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Abstraci— Early diagnosis I3 cssentiel for tresting and
surviving breast cancer, one of the most common cancers. MREI scans
are  used to  construet & mechine learning-based bresst cancer
prediction method. Malignant or heslthy. The Pyithomn Flesk web app
has an easy-to-use WUI. Users can upload MRI imeges wis & web
browser, and the system processes these images through the trained
model to generate predictions. The Interface includes & navigation
bar, & file wpload Feslure with an Image preview oplion, and
displays  results dynemically. The output Iz wisuslly highlighted
Healthy predictions are shown in green, while Malignant predictions

ara displayed in red. Modern medical professionals and scademi

may now make use of state-of-the-art machine Llesrning algorithms
thanks to this intultive technology. Scalsble, eeslly soccessible, and
highly effective disgnestic tools may be crested by combining deep

learning models with web apps, as shown Im this study.

Keywords-MRI Image. Deep Lesrning. Healthy snd Malignamt, VE&E16,
PFython Flask,

L INTRGDUETISN

The diagnosis of breast ecaneer represents the leading esuse
of female moertality vyet suecessful early detection enables

mare effective treatments and higher survival possibilities.

MRI stands as a diagnestic technolegy that creates full Breast
titaue imasges enabling medical staff to discover potential
issues effectively. MRI image interpretation becomes difficult
dug te it complexity and it requires extenszive time for

evaluatien thus petentially postpening diagnosis.

With WVGEG1E ENN the methed functions te categorize MRI
images between normal and cancerous tissues after fine=tuning.
A FPythen Flask web application includes the implemented
learnt medel te allew simple predietions. The web interface
delivers an improved user experience by organizing information
inte a simple design whieh Ffeatures beth image uplesd tools
that display previews and sutematie results presentation.
Threugh this approach dectors will reseive asecurate Forecasts
in a shorter time which ensble: them fte meke educated
elimical decisions. Thiz researeh wtilizes sdvanced AL algorithms
and web=-bated Iimplementatien te  show  how  artificial
intelligence enhances breast ecancer detection capabilities. Sur
alm iz te enhance breast ecancer patient resultes through
research In deep Llearning analysis of medical images. Breast
cancer MRI diagnesis requires highly precise and efficient key
solutions. The manuval reading methed used by radiologists
proves lengthy and operational errors happen frequently yet
computer=asided detection platforms lack ability to spot

microseopie lesions. The wse of these advanced technigues
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asllows resesrchers te create sutomated bresst cancer detection
systems which dekteet MRI image lesions with precision and
minimizes false negative identifiecatien for better results.
Threugh deep learning=based systems radielegists would achieve
aeeurate diagnesis and reduce their interpretation time while

helping diagnesiz efferts in settings with limited resources.
THE @BIEETIVES &F THE PREPESED SYSTEM:

Develop an Automated Breast €ancer Detection System: Elassify
MRI images inte healthy and malignant using a deep Learning
model utilizing the VGG architecture with good accuracy and

reliability.

Build am easy Pytheon Flask online application that Llets users
submit MRI  images, preview them, and get real-time

predictions with a wvisually atitractive and responsive interface.

Enhance Early Diagnosis Efficiency: Make sure bresst cancer |s
detected quickly and consistently by giving doctors a teol

that helps them amalyse MRI images more quickly and easily.

IL. MATERIALS AND METHE@DELBEY

Fig.1.Datasets

The methodelogy for the propesed braast cancer
prediction system  invelves several key steps, integrating
machine Llearning, deep Llearning, and web application
development e provide & seamless and efficient

diagneostic selution.
Deep Learning

Deep learning  techniques  hawe  achieved  extrasrdinary
recognition  aceurscy levels. WIT  and Graphware form  an
essential eore for asutonomeous wehicles and  improve the
quality of products for consumers. Deep Llearning technigques
have recently surpassed human capacity fteo detect objectz in

photographic images.

Key features of the VGG architecture:

1.  Architecture: Ameng its layers VBGM consists of 16
convolutions Rogether with 3 completely coupled layers. A
RelU activation function aleong with & max-pooling layer get
sdded between each pair of convolution layers. The last
layers are completely connected becsuse they perform

classification operations.

2. Deep MNetwork: Ameong it Llayers VEGS consists of 16
cenvolution: together with 3 completely coupled layers. A
RelUd activation function aleng with a max-pooling layer get
added between each pair of convolution layers. The last
layers are completely connected becsuse they perform

classification operations.

3. Small Eeonvolution Filters: The VEE1E model contains 3x3
cenvolution filters that operate with a stride of 1 while
employing same padding configuratien. The small filter size in
VGG enables the netwerk te achieve greater Ffunctionality
with lew parameter requirements.

&, Max Peoeling Layers: VGEG1E adds 2x2 max-pooling layers
with a stride of 2 after each convelution layer. Max pooling
reduces feature map spatial dimensiens while keeping key

information.

5. Fully Eonnected Layers: The VG616 model completes its
high=level classification functions by utilizing fully integrated

layers frem the convelution Llayers.

&. Activation Function: By applying the Reetified Linear Unit
(RelU) activation funetion the model Learns complex Inpuk=
sutput relations across It netwerk structure.

1. Pretrained Models: It iz possible te get pre-trained VG816
models  that have been used for large-scale  pleture
categorisation tasks, such as ImageMet. These pretrained
models ean be fine=tuned on specific datasets: or used as

feature extractors for transfer Llearnimg.

B. Transfer Learning: WGG1& serves as a typlcal choice for
transfer learning becsuse it delivers high perfermance
alengside pre=trained modal avallability. The learned
representations obtained frem VGG1& medels enable researchers
and practitioners te reapply them te any specific task while

training them with minimal available task-specific data.

VGG iz a popular convelutionsl neural network design for
image categerisation due te ite simplicity, efficacy, and

performance.

A siyle sheet Llanguage named Eascading Style Sheets (E55)
serves te format HTML decoments. ALl Web foundations include
HTML and JavaSeript alongside E55.

Threugh style sheets (€55)  wusers ean achlieve content
independence from presentatiom features sueh as layout and
celers and fents. To achieve shared formatting for web pages
developers can define necessary €55 rules in an Independent
.58 file that enhamces sccessibility lewels while incressing
display control capabilities and decressing content structural

patterns.

The Llayout separation frem content in HTML pages allows
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multi=versien display on diverse dewvices that use text=-based
reading systems: as  well a5  toueh input  and  sudie
interpretation and print. Mebile=friendly style guidelines apply

different formatz te their code.

Element selection with the prierity approsch resulis  in
cascading because multiple style rules match an element. Such
prierity sequences are naturally expected te ocecuwr.

Variouz Programming Languages including MHTML and plain XML
and SUE and XUL ameng others support the implementation of
Style Sheets (E5S).

The approach iz outlined as follows:
1.  Dataset €ollection and Pre-processing:

Eollect healthy and malignant breast tissue MRIs.
Resize, normalise. and supplement images te incresse
model  resilience. Divide the dataset into training.
validatien, and testing set: for balanced medel

assessment.

2. Medel Development and Training:

Utilize the VGG convolutional neural netwerk, a
pre=trained deep learnimg model, and fine=tune it for
the classification task. Replace the final layers of
VEG1E with custom fully connected layers tailered
te binary classification. Utilise the training dataset
te  train the model, minimizing overfitting using
approaches  like datas asugmentation and dropeout.
Verify how well the model performed on  the
validation set and make any necessary adjustments te

the hyper parameters.

5. Backend Integration amd Prediction Workflow:

Implement the trained WVEB1E medel in the Flask
applicatien backend te handle image precessing and
prediction. Upon image submiszion, process the input
image, perferm the prediction using the medel, and
return the result. Display the result dynamically on
the same page, with Healthy results sheown in green

and Malignant results in red.

4. Deployment and Testing:

Deploy the Flask application on a suitable web
server for aceessibility .Eonduet extensive testing
with wvarious MRI  images to  walidate system
performance and  ensure robustness  Bather user
feedback for further refinement of the interface and

funetionality.

IIL. BL@EK DIAGRAM @F PRE@PESED SYSTEM
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Fig.2.Bleck Diagram of Proposed System

Architecture diagramming iz the process of ecreating wisual

representations of software system components.

In & software system, the term architecture refers te various
functions, their Iimplementations, and their intersctions with

each other.

Az software Iz inherently abstract, architecture diagrams
visually illustrate the wvarious data movements within the

sysbem,

They alse highlight how the software interacts wikth the
envirenment around It

Architecture: After three fully Llinked layers, WVEG1& has
sixteen convelutional Llayers. An sctivation function ecalled
Reld and & max-pesling layer are introduced after every
cenvolutional layer. Elassification employ: fully econnected

layers in the end.

Deep MNetwork: VGEGM is a deep neural netwerk architecture,
with 1% weight layers (13 convolutional Llayers and 5 fully

cennected layers), hemnce the name “VEE14T
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Small €onvelutional Filters: WVEE14 meostly empleys 3Ix3
convelutional filters with 1 stride and zimilar padding. These
modest  filters let the netwerk learn more complicated

characteristics with fewer parameters.

Max Pooling Layers: VEETE uses max-pooling layers with a
w2 windew and stride of 2 after wesch convolutional layer.
Max pooling redeces feature map spatisl dimension: while

keeping key information.

Fully €onnected Layers: The Llast three layers of VEG16 are

fully ecennected Llayers, which are responsible feor performing
high=lewel ressening and elassification based on the features
extracted by the convelutional Llayers.

Activation Function: Throughout the network, the Rectified
Linear Unit (RelU) sctivation Ffunction (s used to introduce
non=linearity, allewing the medel to learn complex mappings

between input and output.
1. Data Preprocessing:

= Impert and preprocess ultraseund Images, including
reducing them te a consistent size, nermalising pixel wvalues,
and maybe wusing data asugmentatien metheds Like retation,
flipping. and scaling te boost dataset variety and model

generalisation.

2. Medel Selection:

= Te eclassify breast canecer, use the VEGM convelutional
neural netwerk architecture. VEB18's deep design and shown
perfermance on several datasets make it an ideal candidate
for image classification jobs.

5. Transfer Learning:

= Initialize the WGEG1& model with pre-trained weight: on
large=seale image datasets . By lewveraging pre=-trained welights,
the modal can capture generlc Image features, which can then
be fine=tuned on your specific breast cancer.

4. Model Fine=Tuning:

= Fine=tune the pre-trained WVEE1$¢ model on your breast
cancer dataset. This involves wupdating the weights of the
madel’s layers using back propagation while minimizing a

classification loss function (e.g.. categorical eross-entropy).
5. Training:

= Divide the dataset inte training, wvalidation, and test.
Train the VG614 medel on the training set and assess
perfermance uszing the wvalidation set te aveid owverfitting.
@ptimization algerithms Llike Adam, SB8D., Llearning rates, and
regularisation methods Llike dropeut may improve medel

performance.

b, Evaluatien:

= Test the trained medel's classification performanze on
the test set. Find meassures teo evaluate the model’s capability

te distinguish between normal, abnermal, and  eancerous

ultraseund image.
7. Fine=Tuning and Hyperparameter Tuning:

= Te improve meodel performance, fGry alternative
hyperparameters imcluding fine=-tuning layers, Lleasrning rates,
bateh sizes, and dropout rates. Use grid or random search to
effectively explere hyperparameter space.

B. Model Depleyment:

= After testing, utilizse the model. A software program or
healtheare system that precesses ultrasound images and
provides automated breast cancer categorization finding: to

healtheare practitioners may integrate the trained model.
MRI IMAGES

Endpoint detection for breast cancer within an MRI setting
requires beth high accuracy along with effective workflow

capabilities.

Small Llesiont remain undetectable te traditional eomputer=
aided detection technelegles besause their detection
capabilities fall shart. Similarly manual radislogical
identification of lesions demands extended perieds of time

aleng with the potential fer detection mistakes.

The streng point of ENNs Lies in their ability to determine
image categories and find objects In plctures.

Autemated breast cancer systems ean determine MRI image
lesions precisely threugh these techniques which benefits

patient treatment outeomes while decreasing diagnosis errers.

Radiologisis: Deep learning systems benefit radiologists through
different aspects which Include correct disgnostic assistance
and simplified Image interpretation while Improving
sccessibility te quality diagnosis for areas lacking medical

resourceas.
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Fig.5.Flowehart of the Proposed System

Key features of the WGG1E architecturae:

Architecture: WVEBE1& contains 1 wariables (hence “16%). It
has max=-pooling. 13 convolutional, and 3  fully connected
layers IL IIL OIW. W. VL &

Eonvelutional Layers: Applies 1 stride teo 3x3 filters. The
application of two-by-twe max-poeling layers with a two-step
stride maintaine essential features while reducing spatial
dimensions in the network.

Fully Eennected Layers: A completely Llinked set of Llayers

follows, and then a categorisation Seft Max layer.

Input: Accepts images of size 228x224x3 (height. width, and 3

colour channels fer RGE).

Pretraining: VBG4 is eoften pretrained on large datasets Llike
Image Met, making It & popular cheice fer transfer learning

Save mode: Save Mede could refer te a feature where
progress s stored (e.g. sute save) or & mode where saving

it emphasized te aveid data less.
Functional Requirements:

Image Upload: The system should allow users te browse and
uplead MRI images for classification. The image file should
be in a supported format (e.g. JPEG, PNG)

Image Preview: @&nce an image iz selected, the system

should display a preview of the image befere submission..

Medel Predietion: Upen submiztion of the imeage, the system
should process the image using the trained V6614 medel and

return a classification result (either Healthy or Malignant).

Dymamie Result Display: The result should be displayed
dymamically on the same page after image submission. The
prediction should be coler-coded (green for Healthy, red for

Malignant) for easy interpretation

Navigation and User Interface: The web application sheuld have
a top navigation bar with the header “Breast Eancer Prediction
Using MRI Images” and a clean, easy-to-navigate layout.

Errer Handlimg: Fer incorrect file formats, empty upleads. and
model processing failures, the system should gently manage

them and preovide the user feedback.

Responzive Design: The web application should be mobile=
friendly and responsive, ensuring it works well en a wvariety
of devices (e.g., desktops, tablets, smart phones).

. AEEURAEY
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Aeeuracy table

& M. Raghu, €. | Bresst €ancer | 80%
Zhang, I. | Detected with
Eleinberg, and | Sereening us:
$. Bengio Reasons for  Non
detection at
Mammography
7 b. Wang and | Detecting 7%
A. Khesla Metastatic Breast
Eancer using
Deep Learning
W, RESULTS AND DISEUSSIGN
Breast cancer i3 one of the leading causes of cancer—
related deaths ameng women worldwide. Eorrect diagnosis

and early discovery are essential for svccessful Rherapy and
better survival. Due to its great

witheut

sensitivity and capacity te
Magnetic

Resonance Imaging (MRI) iz a strong breast cancer disgnostic

image breast tlssues lonising  radiation,

technique. Breast cancer diagnosic haz been revolutionised by

recent advancements In medical imaging and deep learning.

Deep learning automates the process of learning and attribute
networks. These
approaches in

naur al
standard

extraction from data by usze of

aslgorithme  generally outperform

recognizing medical image patterns and sbrnormalities.

Butput:

SLNE AUTHER TITLE @&F THE | AEEURAEY
PREJEET AND
TEAR
1 Swati Nadkari, | Breast Eancer | 95%
Kevin Meronha datection with
multiparametrie
Magnetic
Resonance
Imaging using
Deep Learning
(2021)
2 Abu  taib and | A novel  deep | 92%
@assim learning medel
for breast cancer
detection: Deep
breast cancer
Net. (2023) Fig.5.@utput of the Proposed System
3 Mohammed Breast cancer | 90%
Rasheed detection using
and neural networks
Basem.5 (2022)
4 Priya €W and | Deep learning for | 87% VL EGNELUSIGN
VE biju Breast cancar
detection in The proposed Breast E€ancer Prediction System using MRI
histopathelogy Images effectively combines deep learning and wih
images (2020) application develepment te previde an automated,
5 Josa manuel | Breast cancer | B83% sccurate, and efficient solution fer disgnosing bresst cancer.
and Maria del | detection by By leveraging the power of the VEE1& convolution neural
artificial neural network, the system can classify MRI  Images as  Healthy
networks (2023) or Malignant, supporting healthcare  professionals  in early
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diagnosis  and improving  patient care. The web=based
application offers El user=Ffriendly interface that
simplifies the process of image uplead, real=time result

dizplay, and eaze  of navigation. This system not only

reduces the dependency om  m 1 interpretation of  MRI
ECANE but alse ensures fast and eonsistent results,
which is essential for timely medical intervention. With the
integratien of machine learning and & responsive design,
the system is scalable, maintainable, and  secure. making It
an ideal selutien fer clinies and hospitals. Ultimately, this
system has the potential | te revelutionize the diagnestic
process, helping to save lives by enabling  faster and

more accurate detection of breast cancer.
VIL. FUTURE SEGPE

Advanced Al Maodels Mext-generation deep learning medels Llike
30 €onvelution Neural MNetwerks (3D=ENNs). Vision Transfermers,
and attention-based medels will impreve the sensitivity and
specificity of breast cancer detection. Reduetion in  False
Positives/Negatives Future medels will be more capable of
distinguishing between benign and malignant tumeours,
signifieantly reducing false positives and false negatives.
Multimedal Integratien Integrating MRI with other imaging
modalities (like mammeography, PET, and ulirasound) uszing deep
learning fusion models will previde a more comprehensive and
accurate disgmosis. Personalized Risk Assessment Deep learning
models can analyzre a patient’s MRI history, genetic profile,
and Llifestyle factors ko provide personalized risk predictions
for bresst cancer. Predicting Treatment Response Future AL
models will uze MRI  image attributes te prediet patient
responses te chemotherapy and radiation, allewing persenalised
treatment planning. Melecular Subtype  Elassification MRI
images and deep learning will categorise breast cancer
subtypes like HERZ-positive and triple-negative, enabling
tailored treatments.

VIIL REFERENEES

O M 5 Bae et al.,, “Breast Eancer Detecked with
Sereening us: Reasons fer Nendetection at
Mammography,” Radiology, wel. 270, no. 2. pp.
369=-377, 2013

O D. Wamg and A. Khosla, “Deep Learning for
Identifying Metastatic Breast Eancer,” pp. 1-6,201.

O 5. K. M. Hameouda, B. H. A. El=azz, and M. E. Wahed,
“iMedPub Journals Enhamncement Accuracy of Breast
Tumeor Diagnosis in Digital Msmmograms Keywords,”
pp. 1=8. 2017

O w Xie, Y. Li, and Y. Ma, “Neuroccemputing Breast
mass classi fi eatien In digital mammography based
on extreme Llesrning machine,” Neurscomputing, wvel.
17%, pp. 930=981, 201

O M. Dhungel, 6. E€arneire, and A, P. Bradley,
“Automated Mazs Detection in  Mammegrams using
€ascaded Deep Learning and Random Ferests.” pp. 1=8,
2015.

O 0. Be=dreid. K. Platania, K. Lee, and 5. Park,

“Automated Breast E€ancer Diagnosis Using Deep

Learning and Regien of Interest
DREID )" pp. 536-583, 2017

Detection

( BE=

IJERTZ5A5342 International Journal of Ereative Research Thoughts (IJERT) wuw,ricri,qwl

L75%



