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Brain tumors represent one of the most urgent medical cases, where timely and correct diagnosis is
essential for effective treatment. Manual classification of traditional imaging methods, e.g. CT and MRI, are
labor-intensive, prone to error and associated with low capability of detecting delicate tumor characteristics.
In response to these weaknesses, this study seeks to integrate nanotechnology to enhance the detection ac-
curacy of the tumors. Both fluorescence and MRI imaging using tumor specific ligands involved the func-
tionalized nanoparticles of gold and iron oxide as contrast agents. These nanoparticles have a strongly visible
and contrasting effect on tumors and improve the visibility and delineation of tumors in which contrast is
increased between malignant and normal tissues, which facilitates the precise localization. Advanced image
processing methods were applied to nanoparticle-enhanced high-resolution images to automatically detect
and classify tumor regions with improved sensitivity and specificity. This approach eliminates manual seg-
mentation and demonstrates the potential of combining nanotechnology with advanced imaging for non-
invasive and accurate brain tumor diagnosis.
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1. INTRODUCTION

The complexity and severity of brain tumours make
them one of the most critical neurological disorders af-
fecting healthcare systems across the world. The high
mortality rate and their high mortality ensure this mor-
bidity rates. The most recent GLOBOCAN estimates re-
veal that about 308,000 new cases of brain and central
nervous system (CNS) cancers were diagnosed globally
in 2020, comprising about 1.6 % of the total cancer cases
documented worldwide, and 251,000 deaths were due to
the same in 2020 [1, 2].

Early and correct diagnosis is a medical dilemma
that has a huge effect on the survival of a patient treat-
ment outcomes. Standard diagnostic modalities like
Magnetic Resonance Imaging (MRI) and tomographic X-
ray imaging generally involve significant human effort
from healthcare practitioners. This approach requires
substantial manual effort and time, and errors are likely
to occur when dealing with large datasets and intricate
tumor characteristics. Such restrictions may result into
procrastination or faulty diagnoses, restricting useful
medical intervention and reduction in patient survival.

This paper suggests a method that incorporates im-
age processing algorithm with nanotechnology for auto-
matic diagnosis of brain tumour. To enhance tumour
identification, imaging data are supplemented with
functionalized nanoparticles, and advanced image
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processing techniques using CNN models such as simple
CNNs, VGG-16, and VGG-19 are applied to capture in-
tricate features in T1-weighted CE-MRI images [3]. Con-
trary to the past methods which require preparation,
and tumour segmentation, in the proposed system MRI
is analysed in real time, reducing the working time and
enhancing the efficiency of classification.

This approach addresses inherent inadequacies in
existing method diagnostics by combination of nanotech-
nology and deep learning acquiring analytical skills that
improved precision of images. The obtained outcomes
confirm a robust, non-intrusive tumor classification
technique capable of accurately identifying gliomas,
meningiomas, and pituitary tumors, leading to improved
clinical decision-making and patient outcomes.

2. SURVEY OF EXISTING FRAMEWORK

The main modality of brain tumor assessment, Mag-
netic Resonance Imaging (MRI), nowadays allows clini-
cians to determine the extent of tumors, characterize the
properties of cells and vases using complex sequences,
and help to accurately plan the treatment and monitor
the course of the treatment in the presence of various
neuro-oncological conditions, due to its non-invasive ac-
quisition of high-contrast and multiplanar structural
and functional data [4]. There is also the extensive use
of Computed tomography (CT) scans assisted with
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visualizing structures of human bodies, diagnose, ob-
serve and treat such disorders as carcinomas, and glio-
mas [5]. Conventional MRI and CT scans have reduced
sensitivity for brain tumor identification when nanopar-
ticle contrast agents are not employed. The suggested
method uses ResNet50V2 [6] and proficient .Net
achieved increased detection accuracy, preciseness and
recall in brain detection tumors. Artificial Neural Net-
works (ANN) along with Convolutional Neural Net-
works (CNN) were analyzed to enhance the accuracy of
brain tumor detection [7]. The study investigates the ap-
plication of Probabilistic Neural Networks for brain tu-
mor classification, where Principal Component Analysis
is employed to derive discriminative features [8]. One of
the existing work combined fine-tuned ResNet50V2 to
classify brain tumors with U-Net on data repository of
TCGA and TCIA that proved to be effective [9]. The de-
signed system with a sequence of CNNs fused together
via ensemble learning achieved up to 99.43 % accuracy
on Task 1 of the BRaTS 2021 dataset, which highlights
the fact that model fusion is beneficial in medical image
classification [10]. The automated detection process is
complicated by the diverse shapes, sizes, and textures of
lesions, which has motivated the use of a hybrid feature
extraction framework integrating Gabor wavelet fea-
tures, HOG descriptors, and segmentation-dependent
fractal texture analysis (SFTA) [11]. The classification of
brain tumors into glioma, meningioma, and pituitary
types is performed through MRI image analysis employ-
ing a two-dimensional convolutional neural network
framework [12].

Brain tumors are classified into glioma, meningioma,
and pituitary categories by processing MRI images using
2D convolutional neural networks (CNNs) [13]. A pre-
trained VGG-16 model integrated within a deep CNN
and leveraged via transfer learning is employed to han-
dle variations in feature spaces and data distributions in
real-world applications [14]. The proposed deep learning
system utilized grid search-based hyperparameter tun-
ing across three CNN models and large-scale clinical
data, outperforming traditional approaches in brain tu-
mor analysis [15]. Enhancements in areas include Res-
Net50 and U-Net CNN models on fine-tuning the MRI
work of TCGA-LGG and TCIA databases [9]. BCM- CNN
model uses ADSCFGWO hyperparameter optimization
in CNN [16]. Experimental results indicate that the
VGG-19 deep neural network, coupled with K-means
clustering, can classify diabetic retinopathy grades from
fundus images with an accuracy of 96 % on Kaggle data
repository [17].

Traditional MRI and CT imaging methods face chal-
lenges in identifying brain tumors when nanoparticle
agents are not used. Accordingly, numerous researchers
[18, 19] have examined nanotechnology-driven and na-
noparticle-dependent approaches for improving tumor
imaging quality.

3. METHODOLOGY

An innovative diagnostic framework is created that
uses nanotechnology improvements and sophisticated
image dealing algorithms to enhance the automation
and accuracy of brain tumor.
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3.1 System Architecture Overview

Figure 1 outlines the overall framework of the pro-
posed method. It comprises a number of steps, which are
discussed in the following sections.

1. Nanoparticles Selection: To select nanoparticles
for detection of brain tumors, the nanoparticles should
offer high specificity and sensitivity. Due to their ease of
functionalization, high biocompatibility, and unique sur-
face plasmon resonance properties, gold nanoparticles
(AuNPs) were selected to enhance imaging modalities,
including tomographic X-ray imaging and fluorescence.
Moreover, the iron oxide nanoparticles have to be
smaller in size because of their nature are such good con-
trast-enhancing agents in magnetic resonance they in-
cluded imaging (MRI). The nanoparticles are coated
with EGFR antibodies and other tumor-specific ligands,
allowing precise binding to glioblastoma cells. A polyeth-
ylene coating of non-specific binding was reduced by ap-
plying glycol (PEG) bond and enhance blood-brain bar-
rier penetration.

2. Nanoparticles Synthesis: Synthesis of nano parti-
cles is carried out by established conventional ap-
proaches.

Gold Nanoparticles (AuNPs): The synthesis of spher-
ical gold nanoparticles was carried out using a citrate
reduction process, wherein sodium citrate acts as the re-
ducing agent for chloroauric acid under controlled exper-
imental conditions.

Iron Oxide Nanoparticles: They have been produced
through the coprecipitation technique whereby ferric
and ferrous salts are mixed in alkali medium, after
which it is stabilized by citric acid in order to maintain
homogenous dispersion.

Selection of
Nanoparticles

|

Synthesis of
Nanoparticles

Integration for the
identification of Brain
Tumors

Collection of
Fluorescent and MRI
high dimensional image|

data -

® 2@

Glioma Meningiloma No Tumor Pituitary
Tumor Tumor Tumor

Fig. 1 - Flowchart of hybrid scheduling algorithm [10]

3. Brain Tumor Identification: The functionalization
of the tumors effective targeting and imaging character-
istics of nanoparticles were assessed. Cell lines of
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glioblastoma multiforme (GBM) were examined in vitro
as an experimental set up. In vivo validation was done
on mouse models.

4. Data procurement and image analysis: High-di-
mensional imaging data were collected using fluores-
cence imaging and magnetic resonance imaging (MRI).
The acquired data were preprocessed using techniques
such as denoising and normalization to enhance image
quality and ensure consistency. Relevant features, in-
cluding texture, shape, and intensity characteristics,
were extracted to facilitate accurate tumor identification
and classification. These features were later provided to
a deep learning model for processing. The image pro-
cessing pipeline is designed to systematically scan med-
ical images and detect brain tumors through a series of
well-defined steps.

a. Image preprocessing: The data augmentation pro-
cess has been incorporated in the image preprocessing
pipeline alongside various steps necessary to prepare
the MRI images to the model training. For compatibility
with VGG-based architectures, the MRI images were in-
itially resized to 256 x 256 pixels. Subsequently, the im-
ages were normalized by scaling the pixel intensities are
rescaled to ensure they remain within the [0, 1] range,
which contributes to training stability and convergence.

Data augmentation procedures such as random rota-
tions, horizontal and vertical flips, zooming and shifting
were employed to augment training data and minimize
overfitting. Finally, to measure the generalization per-
formance, the data repository was divided into training
(70 %), validation (15 %), and testing (15 %) sets.

b. VGG-19 data processing: The VGG-19 deep learn-
ing model is designed to work with preprocessed MRI
images and identify the features needed, classify them,
and evaluate their charcteristics. It is done by resizing
the images to 256 x 256 pixels, normalizing the images
and loading them in batches to ensure that the process
of training is not a waste of time. The convolutional lay-
ers of a pre-trained VGG-19 network are used to extract
high-level features and identify a complex structure pat-
tern of the various tumors of the brain. In order to en-
hance the performance of the classifier, the fully con-
nected layers are optimized to target individual classes:
glioma, meningioma, pituitary tumor and no tumor and
initially leave the convolutional base fixed. With the
softmax layer, the model computes the probability of
each class, and the one with the highest output is used
as the ultimate prediction of the model.

3.2 Data Repository

The MRI data repository used in this investigation
was obtained from Kaggle [20] and consists of approxi-
mately 4,806 labeled images. These MRI scans represent
various brain tumor types, including glioma, meningi-
oma, and pituitary tumors, along with normal brain im-
ages, all of which are annotated according to tumor clas-
sification.
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4. PERFORMANCE ASSESMENT

The detection and identification of brain tumors
based on MRI data were conducted on the basis of apply-
ing and evaluating the CNN, VGG-16, and VGG-19 mod-
els. Table 1 has summarized the performance measures
of each of the models on the validation data repository.
The findings of the experiment demonstrate the high
level of performance of the optimized VGG-19 model in
terms of the accurate detection and classification of
brain tumors. VGG-19’s deeper hierarchical design and
pre-trained feature extraction layers allow it to capture
intricate patterns in MRI data more effectively than
both simpler CNN architectures and VGG-16. Although
the basic CNN model trains faster, it lacks the capacity
to handle the complexity required for accurate tumor
classification. VGG-16, while a viable alternative, exhib-
its slightly lower performance compared to VGG-19 and
does not achieve comparable results.

Table 1 — Runtime performance analysis

Applied Model | Precision F1 Score
. . Recall
Model |Effective-| Analysis Value (%) Measure
Approach | ness (%) (%) e (%)
CNN 89.7 89.3 87.6 88
VCG-16 94.3 93.4 92.9 93
VGG-19 95 94.5 94.0 94.6

5. CONCLUSION

This study proposes an innovative technology to
brain tumor diagnosis by integrating computerised
Nano based image processing techniques and advanced
imaging techniques. Synthesized and functionalized
gold and iron oxide nanoparticles are utilized as contrast
mediums in fluorescence and magnetic resonance imag-
ing (MRI), significantly enhancing image quality and
visualization of tumor regions. This enhancement im-
proves detection sensitivity and diagnostic specificity.
The high-quality imaging data are then processed using
sophisticated automated image processing techniques,
eliminating the need for manual segmentation and sim-
plifying the diagnostic workflow. By combining nanopar-
ticle-enhanced imaging with automated analysis, the
proposed approach addresses key limitations of tradi-
tional diagnostic methods, like high dependency on hu-
manl interpretation and vulnerability to human error.
This multidisciplinary model explains the transforma-
tive potential of development of nanotechnology com-
bined with the current calculational techniques to create
non-invasive, accurate and expandable diagnosis of
brain tumor. This approach has enabled early stage di-
agnosis with great precision which minimizes chances of
delayed or ineffective medical intervention which even-
tually translates to better patient outcomes. Future
studies can be aimed at optimizing the nanoparticle for-
mulations such that their targeting efficiency, produc-
tivity, and environmental sustainability is improved.
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Cucrema Bisdyasisanii 3 iHTEerpoBAaHNMHE HAHOTEXHOJIOTiAMMY OJ1d Kiaacudikamii
IIyXJIMH TOJIOBHOTO MO3KY
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IlyxyrEy TOJIOBHOTO MO3KY € OJHHM 3 HAMTEPMIHOBIIINX MEJUYHUX BHIIAJKIB, /1€ CBOEYACHA TA IIPABU-
JIbHA TIaTHOCTHUKA € BAKJIMBOIO I e(PeKTUBHOrO JIKyBaHHsA. PyuHa kiacudikallia TpaguiliifHUX METOIIB
Bigyamisanii, Hanpuraan, KT ra MPT, e TpymomicTioi, CXMIIBHOIO 10 IIOMUJIOK TA IOB'SI3QHOK 3 HU3BKOIO
3IATHICTIO BUABJIATH JEIIKATHI XapaKTePUCTUKY IIyXJIMHA. Y BiANOBiAL HA Il HEIOIKH, IIe JOCIIIIMKEHHS
CIIpAMOBAHE HA IHTErpalliio HAHOTEeXHOJIOTIH AJId MiIBUINEeHHA TOYHOCTI BUABJIEHHS MyxJauH. Ik dryopeciie-
"THA, Tak 1 MPT-Bisyasisallis 3 BAKOPUCTAHHAM MyXJIMHOCHIEIIM(MIUHNX JITaHIIB BKIIOYAITE (PYyHKITIOHAJII-
30BaHI HAHOYACTHUHKY 30JI0TA Ta OKCHUJY 3aJ113a K KOHTPACTHI peuoBrHU. [l HAHOUACTUHKY MAIOTh CUIIBHUN
BUMMUIA TA KOHTPACTHUM e(peKT Ha IMyXJIMHU Ta MOKPAIYOTh BUAUMICTh Ta PO3MEKYBAHHS ILYXJIUH, [IPU
I[bOMY 301JIBIIIYETHCS KOHTPACT MK 3JIOAKICHUMH Ta HOPMAJIbHUMU TKAHWHAMU, 10 CIPUAE TOYHIN JIOKAJTi-
3airii. Jlo 300pakeHb BUCOKOI pO3IIIHLHOI 3JaTHOCTI, IIOCUJIEHUX HAHOYACTUHKAMH, OyJIX 3aCTOCOBAHI IT€PEIOB1
MeToau 00poOKHU 300paskeHb JIJIS aBTOMATHYHOTO BUABJIEHHS Ta KIacu(iKaIil JUUISHOK IMyXJIWHYU 3 OKpaIle-
HOI0 YyTJIMBicTIO Ta crerudivnicrio. [le# miaxin BHKIIOUAE PYyYHY CEIMEHTAIII0 Ta JeMOHCTPYE IIOTEHIIa
TOETHAHHS HAHOTEXHOJIOTIH 3 IIePEeI0BOI0 Bi3yaJTi3alfiero A HeIHBA3UBHOI T TOYHOI JIATHOCTUKY ITyXJIFH

TOJIOBHOT'O MO3RY.

Kmiouosi cinosa: Pentreniscsra Tomorpadis, OuyopeciieHTHA Bidyasrisaiiisa, MardiTHO-pe3oHaHCHA TOMO-

rpadia (MPT), ITyximea rooBHOIO MO3KY.
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