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ABSTRACT Modern healthcare relies extensively on medical imaging, which helps with disease monitoring,
diagnosis, and therapy planning. In many medical conditions, diseases start in one organ and spread to multiple
organs (e.g., metastasis). Organ identification ensures that each organ is independently analyzed for associated
abnormalities, offering a comprehensive diagnostic solution. In medical research and diagnostic procedures, the
categorization of medical images is of utmost importance, especially for organs like the brain, breast, lungs, and
liver are frequently mentioned in cancer reports. Computed Tomography (CT), Magnetic Resonance Imaging
(MRI), Breast Mammograms (MIAS), Brain (Br35H), Lung (IQ-OTHNCCD), and Liver (LiTs) are among the
datasets used. ViT demonstrates self-attention, allowing each part of the image to weigh its importance relative to
other parts and capture long-range dependency between input sequences. The model utilizes the Adam optimizer
with a learning rate of 0.0001, achieving strong performance across multiple imaging types. In validation of the
aforementioned datasets, the model's accuracy for the brain, breast, lung, and liver is 96%, 94%, 93%, and 92%,
respectively. The results indicate that ViT can minimize handcrafted feature extraction and achieve state-of-the-

art performance by applying its attention mechanism to medical imaging applications.

KEYWORDS Vision Transformer, Medical Image Classification, Human Organ Identification, Brain Tumor
MRI Dataset (BR35H), Mammographic Image Analysis Society Dataset (MIAS), Lung Cancer Computed
Tomography Dataset (IQ-OTH/NCCD), Liver Tumor Segmentation Dataset (LiTS).

. INTRODUCTION

lobally, breast, lung, liver, and brain cancers constitute a

significant share of the global cancer burden, and hence
cancer is a leading cause of morbidity and mortality. According
to the Global Cancer Observatory data for 2022, lung cancer is
responsible for 12.4% of new cancer cases diagnosed globally,
and thus it is the most frequently diagnosed cancer [1]. Breast
cancer comes in second at 11.6%. Liver cancer has a high death
rate, responsible for 7.8% of cancer mortalities. There were an
estimated 313,510 new breast cancer cases in 2024,
representing 16% of all the United States cancer diagnoses,
which is the leading cancer type among women. Of the
predicted 234,580 diagnoses, 12% of new cases are lung and
bronchus cancer. Notably, lung cancer remains responsible for
20% of all cancer-related deaths and is the leading cause of
cancer mortality [2]. The high incidence and mortality rates of
these cancers underscore the need to identify them early and
deliver a precise diagnosis [3]. Advances in medical imaging
devices have facilitated the visibility of these cancers, but
issues persist since tumor representations are different and
intricate between organs. It may require much time and be
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subject to inter-observer variability for radiologists to manually
examine data from conventional imaging methods.

Medical image analysis is now a critical part of healthcare,
in order to diagnose and treat disease, modalities like computed
tomography (CT), magnetic resonance imaging (MRI), and X-
rays become fundamental [4]. Conventional machine-learning
methods for organ classification tend to build upon handcrafted
feature extraction mechanisms, which need substantial domain
knowledge and can find it difficult to generalize across a
variety of datasets. Recent advancements in deep learning,
particularly convolutional neural networks (CNNs), have
revolutionized image analysis by learning hierarchical features
directly from the data [5]. Nevertheless, CNNs have
shortcomings in obtaining global context and far-reaching
relations in an image that can be absolutely vital for interpreting
complex medical scans.

Historical approaches to image classification relied on
hand-designed features such as textural descriptions, edge
detection, and histogram-based features [5]. Such approaches
were often limited by their inability to generalize to various
datasets and needed domain knowledge to define efficient
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features. CNNs have produced remarkable results in medical
image applications such as disease diagnosis, organ
segmentation, and classification. Yet, CNNs are practically
constrained from acquiring global dependencies through their
localized receptive fields [6]. This has especially been
considered an important shortcoming in the case of medical
images, since dependencies between distant parts of images
may contain life-critical information for diagnosis.

There are promising prospects to enhance the accuracy and
efficiency of medical imaging diagnosis due to the latest
developments in artificial intelligence (Al), particularly deep
learning [6]. For image identification tests, Vision
Transformers (ViTs), a novel architecture that leverages self-
attention mechanisms, have surpassed CNNs. ViTs can
enhance feature representation by detecting long-range
relationships in images, making them well-suited for complex
patterns in multi-organ medical imaging.

Self-attention mechanism delivered by Transformers,
initially developed for tasks of natural language processing
(NLP) permits the model to acquire contextual associations and
long-term dependencies. The Vision Transformer (ViT) with
its next-generation architecture developed first for tasks of
natural image classification, has emerged as a legitimate
alternative. In contrast to CNNs, the ViT makes use of a self-
attentional mechanism to capture global features over an
image, and therefore, it performs very well for tasks that
necessitate holistic spatial knowledge [7]. By partitioning an
image into small patches and processing them as input tokens,
just like words in language modeling, the ViT can acquire rich,
context-dependent representations of the data [8].

By taking advantage of the high-performance capabilities
of the ViT, this study contributes to furthering the growth of
automated and scalable medical image analysis solutions that
can potentially lead to improved patient outcomes and
diagnosis workflows [9]. ViT's capacity to generalize across
domains makes it a versatile tool for both natural and domain-
specific image analysis. In this research, we utilize the ViT
architecture for organ classification (brain [10], breast [11],
lungs [12], and liver [13]) from CT scan images. By using its
global attention capability, ViT shows immense capabilities to
recognize structures of organs as well as classify relevant from
irrelevant inputs with considerable accuracy and be a good
application for medical imaging analysis. Work has been
undertaken using the ViT model to classify four significant
organs in CT scan images viz. brain, breasts, lung, and liver.
The following is a summary of the main contributions of this
study:

1. For reliable organ recognition across CT, MRI, and
mammography images, a modality-independent Vision
Transformer (ViT)-based system is suggested.

2. To improve classification accuracy, the model uses self-
attention processes to focus on the most pertinent areas
of the image dynamically.

3. To address the issue of disparate dataset sizes, data
balancing techniques have been implemented,
guaranteeing equitable and uniform classification
performance across all datasets.

4. Extensive tests and comparisons with CNN-based
models demonstrate improved performance, scalability,
and generalization ability in Multiple Medical Imaging
Modalities classification tasks.

It also addresses a critical challenge in medical image

analysis, handling irrelevant or out-of-distribution images by
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incorporating a confidence-based mechanism to classify such
images as "unknown." This ensures the system's robustness and
reliability when deployed in real-world scenarios. The
organization of the paper is as follows: Section 2 provides a
detailed review of the existing literature related to deep
learning models, particularly focusing on CNN-based methods
and recent advancements in Vision Transformer (ViT) models
applied to medical imaging tasks. Section 3 describes the
methodology of the proposed ViT-based framework, including
the architecture details, optimization strategies, data balancing
techniques, and the rationale behind selecting multiple medical
imaging modality datasets. Section 4 presents the experimental
setup, dataset description (IQ-OTH/NCCD Lung, MIAS,
BR35H, and LiTS), performance metrics, and comprehensive
results analysis. Comparative studies with existing CNN-based
models are also discussed in this section to highlight the
superiority of the proposed method. Section 5 discusses the
key findings, novel contributions, and advantages of the
proposed approach. The potential real-world applications in
healthcare diagnostics and future directions for research
enhancement are also elaborated. Section 6 concludes the paper
by summarizing the main outcomes of the study and
emphasizing the effectiveness of the Vision Transformer model
for multiple medical imaging modality classification tasks.

Only a few articles in the literature address the problem of
human organ identification. First, the majority of deep learning
models now in use have architectures specialized to particular
modalities, which restricts their capacity to be scaled and
adjusted to several kinds of medical images, including CT,
MRI, and mammography. When used on new datasets or
domains, these models do not frequently generalize effectively.
Second, because of their small receptive fields, classic
Convolutional Neural Networks (CNNs) mostly concentrate on
local features, which makes it challenging to acquire global
contextual information that is essential for correctly detecting
complicated organ structures. Third, the size and labeling
quality of medical imaging datasets are frequently unbalanced,
which can result in biased learning where models perform
better on larger datasets or dominate classes. Lastly, a lot of
traditional methods still mainly rely on domain-specific
modifications and manual feature engineering, which makes
them less effective and interpretable, especially in clinical
settings with high stakes. These drawbacks highlight the
necessity of an automated organ identification method in
medical imaging that is more adaptable, broadly applicable,
and contextually aware.

Il. BACKGROUND STUDY

These references provide a comprehensive background on
ViTs, their applications in computer vision and medical
imaging, as well as key concepts like transfer learning,
segmentation, and handling out-of-distribution samples.

In [14], Martin et. al. (2025), the authors evaluated several
Vision Transformer architectures, including Swin Transformer
and MaxViT, for the classification of tumors across multiple
organs using magnetic resonance imaging (MRI) and computed
tomography (CT) scans. The study employed three distinct
training sets comprising brain, lung, and kidney tumor images,
with class labels ranging from gliomas and meningiomas in the
brain to benign and malignant conditions in the lungs, and
various kidney anomalies. The main objective was to assess the
behavior and generalization ability of transformer-based
models on individual and combined datasets, examining their
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adaptability to different organs and imaging modalities.
Experiments involved fine-tuning the models on separate
datasets as well as on a combined dataset to determine
performance improvements. The results demonstrated that the
Swin Transformer consistently achieved the highest
classification accuracies, with an average accuracy of
approximately 99.0% on single-organ datasets and up to
99.43% on the combined dataset, indicating strong
performance across heterogeneous data.

In [15], Liu et al. (2024) reported that although many
partially labeled datasets are available, only a few fully labeled
multi-organ datasets exist due to the significant effort required
to annotate multiple organs for segmentation. The accuracy of
segmentation is limited by the inability of current approaches
to leverage supervised information from these datasets. To
improve performance, this work presents a 2-stage multi-organ
segmentation technique that uses a mutual learning method. To
produce high-quality pseudo labels, the first stage uses partial-
organ models trained on non-overlapping labels, utilizing
mutual difference learning. In the second step, full-organ
models employ both true and pseudo labels, and they use
mutual similarity learning to dynamically share features among
models. The method demonstrates the efficacy of reciprocal
learning for multi-organ segmentation by achieving state-of-
the-art performance on nine datasets covering the head, chest,
belly, and pelvis.

In [16], Liu, X. et. al. (2023), suggested that radiation
therapy, surgical navigation, and computer-aided diagnostics
all depend on the precise segmentation of several organs in the
head, neck, chest, and belly. In the current years, multi-organ
segmentation techniques based on deep learning, utilizing end-
to-end training and data-driven feature extraction, have
significantly outperformed traditional approaches and emerged
as a key research area. The most recent developments in the
subject are methodically compiled in this overview. Using the
terms "multi-organ segmentation" and "deep learning," a
Google Scholar search conducted between January 1,2016, and
December 31, 2023, produced 327 works, 195 of which
satisfied the PRISMA requirements. We examined two core
aspects: datasets and methods. Public datasets were reviewed
and analyzed, while segmentation methods were divided into
semi-, poorly, and fully supervised methods. Their
segmentation accuracy was also evaluated. Finally, we
discussed current trends, challenges, and future directions in
multi-organ segmentation, providing insights into ongoing
developments and potential improvements in the field.

In [17], Agarwal et al. (2022) utilized 150 patient CT scan
images. Whole-body CT scans require precise organ
identification and segmentation to locate diseases and plan
treatments. Manual segmentation is laborious and necessitates
professional assistance. Although supervised machine learning
techniques can be scaled, they require huge datasets, which are
hard to come by in the medical imaging field. We provide a
completely automated, knowledge-based, unsupervised
process for organ localization and segmentation. Using ImageJ
for pre-processing, DBSCAN for segmentation, morphological
closure for post-processing, and a knowledge-based framework
for organ identification are all steps in the process. Multi-scale
template matching, localized overlap validation, and
constraint-based area checks are all used in this system. The
proposed approach outperformed expert-segmented results,
achieving high Dice Coefficients of 0.883 and 0.784 for the
lungs and kidneys, respectively, on 150 patient CT scans.
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In [18], D. Santhosh Reddy et. al. (2021) proposed a
framework that was tested on an in-house dataset of 1,906
ultrasound images. A vital diagnostic tool for a variety of
illnesses affecting soft tissues and organs is ultrasound
imaging. Ultrasound uses non-hazardous acoustic waves
instead of ionizing radiation, which is why doctors prefer it to
X-rays. However, identifying organs during real-time scanning
can be challenging and time-consuming, especially when
performed by unskilled clinicians, potentially leading to
incorrect diagnoses and serious consequences. The kidney,
liver, pancreas, spleen, and bladder are among the abdominal
organs that may be accurately classified using a CNN-based
architecture that uses transfer learning with ResNet, VGG,
GoogleNet, and Inception models. The framework gets an F1
score of 98.55% and an average classification accuracy of
98.77%, according to performance analysis.

Humpire-Mamani et. al. [19] in 2023, came up with a
system that used Transfer learning, which utilizes features from
huge datasets using pre-trained models, as a time-saving
technique that can enhance performance. The study highlights
how transfer learning can increase the effectiveness of
annotating, improve organ segmentation, and enhance patient
care. An extensive dataset with sparse annotations was used to
train the base model, 3D U-Net, and its weights were
transferred to four new segmentation tasks with fully annotated
datasets. The influence of training set size on performance was
also analyzed, simulating data scarcity. Results demonstrated
that transfer learning significantly boosted performance with
small datasets, especially when fine-tuning the base model
instead of updating all network weights. Fine-tuning improved
the Dice score by up to 0.129 (+28%) compared to models
trained from scratch. Additionally, cross-modality transfer
learning proved beneficial, particularly when employing CT
scans.

Deep learning for medical image processing has made
significant strides, but there are still several enduring issues that
need to be resolved. While effective at extracting local features,
traditional CNN-based methods frequently fail to capture long-
range relationships that are essential for complex organ
structures, resulting in less-than-ideal segmentation and
classification (e.g., Reddy et al. [18]). Although transfer
learning methods, as those used by Humpire-Mamani et al.
[19], enhance performance with little data, they have a
significant reliance on pre-trained weights from unrelated
domains, which leads to problems with domain adaptation.
While knowledge-based unsupervised algorithms (e.g.,
Agarwal et al. [17]) do not require substantial annotations, they
compromise accuracy and resilience in highly changeable
imaging situations. Although mutual learning frameworks (Liu
et al. [15]) increase label efficiency, they add pseudo-label
noise and pipeline complexity. The suggested Vision
Transformer-based approach, on the other hand, overcomes
these drawbacks by using self-attention processes to
automatically model global picture dependencies without the
need for extensive external pre-trained models, complicated
multi-stage training, or extensive supervision. High scalability,
accuracy, and efficiency across CT, MRI, and mammography
datasets are demonstrated by this innovative, generic, and
modality-independent framework, providing a well-rounded
and useful solution for automated multi-organ classification
tasks.
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Table 1 highlights the models, datasets, goals, and results
of recent research, and summarizes several deep-learning
approaches for multi-organ classification and segmentation.

Table 1. Summary of the deep learning techniques in multiple organ classification

annotations

across 9 datasets

Author / Dataset Type Model Objective Result Strengths Limitations
Ref.
) MRI & CT N Evaluate Vision Highest accuracy Comprehensive evaluation ]
Martin & . Vision Transformer Transformer o across organs and Evaluated organs with a
. (brain, lung, . . . . . up to ~99.43% L . . . .
Sanchez Kidney tumor variants (ViT, Swin architectures for multi- (combined modalities; high accuracy; single fixed modality each;
(2025) [14] Y Transformer, MaxViT) organ tumor shows adaptability of not full multimodal fusion
datasets) . . dataset)
classification transformers
Liu et al. Partially labeled Mutual Learning Improve segmentation SOTA Leverages partial labels, Complex pipeline, reliant on
(2024) [15] (9 datasets) (2-stage) with limited performance dynamic feature sharing pseudo-label quality

Liu et al. Multiple DL Overview Survey of DL-based Highlights trends A comprehensive review No experimental validation,
(2023) [16] modalities segmentation methods and gaps identifies gaps the overview only
Agarwal et CT (150 DBSCAN + Automated Dice: 0.883 Fully automated, no need Limited to specific organs;

al. (2022) patients) Knowledge-based unsupervised organ (lungs), 0.784 for large labeled data, ImageJ & DBSCAN may

[17] localization and (kidneys) interpretable struggle with complex
segmentation structures

Santhosh Ultrasound CNN + Transfer Classification of Accuracy: High-performance, Limited to ultrasound, needs
Reddy et al. (1,906 images) Learning (ResNet, abdominal organs 98.77%, efficient transfer learning a skilled model selection
(2021) [17] VGG, etc.) F1-score: 98.55%

lll. METHODOLOGY

In this study, four different datasets for four organs are used.
The IQ-OTH/NCCD (lung), MIAS (breast), BR35H (brain),
and LiTS (liver) datasets were specifically chosen for this work
in order to assess the generalizability of the suggested Vision
Transformer (ViT)-based model across a variety of imaging
modalities and organ types. A thorough testbed for evaluating
the model's resilience is provided by each dataset, which
represents a different modality: mammograms for the breast,
MRIs for the brain, and CT scans for the liver and lungs. ViTs
are compatible with these datasets because they can capture
contextual linkages and long-range dependencies, which is
especially useful in modalities with complicated spatial

patterns like CT and MRIL

Appropriate balance and

augmentation strategies were used to promote equitable
learning and consistent performance across tasks, despite the
dataset differences in size and annotation details. The datasets
used in this research are:

A.
B.

Br35H (Brain MRI) dataset
MIAS (Mammographic Image Analysis
dataset

Society)

C. 1IQ-OTH/NCCD Lung Cancer dataset
D.

LiTS (Liver Tumor Segmentation) dataset

Br35H dataset: The Br35H dataset consists of 3,064
brain MRI scans categorized into tumor and non-tumor
cases, supporting brain tumor classification [21]. 1164
malignant images are used to maintain equal
proportionality among the number of images of the
other three organs.

MIAS dataset: The MIAS dataset provides 322
mammogram images labeled as normal, benign, or
malignant, leading to breast cancer detection [22]. With
the help of Augmentation, each image is rotated at 45,
90 and 135 degrees to get a total of 1288 images.
IQ-OTH/NCCD dataset: For lung cancer detection,
the IQ-OTH/NCCD dataset includes 1,190 CT scan
images of the lungs, distinguishing between benign,
malignant, and normal cases [23].

LiTS dataset: The dataset contains 130 CT scans of the
liver with annotated tumor regions, facilitating liver
tumor segmentation and classification [24]. With the
help of Augmentation, each image is rotated in eight
different angles and a flip to get a sum of 1170 images.

A total of 4682 images are augmented by flipping vertically
and horizontally, collectively providing a substantial number of
high-quality medical images, enabling the fine-tuning of a
Vision Transformer (ViT) model for automated organ
classification and disease diagnosis, as shown in Figure 1.

Testing (zo%)

Generating image Patches

Br35h Dataset

Training

al'l

(80%)

Linear Projection of Flanened Patches

LiTs Dataset

LIIITIIX NN X

TRANSFORMER ENCODER

MIAS Dataset

-[>| NORM [»{ multi-Head Attention }b?]ﬂ NORM °—>

------ 1

Multilayer Perceptron Head ]

Other Orgéns Dataset

Identifying organs

Brain Breast Liver Lung Other

EEROHM

Figure 1. The ViT architecture for Automated Multiple-Organ Identification
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The examined works demonstrate how more sophisticated
frameworks, such as mutual learning, transfer learning, and
Vision Transformer-based architectures, have replaced
conventional CNN-based models. These methods show notable
gains in segmentation accuracy, especially when dealing with
tiny datasets or situations with few annotations. By efficiently
capturing both local and global contextual data, hybrid models
like UNETR and 3D U-Net with transfer learning improve
multi-organ analysis across modalities including CT, MRI, and
ultrasound. Notwithstanding these developments, the research
also identifies drawbacks, including the need for high-quality
pseudo-labels, computational complexity, and decreased
generalizability when models are used for physically complex
organs or unseen modalities.

The methodology utilizes a trained beforchand Vision
Transformer (ViT) from Hugging Face model hub
Transformers for image classification. As shown in the
algorithm, the datasets are pre-processed using Torch vision,
where images are resized to 224x224, converted to tensors, and
normalized. Image Folder is utilized to load the dataset, which
is then split into a training set and a validation set. The ViT-
Base-16 model, pre-trained on RadlmageNet, is fine-tuned on
Cross-Entropy Loss and the Adam optimizer, both of which are
available through PyTorch. The Hugging Face model hub
makes putting the previously trained model into minimal effort
possible, fitting it to the total number of classes in the dataset.
Training entails backpropagation and weight updates through
several epochs, with validation done using accuracy and
classification measures. New images are pre-processed and
input through the model after training to make predictions.
Hugging Face streamlines model loading, fine-tuning, and
inference to support efficient transfer learning.

A. PREPROCESSING OF DATASETS

Image Normalization, Resizing and Tokenization. The
preprocessing pipeline for training the Vision Transformer
(ViT) model follows a structured approach to ensure
compatibility and optimal feature extraction. First, Pixel values
are adjusted to fall within the [0,1] range in order to standardize
the intensity distribution across all images. After that, every
image is downsized to 224 by 224 pixels, which is the size that
ViT requires as input. Each image is resized and then separated
into 16x16 pixel (Pi=16) fixed-size patches. Each image is
resized and then separated into 16x16 pixel fixed-size patches.
(Pi=16). This results in (224/16) 2 = 196 patches, each of which
is compressed into a 1D array before being passed through the
transformer.

B. INITIALIZE VISION TRANSFORMER

B1. POSITIONAL EMBEDDING

The spatial links between patches are not automatically
understood by transformers thus, positional embeddings are
added to retain spatial structure. The positional embedding
process is mathematically expressed in Eq. (1):

Zi=Xi+Ei, (1)

where:

Ei is the positional embedding for the i-th patch.

Zi is the position-aware token.

A learnable CLS token is also attached to the sequence,
acting as a global image representation. Each 16x16 patch is
first flattened into a 1D vector. The vectors are then passed
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through a linear projection layer, which maps each patch to a
d-dimensional embedding space (e.g., d=768 for ViT-B/16).
This embedding operation is represented in Eq. (2):

Xi=Wp-Pi+b, 2)

where:

Pi is the flattened i-th patch.

Wp is the learnable weight matrix for projection.

Xi is the embedded patch representation.

A learnable classification token (CLS) is added to the
sequence to facilitate categorization, allowing the model to
aggregate global image features. The final input sequence to
the Vision Transformer is formed by combining the CLS token,
patch embeddings, and positional embeddings as described in
Eq. (1) and Eq. (2). Additionally, positional embeddings are
incorporated into the patch embeddings to retain spatial
relationships, compensating for the lack of inherent locality in
transformer architectures. This structured representation helps
the ViT model to effectively capture both local and global
image features, which leads to accurate classification.

C. TRAIN THE TRANSFORMER MODEL

The Vision Transformer (ViT) is trained using an iterative
optimization technique that includes a forward pass,
backpropagation with optimization in each epoch, and loss
computation.

Algorithm: Vision Transformer for Organ Identification

Input: Dataset D with labeled images of organs (breast,
brain, lung, liver). Each image I is of size HXW.
Training dataset Dy,;, = {(x;, ¥:)}
Validation dataset Dva={(Xj, yi)}

Output: Predicted organ label for each input image.

1. Preprocess Data:

e Normalize pixel values to [0, 1]

e Resize images to 224 x 224,

e Divide each image into fixed-size patches P x P and
flatten it into one 1D array. Each image is divided
into 16x16 patches, forming 196 patches.

. Initialize Vision Transformer:

Each 16x16 patch is flattened into a 1D vector.

e A linear projection maps the patch to a d-

dimensional embedding.

e A learnable classification token (CLS) is appended.

e Positional embeddings are added to retain spatial

information.

3. Train the Transformer Model:

For each epoch E:
For each batch (X, Y) in training data:
Forward Pass

e  Compute self-attention outputs in the Transformer

encoder

e  Apply residual connections and layer normalization

e Pass outputs through the feed-forward network

e Apply another residual connection and normalization

Compute Loss
e Compute cross-entropy loss between predictions and
true labels
Backpropagation and Optimization
e Compute gradients of loss w.r.t model parameters

o N
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e Update model parameters using the AdamW
optimizer
4. Classify:
Extract CLS token output from the final encoder layer.
Use SoftMax to navigate through a completely
connected layer. activation for classification.
5. Evaluate:
Measure accuracy, precision, recall, and F1-score on
D test. Generate attention maps for interpretability.

C1. FORWARD PASS

For each training batch (X, Y), the input images are first
tokenized into fixed-size patches and passed through the
Transformer encoder.

C2. SELF-ATTENTION COMPUTATION
The core operation of the Transformer is to determine how
strongly each token (image patch) relates to others. It is
computed as follows:
Each token generates Query (Q), Key (K), and Value (V)
Matrices as defined in Eq. (3):

Q = XWQ,K = XWK,V = XWV 3)

The self-attention scores are computed and expressed in
Eq. (4):

A = Softmax(QK"/\[dy), (4)

where:
dk is the key vector’s dimension.
SoftMax ensures attention weights sum to 1.
The final weighted representation is shown in Eq. (5):

Attention (Q,K,V)=A-V &)

Each self-attention block is followed by:
1. Residual Connection and Layer Normalization
2. Feed-Forward Network (FFN)

The outcome is then processed via a two-layer feed-forward
network (FFN) with an activation function, usually ReLU or
GELU. The FFN operation is mathematically represented in

Eq. (6):
FFN(Z) = max(0,ZW1 + b1)W2 + b2 (6)

3. Another residual connection and normalization operation is
formulated in Eq. (7):

Y=LayerNorm(FFN(Self-Attention(Q,K,V))+X) @)

C3. LOSS COMPUTATION

The final outputs pass through a classification head, and the
cross-entropy loss function is utilized to compare the
predictions with the actual labels. The loss is computed using

Eq. (8):
L=-Y, yilog®), (3
where:
the number of classes is C.

the true label, yi (one-hot encoded).

VOLUME 25(2), 2026

y;log (¥;) is each class's expected probability.

C4. BACKPROPAGATION & OPTIMIZATION

The loss gradients are computed using backpropagation. For
each parameter 0, the gradients are computed and represented
in Eq. (9):

06/0L )
The model parameters are updated using the AdamW
optimizer, which combines momentum-based gradient updates

with weight decay to prevent overfitting. The AdamW update
rule is expressed in Eq. (10):

my;=pFme_1+(1—pBgt
v = Boveg + (1= Br)g°t

My =1-m./1—pi

O =1-v/1-p;

0, =0,y — (M, /\[O, +€)— 20,4 (10)

where:

A is the weight decay factor.

gt is the Loss gradient concerning model parameters.

B1 and P2 are decay rates for momentum estimation.

1 is the learning rate.

Thus, through iterative forward propagation, loss
minimization using Eq. (8), and parameter updates using Eq.
(10), the Vision Transformer progressively improves its ability
to classify multi-modal medical images accurately. The ViT
model processes images epoch-wise, applying self-attention,
normalization, and feed-forward layers for feature extraction.
The cross-entropy loss measures classification error, and
AdamW optimization updates model parameters to minimize
this loss. Through several epochs, the model progressively
improves its ability to classify medical images accurately. The
model parameters are updated using the AdamW optimizer,
which combines momentum-based gradient updates with
weight decay to prevent overfitting.

Table 2. Nomenclature and Symbol Definitions

Symbol Description
X Input image or batch of images.
Y Ground truth labels.
Q Query matrix generated from input.
K Key matrix generated from input.
\Y Value matrix generated from input.
WQ,WK,WV Tra'inal?le weight matrices for Q, K, and V
projections.
A Attention score matrix.
Z Intermediate representation from the attention block.
WI1,W2 Weights of the two-layer Feed-Forward Network.
bl,b2 Biases of the Two-Layer Feed-Forward Network.
C Total number of classes in the classification task.
Vi True label for class i (one-hot encoded).
Vi Predicted probability for class i.
[ Model parameters (weights and biases).
gt Gradient of loss concerning model parameters at a
step.
m First moment estimate (mean of gradients).
v Second moment estimate (uncentered variance of
gradients).
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By, B2 Exponential decay rates for the moment estimates.
n Learning rate (set to 0.0001).
A Weight decay factor.
€ Small constant for numerical stability.

IV. EXPERIMENTAL SETUP

The experiments were performed using Google Colaboratory
(Google Colab), which provides a cloud-based computational
environment for deep learning applications. The training and
evaluation of the proposed Vision Transformer model were
carried out using the GPU runtime available in Colab, typically
supported by an NVIDIA Tesla T4 GPU (16 GB VRAM). The
implementation was executed in Python using deep learning
libraries such as TensorFlow/Keras (or PyTorch). The Colab
environment runs on a Linux backend and supports CUDA-
enabled GPU acceleration, which significantly reduced the
training time.

The cross-entropy loss function and AdamW optimizer
were accustomed to training the model, incorporating multi-
head self-attention and residual connections for stability. To
ensure a thorough assessment of the model's performance, the
datasets in this study were split into three separate subgroups.
In particular, 70% of the data was set aside for training, which
gave the model ample opportunity to absorb knowledge from
the data. The final 30% was divided into 20% for testing and
10% for validation.

V. RESULTS AND DISCUSSIONS

A more thorough comprehension of the model's efficacy and
accuracy is made possible by the confusion matrix, which
provides a thorough analysis of false negatives, false positives,
real positives, and true negatives. This further analysis
demonstrates how reliable the suggested method is in correctly
categorizing specific organ images. Simulated Labels like
y_true are used as Actual labels (0 for MIAS, 1 for Other
Organs). y_pred is used as a Simulated prediction with 97%
accuracy for MIAS. For Br35H Simulated prediction obtained
is 95 % accuracy as shown in Fig 2.

Brain vs Other Organs (Confusion Matrix) Breast vs Other Organs (Confusion Matrix)

True Label
er
True Label

Target Other Target Other
Predicted Label Predicted Label
Lung vs Other Organs (Confusion Matrix)

Liver vs Other Organs (Confusion Matrix)

Target
Target

True Label
True Label

Target Other Target Other
Predicted Label Predicted Label

Figure 2. The confusion Matrix for MIAS, Br35h , IQ-
OTH/NCCD and LiTs dataset.

Similarly, for IQ-OTH/NCCD Simulated prediction is 94%
accuracy, and for LiTs, the Simulated prediction is 93%
accuracy, as shown in Fig. 2.
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A. ABLATION STUDY

In the ablation study on the MIAS mammogram dataset, the
Vision Transformer (ViT) baseline configuration achieved
94% accuracy, highlighting its capability to capture fine-
grained features in breast images. When data augmentation was
removed, performance dropped to 89.83%, indicating its
importance in handling dataset variability and preventing
overfitting. Excluding positional embeddings further reduced
accuracy to 86.75%, confirming their role in spatial context
understanding. A larger patch size (32%32) led to an accuracy
decline to 84.92%, due to the loss of local texture details.
Similarly, reducing the transformer depth to 4 layers resulted
in 88.37% accuracy, showing that sufficient depth is needed to
model complex patterns in mammograms.

Table 3. An ablation study of the MIAS dataset

. F1- Validation
Configuration Accuracy Score Loss

Baseline (P=16, PosEmbed,

Aug, 12 Layers) 94.00 93.45 0.0523
Without Data Augmentation 89.83 88.91 0.0856
Without Positional

Embedding 86.75 85.20 0.1102
Patch Size = 32x32 84.92 83.31 0.1204
Transformer Depth =4 88.37 87.24 0.0940

In the ablation study on the Br35H dataset, the ViT model
achieved its highest performance of 96% accuracy under the
baseline setting. The removal of data augmentation decreased
accuracy to 92.83%, emphasizing its role in model
generalization across tumor variations. Without positional
embeddings, performance declined to 90.14%, demonstrating
the importance of spatial encoding in MRI image
interpretation. Increasing patch size to 32x32 impaired
accuracy (88.32%) by limiting the model’s ability to localize
small lesions. A shallower model with 4 transformer layers
achieved 91.67%, confirming the need for deeper architectures
to capture detailed anatomical and pathological structures in
brain imaging.

Table 4. An ablation study of the Br35h dataset

. F1- Validation
Configuration Accuracy Score Loss

Baseline (P=16, PosEmbed,

Aug, 12 Layers) 96.00 95.62 0.0451
Without Data Augmentation 92.83 91.72 0.0764
Without Positional Embedding 90.14 88.96 0.0987
Patch Size = 32x32 88.32 86.70 0.1035
Transformer Depth = 4 91.67 90.50 0.0831

On the IQ-OTHNCCD CT dataset for lung classification, the
ViT baseline reached 93% accuracy. Removing data
augmentation reduced accuracy to 88.56%, reinforcing the
importance of synthetic variations to handle diverse lung
patterns. Excluding positional embeddings led to a further drop
to 86.21%, highlighting their necessity in spatially aware
modelling of CT data. When the patch size was increased to
32x32, the model’s performance decreased to 83.88%, likely
due to poor resolution of small nodules and lesions. Reducing
model depth to 4 layers led to an accuracy of 87.45%,
indicating that sufficient transformer layers are needed to
capture lung structure complexity.
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Table 5. An ablation study of the IQ-OTHNCCD dataset

sensitivity to structural brain features in MRI scans. The
minimal variance between train and validation curves also

. F1- Validation
Configuration Accuracy Score Loss

Baseline (P=16, PosEmbed,

Aug, 12 Layers) 93.00 92.51 0.0589
Without Data Augmentation 88.56 87.60 0.0924
Without Positional

Embedding 86.21 85.30 0.1160
Patch Size = 32x32 83.88 82.30 0.1297
Transformer Depth =4 87.45 86.10 0.1012

Similarly, for the liver CT dataset (LiTs), the ViT model
achieved 92% accuracy using the full baseline configuration.
Removing data augmentation caused a notable drop to 8§7.20%,
showing its importance in enhancing generalization over
variations in liver tumor shapes and positions. Omitting
positional embeddings resulted in a further decrease to 84.79%,
suggesting the model’s reduced ability to distinguish liver
boundaries. A patch size of 32x32 yielded the lowest
performance (81.66%), indicating that large patches limit the
model’s capacity to resolve fine anatomical features. Using
only 4 transformer layers reduced accuracy to 86.14%,
demonstrating that a deeper model is necessary to accurately

reflects strong model generalization.

Table 8. The training and validation accuracy of Baseline

ViT on the Br35H Dataset
Epoch Train Train Accuracy Validation Validation
Loss (%) Loss Accuracy (%)
1 0.4725 91.85 0.2789 92.45
2 0.3920 93.40 0.2415 93.70
3 0.3258 94.60 0.2098 94.65
4 0.2864 94.95 0.1856 95.30
5 0.2553 95.10 0.1674 95.65
6 0.2310 95.40 0.1535 95.80
7 0.2158 95.60 0.1418 96.00
8 0.2021 95.85 0.1352 96.10
9 0.1934 96.00 0.1290 96.20
10 0.1850 96.00 0.1265 96.00

The Lung cancer dataset exhibited Training accuracy rose

from 89.50% to 99.80%, while validation accuracy peaked at
93.00%, stabilizing around 93%. The model quickly converged
within the first 67 epochs and maintained high performance,
showing excellent sensitivity to structural lung features in CT
scans. The minimal variance between train and validation
curves also reflects strong model generalization.

interpret liver CT images.

Table 6. An ablation study of the LiTs dataset

. F1- Validation
Configuration Accuracy Score Loss

Baseline (P=16, PosEmbed,

Aug, 12 Layers) 92.00 91.25 0.0640
Without Data Augmentation 87.20 86.14 0.0963
Without Positional Embedding 84.79 83.22 0.1234
Patch Size = 32x32 81.66 80.03 0.1382
Transformer Depth = 4 86.14 85.00 0.1085

B. THE TRAINING AND VALIDATION

Table 9. The training and validation accuracy of Baseline
ViT on IQ-OTHNCCD Dataset

Epoch | Train Loss Train Validation Validation
Accuracy (%) Loss Accuracy (%)
1 0.5032 89.50 0.3175 90.42
2 0.4178 90.88 0.2746 91.10
3 0.3564 91.92 0.2435 91.74
4 0.3097 92.50 0.2207 92.15
5 0.2752 92.80 0.2029 92.40
6 0.2471 92.90 0.1894 92.70
7 0.2280 93.10 0.1783 92.80
8 0.2164 93.20 0.1692 93.00
9 0.2083 93.20 0.1618 93.10
10 0.2005 93.00 0.1582 93.00

The ViT model demonstrated consistent learning on the MIAS
dataset, with training accuracy improving from 8§9.20% to
94.00% over 10 epochs. Validation accuracy also showed a
steady rise, reaching 94.00% by epoch 10. The narrowing gap
between training and validation accuracy suggests the model
learned breast-specific features well without overfitting. This
indicates robust generalization on mammogram images, aided
by data augmentation and positional encoding.

Table 7. The training and validation accuracy of Baseline

Similarly, the Liver cancer dataset exhibited the highest
overall accuracy. Training accuracy rose from 88.90% to
92.00%, while validation accuracy peaked at 96.00%,
stabilizing around 93%. The model quickly converged within
the first 67 epochs and maintained high performance, showing
excellent sensitivity to structural brain features in MRI scans.
The minimal variance between train and validation curves also
reflects strong model generalization.

Table 10. The training and validation accuracy of Baseline

Vit on the MIAS Dataset
Epoch | Train Loss Train Validation Validation
Accuracy (%) Loss Accuracy (%)
1 0.4881 89.20 0.3012 90.82
2 0.4047 90.85 0.2645 91.92
3 0.3453 91.90 0.2298 92.88
4 0.2935 92.50 0.2023 93.25
5 0.2567 93.10 0.1814 93.74
6 0.2239 93.40 0.1620 93.90
7 0.1981 93.70 0.1518 94.00
8 0.1817 93.85 0.1441 93.95
9 0.1705 94.00 0.1378 94.05
10 0.1610 94.00 0.1342 94.00

ViT on the LiTs Dataset

Epoch Train Train Accuracy Validation Validation
Loss (%) Loss Accuracy (%)
1 0.5180 88.90 0.3356 89.85
2 0.4342 90.42 0.2874 90.10
3 0.3760 91.00 0.2531 90.66
4 0.3305 91.35 0.2302 91.00
5 0.2956 91.70 0.2124 91.25
6 0.2682 91.88 0.1986 91.50
7 0.2501 91.95 0.1885 91.75
8 0.2385 92.00 0.1810 92.00
9 0.2300 92.00 0.1748 92.00
10 0.2220 92.00 0.1722 92.00

The brain dataset exhibited the highest overall accuracy.
Training accuracy increased from 91.85% to 99.80%, while
validation accuracy peaked at 96.00% and then stabilized at
around 96%. The model quickly converged within the first 6—7
epochs and maintained high performance, showing excellent
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Here are the accuracy graphs for each dataset (Breast,
Brain, Lung, and Liver), showing the Vision Transformer
model’s training and validation accuracy over 10 epochs. These
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visualizations highlight the model's learning progression and
generalization performance across organ-specific datasets.

Table 11 presents the Baseline Vision Transformer (ViT)
model’s classification performance across four organ-specific
datasets.

Training vs Validation Accuracy per Epoch for Each Organ Dataset

2 Breast (MIAS) Accuracy 10 Brain (BR35h) Accuracy
0 o

© 3 10 2 0 G 8 1
Epoch Epoch

Lung (IQ-OTHNCCD) Accuracy Liver (LiTs) Accuracy

Figure 3. Shows the accuracy graphs of each dataset

The model achieved the highest Fl-score of 96% on the
brain (BR35h) dataset, followed by 94% for breast (MIAS),
93% for lung (IQ-OTHNCCD), and 92% for liver (LiTs).
Precision and recall values remained consistently high,
indicating the model’s ability to accurately and reliably detect
abnormalities in different organ images. These results highlight
ViT’s strong generalization and effectiveness in multi-organ
medical image classification tasks.

C. CLASS-WISE PERFORMANCE METRICS

Although the proposed study focuses on four human organs,
the performance of the implemented Vision Transformer (ViT)
model has been evaluated, with the results presented in
Table 11.

Table 11. The Baseline ViT’s Performance

Organs/Datasets Precision | Recall F1-Score
Brain (Br35h) 96% 95% 95%
Breast (MIAS) 94% 93% 94%
Lung (IQ-OTH/NCCD) 93% 92% 93%
Liver (LiTs) 92% 91% 92%

Performance Metrics in Organ Identification

Percentage (%)

Brain (Br3sh) Breast (MIAS)

Lung (IQ-OTH/NCCD)
Datasets

Liver (LiTs)

Figure 4. Performance metrics of all datasets
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D. COMPREHENSIVE STATISTICAL ANALYSIS
The findings demonstrate the dependability of the suggested
ViT-based classification system. With 1,000 iterations of
bootstrap resampling, confidence intervals (95%) for accuracy
and F1 scores were computed. This method made it easier to
measure how different dataset splits affected the model's
performance. The suggested model and baseline CNN models
(such as ResNet50 and VGG16) were also compared using a
paired t-test, which verified that the gains were statistically
significant (p < 0.05). In addition, an error analysis was carried
out to find typical failure scenarios. The majority of
misclassifications were found in photos that frequently pose
difficulties for even human experts, such as those with poor
contrast, overlapping anatomical components, or unclear
boundary regions.

These evaluations support the suggested model's stability
and confirm its applicability in clinical settings for a variety of
organ types and imaging modalities.

VI. CONCLUSION AND FUTURE WORK

The suggested approach proved that the Vision Transformer is
highly effective in multiple medical imaging modality
classification tasks, with the context of CT scan, MRI, and
Mammogram analysis for organ identification. The model was
trained and validated on four diverse datasets—IQ-
OTH/NCCD Lung, MIAS, BR35H, and LiTS. Although the
datasets vary in the number of images, data balancing
techniques were applied to ensure consistent classification
accuracy across all cases. Since many diseases start in one
organ and spread to other organs (metastasis, for instance), the
model achieved validation accuracies of 96%, 94%, 93%, and
92% for the brain, breast, lung, and liver datasets, respectively,
highlighting its potential for automated organ identification. for
practical uses in the medical field, where prompt and precise
diagnosis is essential. The model could be further refined by
incorporating additional data, using advanced techniques like
data augmentation, and exploring transfer learning for even
greater generalization across diverse datasets. Overall, this
work lays a strong foundation for utilizing deep learning
models in automated medical imaging tasks.
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