- based method to
detect false datninjection attacks and clean them using denoising autoenceders. Their experiments
showed that these methods outperformed the SVM-based method. To handbe the effect of imbalanced
data on the algorithm, they ignored attack data in traming the auto encoder. In [161, the authors
presenteda technique based on Extreme Leaming Machsne (ELM) for anack detection in CPS. To
address the imbalanced challenge of neural networks, traming was condected using only normal data,
Based on this experiment the propesed ELM method-Based method outperformed the SVM attack
detection method

Proposed Attack Detection Method

The propesed attack detection consists of two phases, namely representation Jeaming axd detection
phase. Using a conventional unsupervised DNN on an imbalanced data set yiclded 5 DNN model that
mainly leamed majonity class patterns and missed minorty class chamctenstics. Most rescarchers
bave tried to address this challenge by generating new samples or removing cenain samples to make
the datasct batanced and then passing the data 1o 8 DNN. However, in 1CS/ 10T security ap- plications,
genemting oF removing samples are not reasomable solutions. Due to the IOSTloT systems’
sensitivity. gencrated samples should be validated in s real network, which is mmpossible since the
generted sitack samples may be harmful to the network and canse severe impacts on 1he environment
or human life. In addston, validation of the generated sumples is ime-consuming. Morcoves, removing
the pormiad daa from a data set 15 not the right solution since 1the number of &+ tack samples i
ICS/HoT datasets s usually less than (0% of the dataser, and most of the dataset knowledge is
discarded by removing 80% of the dataset. To avosd the above- mentioned problems in handling
mbalanced datasets, thas stody proposed o new decp repeesentaton learning method to make the
DNN able 10 handle imbalanced dasasets without changiog, gencrating, or romoving samples. This
moded consisted of two unsupervised stacked sutoencoders, cach responsible for finding patterns from
one ¢lass. Since each model tries to extructabstract pattems of one class without considering another,



Positif Journal Issn No : 0048.4911

the output of that model represented its inguts well. The stacked auto encoders had theee decodess axd
encoders with input and fimal representation layers. The encoder layers mapped the input
representation 0 & higher, 800- dimenssonal space, o 400-dimensional space. and the final 16~
dimensional space. Equations | shows the encoder function of an auto encoder, The de- coder layers
did the opposite and tned o re- construct the input representation by starting from the 16-dimensional
now ropresentation and mapping it 1o the 400-dimensional, 800- dimensional, ard input representation
Equations 2 showsthe decoder function of an auto encoder. These hyper parumeters were select- od
using trial and- ermor to have the best performance m fmeasure with the lowest architectural
complexity.
Feature Extraction

PCA was chosen for dimensionality reduction and also to extract the best features from su- per-
vectors. I also improves the performance of the DT classifier by exiracting independent features inan
unsupervised marmner, To ex- tract the best features wing the PCA, 10-fold crossvalidation was
performed on each da-

tasel’s possible number of features, The da- taset’s principal comporents were extracted in each run,
and the model was trained and test- ed using the principal components. To make the PCA unbissedto
the test data, truning was performed on the truining data . The number of poncipal componentswith
the best F-measure over ten runs wis then selected as the sumber of PCA components.
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Conclusion:

This paper propased a novel two-stage ensemble doep leaming-based attack detection and attack
attribution framewark for imbalancad ICS dita. The attack detection stage wses deep representation
leaming to map the samples to the new higher dimensional space and applies a DT 1o detect the
attack samples. This stage is robust 1o imbalanced datasets and capable of detecting previously
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unseen attacks, The attadk annbuton stage 18 an en- semble of several one-vs-all classifiers. cach
trined om o spevific attack attnbute. The en- tire model forms a complex DNN with a par- tially
connected and fully connected compo- ment that can accurstely attnbute cyberattacks, as
demonstrted. Despite the complex archi- tecture of the proposed framework, the computational
complexity of the training and test- ing phases are respectively O(n 4 ) and O(n 2), (n s the number
of training samples), which are similar to those of other DNN-based tech- niques i the [#terature.

Morcover, the pro- posed framewark can detect and antribute the samples Fmessore than previous

works. Future extension includes the design of a cyber-threat hunting component to facilitate the

wentification of anomalies invisible to the detection companent tor example by building 2 normal
profile over the entire system and the assets,
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examenation of carrent resesrch slvancement in sptinicay
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application of machioe bearsing. The fext reviesws meny
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Werwmre 1o tackle e comphes  oements of resasrce
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drawbachs of current metheds The studs luvestigntes bow
machise leseming  metheds soch us supervbed  fearming,
wesupersiesd  bearming, relofrcement  barnieg,  and
evolstionary  algocithes might improve reomree  mage,
perfirmance, smd cod-effocthvenes b closd  settings. The
aetiche exareines bew varlom duls wurces sad charsctoristies
meay be wed (o estimate worklosds and sllocale ressurces
sccurately, It explores Rhow Mg @ta analytios and predictive
modelng  approsches might lmprove resowrce alocaion
chelces. The vndy awesss the wselulmns and eMciency of
varisus aptimiration stratoghes = cosd wetings by companag
eaperimental findags soul cone examples fram the Beraturr. It
foceses o optindsiag resouree wsage, Wowerisg laseacy, and
minimicieg eperatiag eapeics. The feal sugpests poscetial
areas Tor Savwre sty and devedopment, sich o hnvbrid
sptimication meth s, multiabjective aptimization technigees,
and adageive lezrming mechantoms tv tackle changing v In
choud resawrce aptimiation Thiv article offers sgaificam
ity v current desclogmients avd oev tronds in sptindday
thad resserces for dynumic workiads  ssing  machine
fearning. 1t pronides o tharogh oomgeehension of the Tatest
sdvancements, stntacles, and possibilities dn the couchal fefd of
chud computing rescarch and spplication by combiniag and
euamining varbous research dspuis.
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Resource optimization is 2 key wea in clood computing that
enbeesors efliciency, performance, aod cosi-effectivencas in
cloml-tased systems. Ax anterprises depend moee on clond
services for their operatives, the importance of efficient
resowce opemization solstions becomes crucial, espocially
with dyrestmie worklosds St luve varying domesd potierns
and various spplication reguircments,

Optirering cloud » " a phicased sk that
wolves glanents such o5 domamd  Auckmtion, resowrce
diversity,  performesce  poals,  and o8l ooonTe
Coaventiomal resource mansgesica methods, which redy on
fixed alloction ond homan seosp, are not sitnbie for
bandling the over-chamgng charactenstics of comemporary
closd systems. The luge slze and vamery of clowsd
infrassuctures make rewarce allocaion difficulies more
difficalt, mecossitating advanced methodologies and ook
thet can wdjug o changing stuabons mstanely, bn recem
yoars, there hes boen & sgaificant lscronse i ulerest and
crearivity in sy wuwchise loening methods 0 ckle the
mtrcacics of optimizing choud rescerces. Machine learming
may improve resosce allocation and management in clond
w.-ntnpz by Amlynng large datiects, recogeizing trends, and

1 prodict mizztions may enke
Fesouree = ge, performance, and cost effi ioency b) utilizing
s hine keaening, leaSag 0 sovensed valoe fioes thes clond
eaponditures

This stody thanaghly sxamines curent adyvancomets in
resarch on optimeing  cdoad  rosowroes  for dymamic
workloads theough the ws¢ of mochine loarsing. This e 10
clanily the fusdonceml deas, methods, diffeulies, und
upooming trends iflucncing e ficld o cdoud resource
optimizonon. It provides an undergmmding of the cuttg-
odpe sppeoaches and strvegics Bt we fsdenng mnovation
n s cruclal area, At the core of onar analysis ies the notion
of dymmic workhoods »  fundumetial  ped of
contomporary  closd computing nfrastinctures. Dymamic
workloads refer 10 the vaned and changing demand and
FEaNECe sage pacems seen in clond-hasad spplications and
services. These teks might differ groatly in their lewol of
dafficalty, how often thoy occur, and how keg ey last
which creates & diftlcul problan foe comestional resource
womigement  metlods  that depoadd on unchanging
poovistonimg and et allocason rules. Machine leaming » o
posertul techsique for mproving resource allocanon. and
sosagemen B cood semings due 0 g5 dysame anee
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Machine lesming sigorahess may use historical workload
data, performsece indeators, sod comesial informaton 10
prodhe: firtore resonrce noads, adjust rosurce nllotm in
real-time, and eptimize resource usage. Regressoon and
clssificatioa models  which @ spervised  learsing
algorthiss, may Be wed w0 Rvocast workkad pasens s
g resowrce allocation chosces using past data
Unsupervisad leaming  methods  like chesering  amd
momaly desecticn provide useful mformation oo workload
behavior and rewurce usage trends. This belps basinesses
fimd  ineMcienoes, eoogeize  somalics, and  optistize
resoune allomnm m odviens, Reimfoecement laming is
prumisirg for sdapting resource menzgement in dynawic
<lood settings by leanung optinum deasion-making policks
via il sl e, comsidering that resaorce stkocation reles
may chmge o effectneness over e, Evolutiorssy
algortuns and cptmiztion ) based oo mawml
mmmmmm.ommmm
apumnng clond resorces, akomgside machene bewmimg. The
algocehins syssematically investigae and koprove sesource
dlmhnmbymlmucwﬂmq meclasians 10
reach und overchanpey
surrcundings.  These almhm may adjust resource
allocions 1 a.nﬁ workboed comditons, evalving
perfommuance targets, dovekping usmes prionties by
modoling  evolutiomary  dysaomacs.  Comnbining  mochine
leaming mpproaches with cloud  resowrce optamization
revelutionizes  how onersee  thede  choud
Infrastructres,  Machine  loarming-deiven  resounce
optimization frameworks belp cnterprises 10 achieve more
ctficiency, agility, and costeffctnmres » her chud
operiions by alowenyg systems o lear, adige, and oplinize
autnoomousty, Machiee leaming algonthuns cin imgeove
resource allocotion decisoas by using informaton  fom
varkas daz sowces such as sysieon Jogs,  perfonmonce
metries, wser bedavion, and eaviroanental fcwoes. This helps
maximize value for eod-users und roduce operationsd costs.

This study siers 10 amalyze cument advancements m ¢hud
resoree optimization for Gymamic workloads tseng machine
leoming We seek to clirify the fundamemal  deas,
approaches, protleas, and possibilines mat are influencing
the fiture of clond neouny oplimizsgtion by combuaring
insights from academic rescarch, ndustry best practioes, and
real-ward case shadics

11 RECENT WORKS

Thers is & Lot af different weiting sbout bow W cplionixe
lood resowsces for cheoging ks using msdune eaming.
Thas shows how complicased and wwportunt ts field is in
modem computing. A lot of cesearch has been done on
different parts of Alociling resomees, g wirkloads,
and cptmesing wehods in oeder 0 make clowd-hased
? sterms moce officient, scalable, and costeffecdve. This
litesasure study deings together the resuhs of a sumber of
recom restsedhs papery. Each ome sdds soenething different 1o
the discussion on uptimezing choud resources.

Tabher Alyas et 5l [1] prosre 3 method for impeoving.
resowrce allocation m madn-cloud settmgs, which deals with
the problams of chaoging woekloods and different types of
fesowrees off dilTerent chnad platfonmes. Thar meathod sey
machine leaming to msign sesources dynamically based on
the mature of fe work and the gouls for swocess. Thes mkes
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bener use of resonrces ol bwers cumming oosts. As the
amount of work e clond dada comiers changes, Shashank
Kumewr Mishea snd R Manguls [2] segpest o imeta-hosristic-
based optienszation method for distributing the load. Their
efod wes aulli<bjective opteszation © make sure thu
resoees me wsod efficiostls across 3 wide range of
workload situations. Tha #s done by bobincing resource
utkration and reaction times.

A group of rescarchers ded by Zheyi Chem [3] descrive o
Wiy 1 we the perticle swarm optimization-genetic algerithm
(PRO-GA) 10 decide how W Evide up resources in ol -
beesad software services tht have weekhoad-time windows.
Their method improves the speed and scalability of choud-
bersad applications by making the best use of renmves over
L 10 deal with changing woeklond tremdy and time Smits
Zhibeng Zhorg sed Raghosmar Buyys (4] sugpest a contsiner
mougenent appeoach that works well in Kubemeses-based
cloal emienments with a varicty of resources
and doesa't cost 100 much. Ther method Frds the best plsces
fur containers and makes the best use of resomces % koep

oasts fow while still sssuning bigh spleve and
perfurmance for a wule range of application worklosde.

Yuehe Husng ef ol [§] desenbe SSUR, nwymm&c
cloml datsy cotery’ virial machine destribeton  strakegios
betier by saking im0 acooam whant users need. Their method
uses periamance gosls and Hmits set by users 10 fexibly
Ay resources, neking sure it wser needs are met while
also mproving resovecy wee sed efficiency

Boew Li o 3l [6] sigpest Quas:, sn edpe coerputing
plartform foe loT devices that takes quality of experience imo
occount when Seir task changes. Lidge computing resources
we wsed (n their method 10 ke handlasg jobs off of loT
duvices, This makes better use of resoveoes and isproves the
€0 USET URpenency.

A, Yousefipour et al. [T] we 2 partiche swarm
optimizstion. method % impeove Joad sharing and the
dyramic placement of vireal sachines 0 @ cdoud Their
metod moves vietwal maching anund ssomatically basod
on the type of work done and e state of the system.
making the best use of resowrces and improving speed.
Mohamed Al Flaziz and Beghim Atsya [8] present o besier
Hery gas  wolubslity  optimmestion  method e clond
camputing b scheduling. Their mebod cpomenes choices
about when 1o schodule tsks 50 that 1eacton tises e ke
to 3 mmemum s sesouroes arg usal o their fallest, which

makes the system more officiont overall, A S

nnd(i Anme Poceriava Frincess [9] sugzest o mixed met-
Bewridio for chosad computing kad Sharing that woeks best
Their method s several optimazation lechaiques o ovwenly
disrivete work auweg ched cesouwrces on the fly. Thes
makes the best use of resetirces and cuts down on

times S.R. Shishim snd A Kandssamy [ 10] describe FoeM-
NN, o wseful method for optimizing worklonds in a shared
clomd seing that uses @e Bee Mumgkm Neural Netwock.
Their snethed places woekloads and resomsces o the best wny
possible 0 cut down on reacton times amd boost system
performance as a whole.

In thow paper [ 1], Mayvimk Sobam and S. C. Jain suggest
a way to dymimically offer resources based on predictive
poiceitics whike slse balawing foad = different types of
cloml computing soitings. Their method st goak for
ullocating resowces based on the type of woek and users
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defined poroeities. This makes sure that resowces are used
and perfoerned at their best.

Simin Abodi et al. [12] sugpost that in doud somings,
dynamic resource shanng shoudd be done using o better
leefly cptimization swthod. Theis method mukes swre da
ruscaroes e wsad efficiontly by allocating them m 3 way
that changes hased om the job and the system's condinoas.

Ksshik Mishm ot al [I13] wse the bimry JAYVA
algonthin t show a dynamic sood schoeduling sethod @ the
LS clond Their method makes the best doices shout how
10 mhedule work so that regons e se bept oo
minimum and the system woeks better overall. Saravenan
Mumiswamy und  Radakrishean  Vigsesh [14] suppest
DSTS, & oethod that combines deop ksiming amd e best
possable solution for dymamically scheduling scalible tasks
in container chowd sevtimgs. Their method wses both saandand

optimazation mehods sad doep Ieaming models w schedule
Jobs on the 1y sl ke the best use ofF resomross. Paind,
Osypuhmﬂ?mrhh-md:[lﬂunmdunelummm
find the best ways 1o use resosres and koep cows kow in
clovd competng Their method uses mrachine fearsing
modeds 50 guess how resosrces will be teed and find the best
ways to distnbute them, which keeps costs low while
ensuring e best systan pofonmance. Al Belgooem [16]
gives a thorough Jook al and chissification of dyssuc
mﬁmm«hﬂau«!mclaudmmlbmk
sorts and mtes differemt opteesation metheds, giving us
weefid information aboul the mowt reoent developeients in
aptimezing dood respurces,

ModlscuBar H 5 ot i [17] sugeest o Harris Hawh
Optmizstion system for puteg virtual machmes in clowd
data cemers g way that uses the least amownt of
and resoceces, Their method thads the best places S virual
mackines ¥ use rewurces and eneryy while minimizing
wiske. This makes cload systems more sustsimable and
effective avemll.

K. Malathi ct al. [ 18] use a tweaked algeeithm 10
look & how to best schedule ks in e clood Thetr mediod
meakes 1he best choices shoot whest b0 schedule tisks s dat
reaction tmes are Rope o o minimum asd the systam wecks
better overall. Monika Yoday and Andd Mishm {19] suggest a
betler way 10 use cedizal optimizstion © plas tsks in chud
compratiog settings Their method cuts down on schodding
costs and makes better use of resources by moking the best
timing decisions %o tks based oo how much work neals 10
b dhonre qumd hoow D Sxslom is set up

Su@cer Muasgalampalli et b [20] sugpest usisg frefly

iication ® meke a fust-awies tank schaluling mefiod
that woeks well in dood compating. Therr method wses
confidence levels and relisbility measees 10 plan sks
dynamically and make the best use of resources, making sure
that tasks e rn sifedy and efficiontly m cloud settmgs.
Nizad Hogade and Ssdecp Prsricha [21] write sm overview
of bow machine leanung can be wed W handle dood dam
cesters then are spred oot in differen) places. Thew woek
gives an overview of machine leaming methods sl uses for
making the best use of resources, meniging woekloads, and
ingeoving speald in closd sattings wilh ooy podes,

Ahmed Al-Manscori ot ol [22] suggest 3 BOSP in the
i clood that is allowead by SON (o miske the best use of
resosroex. Thair method wears software-defined notworking to

make the best use of resource managemest and shan m
public clond settings. Thix makes the system more sc
efficiont, and st Many siniler nosible conefbakes uut
eeported in the litesature stating coc or other femwss of
resource allocation and kood bakencing [23-10]

The literatere revigw shows the variety of Sechmigees and
mefods wsod w0 handle and allocse resources more
elficicatly i chowd compatig settings. To sodve
Bke  clungog  woeklosds,  scubshility,

optimizaton,

performunce
mochine learsing,
and hybed ppprosches. This paves the wiy tor choud -based
syslems that see more efficient, fexbic, and cost-elfectve

HL Fousmanoss oF Maciese Leassisa s Coocn
RESOURCE OFTIMIZA TN

Machuse leening = # subset of arsficil inlsligene tha
mvolves siguctims and modeds allowing compaters o learn
from daa withowt drect programming It uses statistical
ecBods (0 recogaas pelicns, anticpae culcomes, and
guide  devisien-meaking  procodures.  Machine  leening
oppecaches ase cocial in impeovisg the efficsency und
efficacy of resource allocation. woekiood musagement, and
pedirnance opemmazaton in chol resunce opemization

A. Mackime Lesrming’s rele in aptiwizing rexources

Machise learming methods provide mn effecuve way w0
deal with the inhorest imnekies of optesermg clowd
resorees. Machine karming algonithms may adjisd osource
ullocations W mach ¢ workload needs and
perfionunce poals by evalustiog Msackal dat, monioeing
systemn pareneters, and leening from poior events. Machine
Nammg phys a awcid ok in resource optimezaton by
iddressing meny essentinl companents.

e Predictive Medeling:  Machine Iemnu medels
forocast fistare resource reqairomcnts by amalyzing pu
workload patiernes aed system behavior
way allocase resources s advance by predacting Ml
soguirements, erabling than (0 medt eapectal incresas
n demand and reduce perfrmance issees.

o Anomaly Detection: Mochine kearssag alpocithns can
rocogiag shmoemsl sctnity and deparnures froe typvics]
opaaling  croumsnces. Otunumns may ensun
stung and  depesdeble cdood operations by rapidly
addressing  perfonesce bssues, secunity neks and
systom breskdowns using real-time momaly detection.

o Optimtzation  Algorithms:  Mochime  leaming
optmasition msedods cre st sewurce slfocitions
dopending on  changing workkad  charaoenstics.
performance measisminents, aad bsiness poals. The
algoeithnes mgrove resowce wage, decrsse delays,
and soe openling eapenses by adjusting  resource
disribation Based oo changing esvircnmental Exctors
and woekdcad mends.

8 Mackine Learning Applicadons v Dyvawic Workiond
Manegement

Mactone laening methods e widely uaxd for managing

vying workloads m dood sysierms. Key  spplications
o hade:

¢ Macuns leamimg algonthis can pradct  future
workloed pattoms using Mistoncal dats, scscnsd

sily, and



wesds, and enviroamenul  factoes. Z0ns
way aecipee changes m worklond 10 allocase
resoroes in advimos, masimine resooece effaciensy,
and guaramee smooth scalability 10 meet varving
demant.

o Machiow learmmg ssthods can endasce resouros
ollocation by adeptiog virtual mochine metances,
contalner deploymens, md stomge conflgnrsons
nococckey %0 avekboad Ratures and  performence
postks  Organizstions  opy  boost  the  oversll
efficiency of clonddased sysiems hy mutomanog
reswource allocacn choes 10 maximize
performence md docresss cypomses

*  Machine lcaming appmaches belp firms improve
porformance moaswes  Incloding  respoese  times,
Peoughpat, and ressurce wsage. Ovpanizigons can
optimizg spplication perfocmance, war exponenos,

Maodhing leuming s & il dement i choud reowcd
management, emhling entorprses 10 effectnely handle
changing workloads, Improve resource detributon, and
bovet systess peroemance. Orgeszations may achizve ssare
efficiency, sealubility, and cost-cffactivenos in ther cloud-
hased openations by wssg mochine kaming tochniques,
which can lend 10 incressed mnoation and competinon in
the digmal sge.

IV MACHINE LEARNING ALGURITHMS FOR DY NaMiC
WORKLOAD MANAGIMENT
Machine leaming schades o wide variety of algonthms
and spprosches, cach designad 10 handke viarkous comens of
dynamic workicod manpemeant it clond systems. Thu-un

Supervisad dearmisg 5 the process Of trunieg 4 1node|
using labeled data. where the model leams to mecooate mput
praperties with target Sabels. Supervised leaming technigoes
often usad are lincwr regression. decesion tress, suppont
vectr mackines and neunml petwecks. These alpoothers are
wtilized for tasks mchading classfication, segresscn, and
wmomaly  detection 1 dymumic workload  masagement
sltuanions

Unsupervised leanung is the peocess of training models
om dadn that is sl kbdnl. allowing the model w0 recageine
pattorms. wrictures, and  relatonships within  the  data,
Unsuperyised commonly  inchade
clustering algoithines, lonality reductioe upproaches,
and  asswiation  mie  mining  Unsopervesx]  earmng

] are utilized in dyssmec worklosd management foe
anonmaly detection, worklood chamcterisation, and resowce
wtilizsion malysis.

Retnfoecemment leaming s o process where agents are
trined %0 make 4 sories of decisoes in s cavircament in
onder to pet the highest total rewsmds possible. Agems
acguire knowledge by experimenting and getting foedbock
friom e covimmsncs! i respoasc W0 Dol activities,
Rosforcomest Ramieg tocheiques mduding Q-esrming,
Deep Q@ Networks {DON), and policy gradiemt aspproaches
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are wsed for dynamk workboud management teks sch o
resowece allocstion, sk scheduling,  and  wysiem
optimizioe.

Machoe kearming  Ioheugis  wo wilesed In - ominy
applacations for dynasic worklosd management, sanely n
peedicting workloads and allocorng resources. Key use cases
and epplications indude:

A Warkleawd Prediction:

Machme kearnésg models can peedict upcomisg worklood
tonds by amlyzing st dats, sylom parmesers. and
extermal varishles. Woekkad prodiction ks oflen siilize
supenvasad keanming techmiques such time series Borecasting
appecaches, mitoregressive models, and recument peural
peteorks (RNNs) Organieations may smfciple work oad
changes 0 sllocate nesineees efficiently, maximice resurce
usige, and provide flexible scalabdity w0 handle sudden
Sy in domnasnl,

B. Rexsswrce Alocavion:

Machoe leaming mathods are essential for optissizing
resnree alloctions W0 moet chamging workload demsnds
efficiontly and swve oporstmg expossars.  Renfoecoment
Searming algortthars can devedop efficient resowrce allocation
strudegees theough leteraction with the eavinmmen: and
foedbach on resmrce use and system effectiviness
Orgmizstions may S00st resource vysmncfﬁnacy
mdmuqnhcyb)nnhlyngmm allocations based
oo workload fwowes, patormance indicatons and  cost
Trmetaliom.

. Amowsaly Detection:

Anceaaly detection in Jyv-nc worklosd mansgercnt
settings utilizes unsupervised karming appeoaches including
clusenng Mgonichms, prncipal component analysis QK‘A).
und autcencoders. Ovganizations may disoover perfoerance
botilamcks, sacunty risks, sl syshem fiihres o eed-lime
by mopzng abmommad bebenvor and  departures  from
cypécal operating  circunszances. This allows for gewck
weasues 0 mgigae sad reolve issuss.

Michste lemming alpoeithurs provide wefed ookl
senapeg dyssasic workfoads in cloud settings by prodcting
workload  trends.  optmexing  resource  allocwses,  und
detectog abnocmalies. Orgmizaticas may mnprove the
efficicacy, scabability, and relsdaliny of Seir Goud-besd
systoms bymc supervised lcaming, unsupervised learming,
and renforcement dearning approoches. This can leod %0
sooovation and competitive advantage in the dugenil world.

V. RESEARCH WOBLENSY

Optimezing chosal rescurces for dymamke workioads is »
vcomplex stody fickd with several obstackes and possabilities

It & essentind 4o wed solve these research ssues
00 progress e curreat bevel of cloud coanputing sed nuechine
SeRtmag inaegraton,

Scalubiiny s a fesdameust Gifflcaly o optindzing
clomd rewurces. Wish (he increisamg wine and complexity of
clowl imfrastroctunes, coaventioml optimezaton  methods
oay face challenges = scaling efficienly. Rescanh &
coquired 10 cfeate scaduble waching lesrning algonituns and
optimizoe Eameworks it can memspe Birge-scake clowd
systoms with humdreds o mullioos of linked resources.
Mussgziog dyramic worklosds presents substantial otetacles
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qumumwd«ﬂ settings. Workiond pattens.
dficondly over time, posing challenges in
cmacuvdy resoarce sequinemens. Rescarch iy
roguaned W create ackiptive mechine leaming wodels and
workload prodiction algorithaes that can forecast med adagt to
e workload fomures, scasomal  pattens, and
envionmental variables. Clowd infestractiess frequently
disphay hatwogeneity m hardwarg corfigsestions, nerwock
i service models, affecting imeropecability.
Clallenges  with  compasbeliny  mght ocowr when
Ineofponting mechise leacnisg algorithms ioto current ¢hd
management svsems and frameworks Resaarch & roguired
10 tackle mreroperability tsues and orowle stdardoed
imerfaces sl pertocaks for oot incorporatons of sechine
looming  methods im0 clowd  resoeece  optimiczion
workflows.

In clovd resverce optimization, it is crecal 1o prceiline
secumity and privicy doe o @0 risk of senstve data and
proprictany nlpiumu beiag vulscride © amscks s
breaches. R

y = le drong secirity
MEsIres, maypﬁolptwwkmduxmmhm
protect sgainst urauthorized  oocess. dam beeoches, and

mulicous assadis, while also mocting  eqyilatory  and
inchestry standarcls

Mn.mulm sesoumce allocaton efficaency and lowenng
opernang ceetx are key goaly in doud resource optimization
Mumnﬂmcme&muﬂnmkwnw
hasal optimizilive dponthn $ud secount perfonscnos,
seabibility, sl cost This imolves investigaling methods 1o
enhance resource . minemaze deday, und optimine
tbenmmmmanu(hﬂ)ludmulwm
Reuldime devrsin-awking » coucial for manmaging dymseme
wurkioads in cloud seftings. Research is regaieed (0 creste
effective and scalable machise dearning algorithms that can
make peompe and well-informed judgnents in reaction 10
evolving workload circometances, syviomn dynamics, and
bosmess gols. This involves mvestigatng  methods for
adspuve  koming, colime  traimng, and  decensralined
decscon-meking @ ¢houd-Buood sysionss,

Serviee Level Agreemenis (SLAs) foe Quality of Servige
1QaS) Funﬁ-uqmmy of service (OS] assurnces & crucial
for saasfymg the neads of clond-based
applicatms and services, Reseasch 1s requied o provide
mackine leaming-hasal opteeaion framewoks tha can
offer QuS sssumms, optmmiae resouree distribution, neduoy
response times, and exhance system stability. This mwolves
investigating mcthods for service-level agreements {SLAs),
perfommance moailonng, sed Bexite serviee provisosiey in
sloud sottings.

Ultimsriely, solving thew rocm® oo messtne

Ol ALon mmuuc lumhgﬁ:dvnnﬂc workloeds,
Wy G creste pew posabilites foe cooity, efficicocy, and
competitiveness in the digiol age.
VI FEasip SOLLmoss
Viable options for takliag the rescarch ssues in
optinizing chosal resources with changing woekloads nang
maching Jearming involve several mothiods sed Lechmiques, Bt

is crucial W provide walnble mackine leaming slgonthims
and optimizition frameworks thet can mwmege lange-scake

clomd soffings. This emails stdwing distnbured computing
appecaches,  panalled  processing.  oed  cloud-natve
archiosctures w0 effickenily scale machine learming modek
und  slgonthen  dcross varioss  doud  isfsiruciines.
Furthermore, mcluding adptive mechanisms and
caline mining methodologies cam (mprove the <

and respoasiveness of mechine Jesenag -tased Wmﬁan
framwwortks %0 changng worklosd pattoros and  system
dymamics. To tackie ineercperability dfficulies, sundandized
icrfices, AP, and stcroperabaity protocols need 10 ke
developad Tor the ssooth ngration of macking leseming
vechnigues wirth curment clood managesent  systems  and
frameworks.

Stung sccsrity measres, encryption techmiques, and
occess sestrichions mre csseatial for protecting sensitive data
and unigee slpeithon in cloud sctiings. Ulilizeg cl-o-cnd
encryption, data anceymization methods. md sevure multi-
party compining prosccoks con reduce soosrity threats and
gusranice adberence 1 regulitory sandands. Developing
ca-effictive  optimizasion  solutices  thee habinee
performance, scalability, sod cost comcerns is essential for
LPrOning Fesouree e and dooreasing operting expesses
This wvolves investigaing  methods S0 consoliiting
workloads,  dymamcallhy  allocating rewurces,  and
mplemesting  cocrzy-ctficiont  compirieg o optimize
resoree use and rodace inefficsency.

Realame docsson-ouking can be improved by using
edge compuling solutions, stream procesang frameworks,
and distribatod dovisoe-making slgorthem 0 make smely
and well-nfoemed decisions based on changing workiond
corditions and  system dynumics. Organiztions  may
onareommy problens in clond resowroe eptimizdion and
achieve mone effiacacy, saubability, and cost-cfliativeness in
ther choud operations by ising Bese peactical soditions.

VIL COMPARATIVE RESULTS AND DISCUSSIONS

The Comparative Results section peovdes & detailed
amlyss of indctons and  ostosenes  from
saadies evuluating (e efficiency of different stralegios and
technipees in optimezing choed resosrces with dymamic
workdoads wsdng mochine leuming This section socks 10 give
o thomugh ssmmary of the compurative study doae on
wovwwml aspocs sach as machine  desoming tochngpees,
resowrce allocation strategies, workload cheraceenstics, and
wodel pesernlization s Efleast cload setlings. We want o
clarify the strengths, Bmils, sl consaquences of cach
vechnigque by careful tesing and data aralysis This wilt
peovide vital fsights ingo the changing envimnment of cloud
resngoe optissization and d)umc workload manigoment,
The next setions owtiee So compaestive results from
vanows experiments and  assessmcnss. highlighesg  the
etfectivesess and swmbiley of a2ftemative tctics und
mwodologes in deling with the compley ssems peosent in
chrml compatmg systoms,

The following teble [Tabke — 1] depdnys o comparative
comperisom  of mechine leaming tochriques wsod  for
workhoad predaction o opteeang clond sesounces. Newsd
Netwoeks Random Forcst mend Support Vector
Machine algorithms in forecasting woekhoad pamerns, 2 seen

by achicving the greatest acouracy, precision, recall, md Fl
e
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Tae catcomes are visaalized graphically here [Fig - 1]
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The followimg table [Tuble — 2] demonstrates how the
qnnmyoltnhmgdmaﬂ'«ulkpaﬁnmmcofwwklmd
fradctioa. Incressing the quantity of the trasing dua eads
0 imgroved socuney, peocsia, reeall, and F1ooscore,
underscorirg the sigrificance of big mmd variod smiring
datmsets in devedoping resiliont wocklood predietion models.
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Tae curcomes are vesealized graphically here [Fig - 2},

Tae folkeing bk [Table ~ 3] presents a companstive
examnancn of resounce allocation techmgues n opiimizing
cloud resonrces. The resulis show tat the Hydeld Appecach
patorms Dymamic Scaling wed Ssatic Provisioning
soligions in terms of cost reduction, resource usage, and

tine reduct

-
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The vatcomes are visualized graphecally bere [Fig - 3).
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The following table [Table - 4] malyaes bow worklond
facwoes affect resource allocation efficiency. The results show
than resource allocaton efficioncy &ffers ameay valows
tpes of woekkakhls. Bussty workloads demonsinge grosier
cos reduction, resource usage, and resction time redsction
compased W Sicady and Perodic workioeds,
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The cutcoimes are veseallzed prphically here [Fig - 4,

Impact of Werkload Characteristics on
lluwmtlmhu!ﬁmq
1
u
By
0 —5g
i

Cos Bt || Rt Llador | §)

g- PR
g oo
R S,

Paramoters (%)
-
-~ > .

Swdztn %)
Warklsed Type

BIRy ATEy Rk

e o B AlL

Fip 4 Bupace of Wadkiau! Clus
EiMciency

Tae following table |Toble - 3] assesses the efficacy of
reinfiecement  fearning  methads  in o dysame sk
managerent, The findbmgs show that DON has the highest
average rewurd and rescurce usage, with Q-dearming and
Policy Gradien algoridims renking closely beaind.
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The cutcomes are vasaalizad graphically hos [Fig - 5]

The foFowsng tabke [Table — 6] exammnes how adjudiog
lyper parsmcles affects the perfamnce of machon
leuming models. The study shows tha g hyper
parametess sich deaening rate. dropout nse, and baich sine
enhuxes  accuncy, precsion, el aod Floosooee,
cmphasineg  the  significmoe of bywr [arameter
opsimization n devcloping machine keammg models.

Performance of Reinfercement Learning
Algorithms ie Dymamic Workload
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 The ostcomes ary visualized graphically here [Fig - 6],
Impact of Hyperparameter Tuning on
Machine Learning WMmm
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The i)llwinu table [Tubk — 7] deplos o comperative
comperison of maodel i vimous  <lond
wnmpmmumdwmnmlmmmd&
taned on oo chead platform menntain comdand porformance
when deploved in several cloond emarcaments, nghlighting
the models' generalizability and dursblity.
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Ultiveuiely, the staaly o this paper dighlights the nood of
wsing mackine leming mwiods ¥ improve cood resoerc
allection i response to changmg  workicods  Recent
reseach shows Sat machine learmeng algonthms provide
poserrial solutions for heesdling varying warklosd patsems,
divene nessurce meads, wnd charging choud eavircaments,
Compering defferent and hes reveals
iheir sweegihs and weakacsses in koo of workioel Seecast
accuncy,  resowrce  allocsbon  efficency, and  modke!
pencmlizmwe. Based on the compansm fadings specific
mackine leaming algocithos including neural setworks and
reinfimoement leaming methods such i DON deminseas:

mbnmm!dtcﬁwlltmuﬂwdtﬁof
macking  lunung-besed  optimeaton  fameaods  The
resesch fodings oo cloud computing pemide  valuible
pwdooe  for  pmctitioners, rescarchers, and  ndusry
stakcholders looking % ofilize mechine learrmg 10 enbance
eflicizncy, scalability, and costcffectivencss in clond-hase)
sysienss. Fusee progress relics on ongoing fesaarch aml
muktidsciplinary teamwoek to tackle new Gificukties amd
make the wost of machine keming's promise In oprimizing
clood resopces and managing dyramic workloads
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Abstract;

Convolitional Neural Netwark (CNN) Models for Food Caloeie Estimation is a
cutting-edge application of machine leaming and computer vision m the realm of nuntion
and matritonal assessment, This study investigates the design and implementation of a
CNN-based system for estimanng the calogie content of food products from photo grapls.
The research begins with the creation of a varied and comprehensive dataset of food
photographs that includes 8 wide range of cuismes, meals, and servimg sizes. These photos
are preprocessed 1o maintain consistency and allow for effective model tovining. Then,
usme cuting-edge spproacihies, a ONN arclutecture specialzed 1o the purpose of calone
estimation 15 built and fine-tned To improve the meodel’s ability to generahize, dota
angmentation procedires are used, as well as comprehensive training and evahstion
protocols. Merrics including as accurcy, precision, recall, sand Fl-score are used to
carcfully evaluate the system's perfonmance. The deplovment of the model is explored,
with a focus on developmng user-fiiendly interfaces for practical applicaton. To
summarize, Foed Calone Estunation Using CNN Models represents a significant leap in
the convergence of technology and mitriticn, with the potential to empower individuals to
more efficiemly mapage their food consnmprion, ultimately contriburimg 1o better living.

Keywords: Convolutional Neural Network, Food Calone Esunsiion, Food Constnptson,
Nutrition, Data Augmentation. Machine Learmmg. Computer Vision

L INTRODUCTION
The convergence of technology and nurition in recent years has produced game-
changing tools that are reshaping the field of mutritional evaluation. Convolutional Neural
Networks (CNNs) are one such game-changing innovation that has been applied to the
calkulation of dietary calories. This imovative technigue harpesses e capabilities of
machine leaming and computer Visson o constrct a soplusticated system capable of



reliably assessing the calorie content of varsed food products based merely on images.,
The goal of this study s 1o investigate the development, application, and possible tmpact
of CNN-based maodels developed specifically for food calarie estimation as we venture
into this promising new area.

This investigation was inspired by the pressing requirernent for reliable methods
of nutritional evaluation. Manunal daz enny is conunonly used in traditional caloge
calculation methods. which bas its own set of problems in terms of precision and
scalability. The mcreased need for accurate nurntional awalysis 1s a direct result of the
public’s rismg interest in health and the knowledge that what people eat directly affects
their health and happiness. By utilizmg the power of CNNs, we hope to revolutionize the
way we measure the caloric content of food. giving a comprehensive solution that
surpasses the restrictions of previons approaches. A chance exists to namrally incorpomte
technology mto regular eating babits because to the prevalence of cellphones and the
simplicity with which individuals can shoot and share photographs of their meals. The
snggested CNN-based models not only promise improved precision in estimating calories,
but also bave the potential to enable people to maks more well-informed decisions about
the foods they eat.

This study sets out to reveal the potential of CNNs m the food mdustry, laying the
groundwark for a furure when rechnology will be an indispensible friend in the quest for a
healthier. more conscientions diet. As we learn more about the inner workings of this
cultmg-edge application, we hope that the werging of techmology and nuiritien wall not
only reshape our view of dietary assessment, bt also enconrage people to make heaithier
decisions on thewr own,

FACTORS EFFECTING THE FOOD CALORIE ESTIMATION

The estimation of food calories s a difficulr process influenced by a wide range
of factors, from those that are inherent to the foods themselves to those that are more
contexnel or technological in nanwe. To create effective and mmstworthy models for
calorie estimation, knowledge of these elements is essential. The accuracy of calorie
estimates can be affected by the following factors:

Complexity and the Compeosition of Foods: Diverse components and inmicate
preparation methods make it difficult to accurately predict calone content. More complex
models are needed o account for the varying numitional profiles of ingredients m mwalti-
component dishes or mixed cuisines.

Image Detail and Clarity: Lighting and Camera Settings: The mput photographs' quality
is crucial. The model's capacity to recognize and quantify food items. and so calculate
calorie content, is affected by factors such as slhimination. camers angle, and clanty.
Adjustable Servings & Portion Sizes:When conswdenng factors ke portion size and
preparation methods, estimating calorie infake gets complex. Visual cues thal indicate 1he
quantity of each food item in an image must be taken into consideration by models.
Diversity and variation in the data:Calorie estmanon medels pesform best when thetr
training dataset 15 as diverse and representative a8s possible. A thorough data set shonld
inclnde examples of food from differsnt cultures and preparation methods.



Complexity and Model Architecture: Designing Neural Networks: The Coavolutional
Neural Network {CNN} or other model's architecture has a major umpact on its results.
High accuracy i calorie estimation requires a model architecture that 1s adapted to the
specifics of the problem.

Methods for Prepaving Data:Model generalization and its capacity to handle real-world
vanances can be affected by preprocessing operations like normalization to maintain
consistency and angmentation ro improve dataset diversity

User participation and opinion gathering:Friendly User Interfaces: Interaction with the
user is crucial n real-world applications. Creating mterfaces that are both easy to use and
interesting for users can hoost the efficiency of the system as a whole

External and environmental influences: Awareness of Context: External elements, such
as the restaurant setting and other contextual information, can mprove the precision with
which calories are estimared. Knowing if the food was prepared at home or purchased
from a restaurant, for mstance, can be instmictive

Time Constraints: Consideration of time factors, such as food's freshness and how its
nutntional valve changes over time, may be necessary for more dynamic and precise
calone predictions

Issues of Ethics and Regulations: Applications where nutrinional mnformation may inpact
food choices and health decisions lughlight the unuportance of compliance with regulatory
standards and transparency in the calone estimating process.
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Figurc 1. Represents the Factors affecting the Food Caloric and Nutrition

From the above figure 1. we can clearly explain whar are the factors on calorie
and numient confeat esumation is a complex procedure with many coatnbuting
components that have thewr own upact on the state of the American diet. Water chemical
make-up, the avatlabaity of fats, cls, and sugars. and the presence of meat and ponluy all
figure prominently,

The fitst and most unportant factor m detemuning nuintonal value 1s water. a
staple of e hnman diet. It is crucial 1o dnok enough water every day. expens advise
consuming at least eight 3-ounce glasses. In addition © fmproving healith, diinking waier
can make vou feel fuller faster Foods that are higher in water content may make vou feel
fuller with the same amount of calories. It is impossible © overestinzate the importance of
foods lugh in far, oil, and sugar to cur diet. Despite their vital ole in a meal, these



mgredients can add a lot of calones. In order to eat healthily. 1t 15 essential to keep tabs on
how much sugar and far you consume. Consuming these things i exXcess can cause a
calorie suplus, which can have an impact on one's weight and health. The addition of
meat and poultry to owr meals also adds a protein-rich component. Repainng muscles,
maintaining a healthy immune system, and maintaining healthy cells all require proteins
The putritional value of meat, however, can vary widely depending on the cut and method
of cooking. When prepared without added far. lean cuis of meat and pouluy contnbute o
a protein-rich meal with fower calones,

2. LITERATURE SURVEY

The most ymportant step 1 the software development process 15 the litemture
review. This will describe sonwe preliminary research thar was camried onr by several
authors on This appropriate work and we are going 1o ke some imporiand articles into
consideranion and further extend our work.

1) DeepFood Deep Leaming-Based Food Image Recogmtion for Compuler-Aided
Dietary Assessment| 1],
Authors: Chen et al (2017)
This study explores the application of deep leaming, mchuding CNNs, for
recognizing food items i images. providing insights into the challenges and
opportunities in dictary assessment,

2) Calonimeter: High-Precision Home Energy Monitoring from the Electricity Signal by
Unsupervised Disageregation|2).
Authors: Anderson et al (2012)
Anderson o al. propose a4 method for home energy mooitoring, showcasing the
importance of precision in calotie estimation. This work could provide context for
the sigmsficance of acourate calorie measurement.,

3) A Robustpess Evaluanion of CNNs for Real-World Food Classificanon[3 |
Authors: Anthimopoulos et al. (2016)
This paper mvestigates the robustness of CNNs in real-world scenarios, tncluding

challenges such as diverse casines and portion sizes. providing valuable insights into
model generalization.

4y Food Image Recognition Using Very Decp Convolutional Networks with Visual
Explanations[4].
Authors: He et al (2016)
He et al delve into the use of very deep CONNs for food image recognifion,
offering a comprebensive imderstanding of the potential and challenges in applymg
deep learmmge o dus domsaan.,

5) Deep Residual Learnmg for hnage Recognition/s).
Authors: He et al, (2016)
He et al’s ResNet architechwre has been pivoral in advancing deep learning



Understanding the pnnciples behind deep residual networks can provide valuable
insights into model architecture choices for calorie estimation

6) Food Calorie Measwrement through Deep Leammg and Nutitional Values
Extraction[6],
Authors: Moussa et al. (2018)
Moussa et al. propose a deep learning approach for calorie measurement,
providing msights into how nutntional values can be extracted from food images
using CNNs.

7) Multi-Modal Transfer Learning for Food Calarie Estimation|7]).
Authors: Patcl ¢t al (2020)
This study explores the effectiveness of transfer leamung across multiple
modalities for food calonie estimation, shedding light on the potential advantages of
leveraging pre-tramed models.

8) Understanding the Impact of Dataset Varability on CNN Performance for Food
Recognition[8].
Authors: Sun etal (2018)
Sun et al. mvestigate the impact of dataset variability on CNN performance in
food recognition. providing valuable considerations for traiming datasets in calorie
estimation.

9) DeepFood+: A Smartphone App for Food Calone Estimation[9]
Anthors: Wu et al. (2018)
This peper presents a smariphone app for food calorie estimation. offering
insights nto the practical deplovment of CNN models m real-world scenarios.

10) Fme-Tuning Convolutional Neural Networks for Food Recognition[10].
Authors: Zhang e al. (2019)
Zhang et al focus on the fine-tuning of CNNs for food recognition, providing a
nuanced understanding of the optimization process for achieving accurate resnlts in
dietary assessment,

3. DATA COLLECTION AND PRE-PROCESSING

Data collection and pre-processing are critical steps in developing an accurate and
effecive Convolutional Neural Network (CNN) model for food calorie estimation, The
success of the model heavily relies on the quality, diversity, and representativeness of (he
dataset. Here is a detailed guide on data collection and pre-processing for yow food
calone estumation usmg CNN:

Dataset Selection:

Choose a comprebensive and diverse dataset that includes a wide variery of food
items, cuisines, and serving sizes Consider using existing datasets such as Food-101,



UEC-FOOD256, or create a custom dataset that suits the specific requirements of your
shidy.

Dataset URL: hitps:/‘www kaggle com/datasets kmader foods |

Several distinct subsets of the complete food-101 dataset are mcluded m the
datasct. The goal is to create a more engaging and accessible image analysis traming sct
than either CIFAR 10 or MNIST, This is why extremnely reduced-esolution versions of the
photographs have been inclnded m the data for the sake of speady evalations. The files
have been converted 1o HDFS format, and more specifically 1o Keras HDFSMarnix, for
easy reading. The names of files reveal their contents, Case in point

Labeling and Annotation:

Meanually label each mnage with the coeresponding food item and its calone
content. Ensure consstency and accwracy mn labeling If available, consider leveraging
crowdsowrcing platfonus for efficient labeling. The first step is to examine each image o
the dataset o determine which food item is most prominent. The steps involved are
identifying the dish's pnmary mgredicats. enalyzing its make-up. and graspmg its cultural
backzround Once the meal has been 1dentified, the calone count may be linked to each
image. Here, you'll need nutntion data, which you can find m reputable sowrces like
databases, food Jabels, and dietary guidelmes. Make wse of universally accepted units of
neasurement to goarantee wniforunty Establish a strict procedure for labeling images to
guarantee umiformuty. Provide precise instructions for ammotators, outlming the
requirements for comrectly classifying foods and assigning calone counts.Venfy the
correctness of the Iabels by performing quality assurance checks on a regular basis.
Mamnfaining data consisrency requires fast amengion [0 any inconsstencies or mistakes
thar are discovered.

Data Quantity and Balance:Ensure an adequate munber of samples for each food
category 10 aveid bias in model traming Stive for a balanced representation of food items
to impeove the model's ability to generlize.

Include Real-World Vaiability:Incorporate images captwed o divesse settmgs,
lighting conditions, and angles to make the model robust 10 real-world scenarics.
Justification Incleding photos recorded in a variety of circunstances will make the NN
model more resilient in real-world conditions. Think of a variety of setings, from your
own kitchen to & restaurant to an outdoor pato to a school cafetena.lmplementation:
Solicat photographs depicting a vanety of dming envonments, with attention paid to
things like hghting, color scheme, and tableware. The model is better able to respond to
new situations with this richness of data,

Ethical Considerations:Enswre compliance with ethial standards, especially when
dealing with images contzining personal or sensitive information.

DATA PRE-PROCESSING:

Image Resizing:Resize images 10 & consistent resolution te ensure wnifoomity in input
dimensions for the CNN model

Normalization:Normalize pixel values to a standard range (eg. [0, 1] or [-1, 1]) o
facilitate mode] convergence dunng traimng.



Data Augmentation: Apply data augmentation techniques such as rotation, fhipping, and
zooming o mufically increase the diversity of the damset Augmenting the data helps the
maodel generalize better o unseen vanations m food images.

Handling Imbalanced Classes: Address umbalances in the dataser by using techniques
such as oversampling minority classes or adjusring class weights during training.

Splitting inte Tralning and Validation Sets:Divide the dataset into taining and
validation sets to assess the models performance on unseen data.Common splits include
0% for teaining and 20% for validation

Data Quality Checks:Conduct thorough quality checks to identify and eliminate low-
quality or mislabeled images from the dataset.

Consider Metadata:If available, incorporate additional metadats such as portion size,
ingredients, or cooking methods, which can enhance the model's understanding of food
characiernistics,

Storage and Backup:Organize the dataser efficiently and enswre proper storage and
backup procedures are in place to prevent data loss,

Data Privacy:Implement measures to protect the privacy of mdividuals appearing in the
nmages, especially if the dataset mclhudes images taken in private seftings.

4. PROPOSED METHODOLOGY

In this section we are going to discuss about the CNN modeal which is developed
m order to estunate the food calones.

Input: Let X be the input image. represented as a 3D tensor with dimensions (height.
width. channels), where channels correspond to RGE values

Convolutional Laver: Apply convolution operation with a set of filters
W, and biasesb, .

Convolution operation:

Zi=f( (X W)+ b)),

Pooling Laver:
Perform max.-pooling to down.sample the spatial dimensions of the feamise
maps,
Pooling operation: P, —max-poolng(Z,)
Flattern Layer:

Flanen the pooled featire maps into a 1D vecio

F=Namen(P) | where F is the Nattened vector,

Fully Connected (Dense) Laver:

Comnect every element from the flattened vector to a set of peurons with
weights



O=f( N (F«Wp,)+bg)

Where K is the number of nenrons.
Oulput Laver:

Single nevron ouipul reprasenting the estmared calone conlent,
Y = lmear(O), where Y 1s the Predicted calonie Content.

: )
Initialize Parameters:

Initialize Nlter weights (W, ), biases (b ), fully comected layer weights (W ),
and biases (by).
Forward Propagation:

Input the inage X into the network.

Perform convolution, activaton, and pooling opemtions to generate feature
Maps.

Flatten the poolad fearnure maps info a vector.

Pass the vector through a fully connected layer with ReLU activation

Ourput the final prediction

Y from the linear owrpnt layer,

Loss Computation:

Calculate the loss berween the predicted calorie content Y and the actual calone
comtent Yy, using a smtable loss fnction (e g, mean squaed error),
Backpropagation:

Update mode!l parameters using backpropagation and gradieat descent 1o
minimize the loss.

Training:

Iterate through the damser mduple nmes, adjusting parmnerers © nuninnze he
loss ad umprove model accuracy.
Inference:

Once tmined, the model can be used for inference. Provide a new food image as
input, and the model will output the estitnated calonie content.

S. EXPERIMENTAL RESULTS

From the below two figures it can be seen that proposed application is tramed on

certain  dataset which 15 collected from wvalid sowrces and then ty to check the

performance of our proposed application vsing CNN Model
Load Datasct and Import Necessary Libraries

e

b B

Explanation:From the above window we can clearly identify the dataset is loaded and
wecessary libranes are unported Here we used Tensorflow module 1o unport the ception
V3 module.



Dataset Description
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Explanation: From the above window we can clearly identify the dataset is loaded and it
is a collection of several images which contains several distinet calories.

Test Data
prasti Trsating teat dets
PUEPRT L SRTE| POpgie 1 TR0 (0| feeel VM SRRt TINS 1At DL LN, R B IRR ]
g et

Cronting Toi! Sets
Cooring Imegen Lte sepleple
Couying thages Iie  Saby bech riss

Cpyang mages 1ne Meelens

Explanation: From the above window we can cleatly idenufy the dataser s loaded and

BOW We Iy 10 creale a test data

Create Train Data;

COpying 1nmages IiNto apple_pie
Copying Iimages into plesa
Copying images into omelette

PEANEL Cromting tealn dath Tolder with fnew Classes )
datanct mini food lint, arc.train,

Creating train data Tolder with nes clasces

deat train)

Explanation:From the above window we can see train data folder is created with some
new classes Here we can see data folder with new classes are constructed as: Apple-

pie.mzza and omeletre so on

Model Creation:

et st
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Explanation:From the above window we can see model s generated ResNetS0 model is

Leneration.
Performance Evaluation:
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Explanation:From the above window we can clearly see the accwracy of resnet50 model
achieved as 92.39 %.

Validation Graph:
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Explanation:From the above window we can see two validation graphs with compansion
of accuracy and loss

6. CONCLUSION

In conclusion, our research makes a major contribution to the field of nutritional
sciences by using Convolutional Newal Networks (CNNs), and more spealically the
robust archirectiwe of ResNetSO, 1o completely revamyp the process of esmmating rhe
calones in various foods. The work presented here represents a breakthrough in our
understanding of nutntion. as it combines cutting-odge tochnology with dictary analysis to
provade a reliable resource for personal dief masagement Using ResNet50. which is well-
known for its depth and skip.connections. improves the model’s capacity to detect subtle
but important details in food photographs. This, together with the large dataset covering
various foods, environments, and lighting conditons. allows for a model 1hat can
accurately predict calones in a wide vanety of contexts Our results highlight the need to
employ deep learming architectures such as ResNet50 to address the complexities of
accurate calone prediction for food. Accuracy, precasion, recall, and Fl-score are just
some of the measures used to measure the model's performance, and ther rehiability
inspires faith in the model's applicabality.
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ABSTRACT The impact of block chain

tecknology in financial troasactions 5 the main
reason for its conssderable ottestion = receat
years. Bul its povential isat Lmited 1o the
finaecial sectoe; & mey also be a distuptive factor
il other dmanssscs Thie smudy Invesugates the
applicatioes of block chain technalogy to tackle
coutterfedmg  The ceport ex 1

block dhnin technologies, gives & summary of
cumret aplisovnferloll  solnbons, el
emphesezes the salent features that meke hlock
chain eapecinlly ammctive for this use ase The
reanlts show that techeclogy aloae will not be
wilTwcient o elfectively reduce comsterfciting.
Racher, o becomes (mpeatne 0 lnpdemsal @
Commplere appeoach D i cPudes ractog AWArcHess,
kg gl action sgeit conpferfeiters, pulting in
place a robuet akert systom, red viing smpossible-
to-tamper packaging  The study shows that there
i* a chance o lave o compeoheasive oed
effective strategy to fight counterfeinng by

mcorporating  block chan  techoodopy.  The
benefies of block cham technology imclhude
mproved product authenticeton,  streambewed
tansectious. and tecreased stakebolder gust due
0 N5 wesparency,  lnunucabdity,  and
decearalized stuchure This essay lighkghn
bow importaar it i %o combine technologazal
wnovatoss Wik complementasg g = order
% effecinvely  combsl  counterfeiting  and
sfsgiand the kst of consumers w e
chgnal ern

KEYWORDS:  Audenivavkw,  Block  cdwin,
Encrpbon,

1. INTRODUCTION

Authentication is the process of proving
something o be true of anshentic. Authentcny
15 essennisl  sme  using  counefent
phannaceuticals can be hammful 10 patients’
health and welfars Treament failure or even
death conld arse Som their vse. Typleally, e
featuzes of a product—whether oven or
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coveri—are  employed  for  auibemication.
These days, the maeker is fillad with moee
counserfelt medkcations than real opes. To
tackie  counterfoit  goods,  cument  ant
counterfeiting =spply chams depend on a
centralized authorty. This architecture has
1sues with stomge, single poud processiag,
and fmlure. According to cestan theories,
block cham techoology may bhe able w0
overcome these kinds of issues [1]. We preseat
in this sudy =0 innovative decentralized
sapply ¢haan, dubbod & "Dlock-supply chain”
that detects counterfeiling efforts usmyg oear-
field comnumication (NFC) and block cham
techmology.  The  block-supply  <ham
architecture  employs a  pewly  proposed
conseess  mwchanisn  thar s fully
ducentralized, m conlrast to existing profocels,
mnd finds 5 compromses between efficiency
and security, It replaces the centralized supply
chain archivecture, Our senulations reveal that
the sugpested peotocol offers remarkable
perfonmance gt 4 fair level of saconty whin
compared to  1he cutting-edge consensus
prosocal  Tendermimt. In acteality, # is
anpcipaied that e global drug trade would be
25 rimws less lucrative thim the counterfes
madicine markes, which is growing al a rme
twice m3 fast s phammaceunicals. Ay
tmpsction regaires trust. Third parties, backs
included, are involved i a great deal of
trapsacixns, making 1f wixh more diffxult In
nddition to ome, n tmnsaction often involves
ominpte thed paries. In an  nternational
money trnsfer, there are olber imtennediary
cegamzations, like claring howses, in addstion
to 1he sender's and recapient's banks. Bod the

thard parties and each otlser must be rusted by
the participants %0 the tmnsection. Reduced
masaction  cosls, fasier  Imasactions, and
greater manspaeency can all esult from the
removal  of  these maddlemen|i]  The
posability of doing sy with  these
maddlemen has beon micely dlustrsed by Bil
con.  The cryptocurrency eliminates the need
for banks sad chearinghonses by enabling
direct comn transfers to a2 wansaction partner
The money is moved =2might from ocoe
meount to ancther, However, thete are other
uses for the block cham, e echnology thar
powers Bit coin, oustsids just financial
lrsEactions and cryplo cumrencies in general.
Techoology has the power to towally trassform
the digral econoary because i1 makes
msactions  indelible  and  venfisble by
aybody, anywhere, at agy tune, This is the
outcome of the data being made publicly
wvailable and exensively disuibuled (2]
While 1t 15 inportast to consader tke full moge
of possibie uses for this wchoology, trcking
the owpership azd histocy of a product is
surely one of them. The potentml of block
i fechnology w0 redoce counterfenl s
exmined m ks study.

2. RELATED WORK

Sacret (Hidden) Aspocts A coneealed feature's
purpese is o mmake it easier for the brand
owner to spot fake goods. Netther the genenl
public oo 1he awans 0 venfy #5 existenc:
will be aware of 5t. This comprises digital
watermigks, conceaked printed messapes, and
peceactive, bi-Moorescent, sd UV ik
When used in conjunctioan with  ovent
tchoology, coviet wWeloologws are very
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effective ol locating counterfers goods tn the
supply chain [2] RFID 1ags, barcodes, and
Electronke Prockcs Codes (EPCs) are matenals
that moy b tracked and trsced. Track and
trace techoologies can aid in lowering the
quantity of fake goods on 1 market by
samplifyisg (e process of product tracing The
barcode or tng is includad by the samafacturer.
By scanning the Mentity, distribwors can
upciate the 2tatus and coafinm the Jogtimacy of
the goods [4]
3, EXISTING SYSTEM
Several incependent dsiibytors may provide
the product, and it i poasible for these
distibutors w0 copy, falsify, or comterfeit the
bar code. These distributors can then produce
counserioir products and aflx & phony Iabed
theen, If fake medicanes are wsanufactured,
these fake poods could result m sigmificase
fipanc @l loss aad even human death
Not only do supply chains regquire ord
partes to complete transactions, but custoners
also peed o tnast thard parties 1o accomplish
other types of onlme tansactions. However,
occasiceally. these thisd parties may commit
frand or masuse wer &laf5).
3.1 Disadvaniages
e Theee v corently more  bogus
madications on  the market than
legrimme anes.
* Cloning of product
4 PROPOSED SYSTEM
in this paper we used block chain technology
to circumvent this problem by doing awsy
wath the necessity for sz stermediary and
enablmg  the  sofinmre progrn w©
indepesdenily  verify the  daa. We ae

comverting  all  product  nformation  and
barcodes mio dighal sigeanees o peeven
counterfeiting These digiwl sigmatures will be
stored on & block chain  senver, which
facilitates tnmper-proof data storage. As a
msnlt, sobedy can hack it or change the &ta
on the server. Shoukd the dats madvertendly
change, the user may be potified of the change
od verification will fail at the sexr block
slomge.

4.1 Advantage:

The supply chain will also wcord each
product’s.  tarcode  digital  Block  chain
signature. The signatures woat match if a
furd-party dstiributor replicales a barcode,
making it possible to identify countecfoit
1ems,

5 SYSTEM ARCHITECTURE

e =
- .

i
|
e
]
i

1<
§

Figl: Svsiem Architechire

5.1. BLOCKCHAIN

Transparsocy, imeversibulicy. and permanent
dan and tmosaction reconding are  made
possible by block chain  techookogy.
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Conseguently, this wakes it easwer to exchange
any Kind of valusble good, real or miangble,
Block chain technology can be an effective
tool for ssteguarding against counserfein due
to its mherent chamacienistics of tmnsparency.
Lostsbality, sed decentralization. Blockesam
Consists of 1hree mein components, Above all,
a block chain daabase peads to bhe safe
crypiographically{6], This implies that rwo
cryplograpioc keys—the public key, which is
essentially the dambase's address—and the
pavate key, which 15 3 pecronal Key that the
rernork must valikate, are seeded in ardéer
pocess or contnbate dara 1o the datbase,
Secondly. & bloeX chain i an online. fully
digital tramsaction record. just l&e a database.
Ukimasedy, # block chain 15 & shaed database
that = mccessible aceoss 4 peblic o privaw
network.

The Bit coin block chain 5 oue of
the most wellkoown public block <han
netwoeks [7]. Anyone can create a Bit com
wallet and xin the nerwirk & 1 nocke. Privine
etworks could compeise oder block chains,
These ars patticularly eseful in the banking
and fanfech inchstnes, where s nportad ©
moniker who's parficpating, who's accessing
data, and who has the povate database key,
Consominm block chaims wnd bwhrd Block
chains, which incorporate clemems of bodh
pablic and private block chmns, are two moce
categories of block chasns [8],

2. WORKING OF BLOCKCHAIN

0 o block chain, whenever dam is read or
changed, i is recorded m a "block” wxh the
trpsactaon histones of previous tmnsactions.
Uschangeable hashes that are specific to each

namsaction, as Dose generated by the SHA-
256 method, safeguard secure ransacnons.
Older data blocks ace linked together so that
sy changes can e wacked rather than bamg
Addgicnally, because  all
IBMtons ®e  otrvpRd, (Woeds AN
unchangesble [%]. Ths mesns thar any
changes made to the ledger can be recognoed
by the network and rejected. Permanently
*chained* blocks of eoaypted data record
transactions in a sequerzinl manner, prochxing
» Uawless audit hussory thar  dlusinates
previous block chan versioes.  Coasensus
mechapisms, sometimes referred to as
Gnacial incenines ar permissions, seed e
majonity of nodes inside the netwock 1o
confion  tha  freshly  provided daa s
leginisate, A new block o made and added 10
the chnin as sooe as agreement is attained. The
block chamn ledeer s then shown on every
node. In a publx block chai network, the first
node to reliably comfum a tremsaction is
rewarded monetanly. We call this process
“miniag.” [£0].

Here is a hypothetical sxample w0 assist
explas e opeaizon  of  bkeX  chain
lechnology. For the sske of 1his discusson,
let's say that someone i5 trying to purchase o
concent tickes on tha secondary mascked |1},
This mdividual cheosess 1o test one of the
decentmized tcket exchange services made
possible by bk chan technology thal bave
cmerged in recent yearss because She's been
connad befoce by somexme offering o fake
Geket  Each nicket on these platfonns is given
a distingg, unchaageable, and verifiable
identary that 15 commected 1o &n sctual person,

averwritien.
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The majosity of peswork nodes oonfinm the
gutheaticity of the ncke  before  the
concengoer buvs f by checking the seller's
credentials. She buys her udket 10 the concen
and enjoys berself [12].
53, SECURITY IN BLOCKCHAIN
One person referred o Block chain 35 a 1wl
machme * It doss amay with a lot of the
problems that canee with Web 2.0, such scams
and piracy. bat it is not the endall be-all of
digital security. Although the techoology is
practcally wtallible, 3 vakw ultmsrely
dependts on how limirsble its users ae anxd
how excellent the data they are contnbutng o
it 5. By seizing coefrol of over Lall the
petnoek's nodes, a2 detenmaned growp of
hackers mught  wmke advamape  block
chai'shain’s slgecithm. The hackers  have
consessns and the ability % coefinm false
transactcns with this simpde majority[$3).
That 15 precisely what happened o
2022 whea hoackers took over S600 mullicn
from the block chaim platfonn Romin Network,
which is focused on gaming. This problem will
need to be salved, in additon to the scakibalicy
and standardization ssnes. However, block
chais still bas # Lot of unlapped polential for
sockety and industry.
SA4.USAGE OF BLOCKCHAIN
The concept of aypeo cumrency is merely the
beginning. Block cham 1 finding a lot moge
applications outside of personal TRnsactions.
This 5 especially true whes block cham =
combiped with other  cutting<dge
fechoodogas Onber use cases for blodk chan
techmology nchide the foBlowing exunples:

*  Busnesses oo use biock cham techeology
T record Irsmsactions in & sequeniial and
penmasent  Wmaaner. 0 creating  an
ireversibie  sodit el Thes makes ot
passible for systems to mamtain dynsnic
roconds, like asset ex<baoges, or stalc
data. Jike land titles.

*  Busmesses can tmck a transaction from its
Beginnisg 0 s cuarent stans thanks
block chain technology. Thus helps avoid
data breaches by ensbling businesses 10
sdeomty the exact locwion of daa delivery
and arigin [14].

5.4.1 Advantages Of Block chain:

s lmmutabulity: Data that has been recocded
cannot be altered or removed thanks o
block chmn sechnology. Thus, the block
chain forbads data modification within the
merwark

e Tmnsparensy:  Becanss  biock  chain
wchoology s deceminlized,  dula
copnbuted o0 the block <ham may be
verdnd bV asy member of the perwork
The public can therefore have coabidence
n the network.

»  Tmoceabdity: Nework updates can be
easly tcked down hanks to bk clinin
sechoology, whach creates an sreversible
wudst tml, A dummble  tral s not
guaranieed becius2 a typical dalabase is
eezber visible nor mumetable. [15]

542 Dissdvantages O Rlock chain
. Perfoapance and spead; Block chan ts
mmch slower than standard databases
smee it conducts a lot more opemtons
thaa other techmologees, Farst, 1t uses
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cryplogesplly 10 Sigs Immsactons m
order 1o venfy signamres, Block cham
fanher sploys 3 COMSEnsUs ocess 0
vty mansactons, Certain  consensus
approaches. like proof of work, have a
lmted  transaction  throughput, To
achieve  redundancy, e metwork
requires every node to be ezsential 10 the
confimnaton and  sorage  of  every
transaction.  High implementation costs:
Compared © a taditional  dawbase,
block chan comes 5 o highet cost
. Additiopally, companies  nead W
carefielly plan and (oplement the block
ciain technology integration imto their
business peocesses, [16]
6. RESULTS
The *Downloads/ Anti-Counter-Fitsdentify -
fropend-react” directory can e found by
using the commmand prompt. To lsunch the
React development server, use the npm nm
stat commnand ). Your Reacs frontend becoaes
bBrowwet-accessible when you e this
commund, which lsmanchs the devedoporest
enviromment. I command prompl mavigate 10
tha  directary  “Downleods'Anti-Countes.
Firidensty-ucketud-nocke™ Hun node
posigres s conumand W start e Nodejs
server with  PostgreSQL  database, This
command  executes  the Node s  snpe
respoasible for conmecling 1o PostgreSQL
database and mnning backend logic. Home
page consists of Scan QR for the customer aod
fogin Iexton  for the users Adnus,
Marmfacturer, Retatler and Supplier will be
Uhere im the hooe gage,

61 ADMIN PAGE

The acknin ss2e%s by makiag new acoounis for
people who wage to use the platform and
manage those mccounts. These could te
manu facturers, suppiers. or retaiders. When
COVANSE 30 account, the adouen ssks o e
person 3 & mansixciurer, supplier, or recaler.
This helps the platfonn understand thear main
Job The admin beldps each person choose a
username (like a zacknxme) aad a passwoed {2
secvel code) to keep their nocoum  safe
Manufacturer, Supplier aad Resaker details are
managed! by the admin These aeoomt Setails
will be shown for the adnumn for any changes
made for accouns. The & sored in (e
server in PostgreSQL  dsobase. Username,
prasword, 1d andd role are gven e dats, shown
n 122,

Fig2: Admw page
0.2 MANUFACTURER PAGE
Manufacturass wse their peofiles 10 bandle their
productz and liok thear digital walless. Whan
they want to add a new product, they share

unportant info Like series, aame, beand,
descapiion, and an mage. Manufaciurers use
their profiles %0 add and mannge procucts.
Manufectures should connect walls 1o the
metmmask so the Sansaction fee must be pasd |
and after paying a suall fee, they get 2 QR
codde %0 make therr  peodkkts  easly
recogmizable Afier giviog all (e details, ey
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pay 8 small fee mod get s special QR code.
Thas QR code is like a diginal mg foe ther
prockace. Tt holds all the information about it
Maoutacgers can downkud this QR code saxd
use it on their prodoct packaging or =
advertseacnts. The pavment they teake 13 Like
sappottmg e sysie thal belps their prodacta

get nohiced, refer fig 3

Fig 3. Mansfoctoner pape
6.3 SUPPLIER PAGE
Suppliers can easily check asd update their

profiles on the platform, So, 10 simple Rans,

suppleas can quikly check s update thenr
peofilss by scanning QR codes, and the small
fos they pay is like a httle investment @
making the platfoem bemer foe everyone. When
they wace to make changes 1o a product. they
st scam its QR cocke. Thie code 15 1Ke a guick
link that takes them to all the details abomn the
prociact. Once they've scaaned it, suppliers can
upxinge thungs like the product descrpiion,
gock lesels, or pruces. Now, there's a small fee
that suppliers pay whea they make these
ugpcisies, Thas foe belps keep the plarform
running smoothly and improving over time.
It's hke a way for sppliers to contribute to o
svatemy e kel their prodicts ger the

attentica they deserve, refar fig 4.

Fig 4: Supplier page
G4 RETAILER PAGE
Retaslers <an ¢msily Keep mwack of theu

information and vpdate details on the platform
So, m simple tenus, retailess use their profiles
10 check andd update product informaison by
saanng QR codes. They also pay a mmall fee
10 make suw everythang mns smoothly on the
platfocus, I they meed to change sousething
about & product. they can do it by scanning its
specssl QR code. This QR code 13 Like a quick
digaal link 10 a8l @ imporisnt desanls of the
product. Whan a retaider scans the QR code,
they can sy whedor the product has been sald
ar not by choosing true® or 'false’. This helps in
managing their stock und kesping customers
infosmed. But there’s o smmall fee they need 10
pay when thay do this. This fee helps in
mantaning the platform, ensurning it works
well and stass Belpfd for recsilers, shown in
Gg3

g 5 Retodler poge
oS CUSTOMER

For customers, checking out a preduct is as

easy s scanmog 4 QR code. This roode acts
like n special key that opens up a neat and

S5 A1) SN AD LI 00 S20M TEEE 3
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orgamzed parsgraph with atl the Lmportam
tnfo about the product. This process s made ©
be smooth aad stmple, gwving custamers a
hassle-freo exparionce wiwn they're fooking
into products. R'S all sbomt making sure
custonwey  have the clearest aod e
transparen! miommaton for their ransadions,

Ihis can find out nbout #s series, name,
boand, and a deseription. Wiat iakes # even
better is that cuslowers can alio see if the
peocioct has already been sold or oot It's Like
Laving & chear window (R0 the ustoey of the
prochct. This way, customers know exactly
what's g0ing on with the item they're interesed
L iL. reger Tig 6

Fig 6: Cuvtamer vien
T.CONCLUSION & FUTURE SCOPE
This sechoology sasures that the consumer |s
ot musled by the scan: and records the
peodacts route  from manufactunng o

custonxe. By ensuenng that evesy fransachon
and movemen!t of goods s recorded in
tmmentahle Jedger, blockchain can significantly
reduce  the sk of  couserfeir The
masufacturer cao both venfy the authenticity
of thwir goosts andd follow (8 journey, The
arrangennes 15 simple o Gse and doeso't cost
tauch to nm. blockchain can enhance product
nutheatication,  sreamline  transoctions, and
incresse stakebolder twst, bur i1 5 not &

standalooe solution. To Sarther remfoece their
syetem, manufsctaress can Ao use NFC (near
feld  commumication) or RFID  (radio
frequency (dentification) sokens 1o place of QR
codes. Intemet of Things (JoT) and Arificial
[mwlligence (Al <an  further  énhsoce
blockehain's  cspabilities = combaling
coanterfeiting. 1ol devices can provide real-
tiee datn on product stwtus a0 ocanon, while
Al can analyze this data fo detect anomalies
and preclict posential counterfeiting activities.
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