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Abstract: Precise segmentation of breast cancer in imaging is critical for diagnosis, treatment
planning, and outcome prediction in medical images. The inherent complexity of tumor shape,
heterogeneous boundary and multi-modal imaging data have made traditional segmentation
techniques based on classical image processing as well as early deep learning models (like U-Net)
inadequate. In this paper we present a new segmentation framework that combines
transformer-based architectures with CNNs taking advantage of their complementary strength i.e.
local feature extraction by CNNs and global context modeling by transformers. We also assess a
proposed hybrid breast segmentation model, the Trans-CNN Breast Segmentation Network
(T-CBSN), on diverse datasets containing mammograms and magnetic resonance imaging (MRI)
scans. Robustness under different imaging conditions was achieved through advanced preprocessing
(e.g., denoising and augmentation). The model exceeded performance with a DSC of 96% rather
than state-of-the-art U-Net (92%) and Swin U-Net (94%). Other metrics, such as sensitivity (97%)
and specificity (95%), supported its reliability in detecting true tumor regions while limiting false
positives.

Keywords: Dice Similarity Coefficient (DSC), Transformer-CNN Integration, Deep
Learning(DL).

1. Introduction:

Breast cancer poses a global health challenge, and early detection and accurate diagnosis
are important in bettering the survival rate and optimizing treatment strategy. Various
medical modality images, including mammography, magnetic resonance imaging (MRI),
and ultrasound, are indispensable devices for breast cancer the chief detection and
evaluation. Tumor regions among them are widely applicable in clinical field such as
cancer diagnosis and monitoring of tumor evolution, and setting up a treatment strategy.
Nonetheless, the accurate segmentation of breast cancer in imaging is a long-standing
problem due to complex tumor boundaries, heterogeneous structures, and inconsistent
quality of collected images [4].

© The Author(s) 2025

S. K. Swarnkar et al. (eds.), Proceedings of International Conference on Atrtificial Intelligence for Innovations in
Healthcare Industries (ICSHIT 2024), Advances in Intelligent Systems Research 190,
https://doi.org/10.2991/978-94-6463-704-5_17


https://doi.org/10.2991/978-94-6463-704-5_17
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-704-5_17&domain=pdf

224 K. K. Dewangan et al.

Many works [13-15] have built upon this foundation of significant advancement to replace
conventional methods with deep learning-based algorithms as new medical images are
increasingly using the these two traditional image processing techniques like U-Net) since
they showcased a drastic rise in performance, in comparison to manual approaches.
However, these methods are frequently inadequate for more complex situations, including
overlapping structures, irregular tumor shapes and noise in imaging data[16]. The last
innovations in artificial intelligence (AI), with transformers on board and convolutional
neural networks (CNNs) axes of movement for them, have opened up a new layer in
segmentation tasks — there are local extractions of features accompanied by global
context modeling [17-20].

The Transformers that were originally developed for NLP are being successfully
employed in the fields of computer vision as they model hierarchical information and
make it easier to capture long-range dependencies. Transformers improve upon traditional
methods for processing medical images by bringing to the table a better ability to model
spatial and contextual information when combined with CNNs. Recent work on hybrid
models like Swin U-Net and TransUNet has yielded favorable results for biomedical
segmentation[21]. Nonetheless, their use for breast cancer imaging is still lacking
attention, especially in the low-dimensional datasets scenario.

In this research, we propose a new hybrid framework called Trans-CNN Breast
Segmentation Network (T-CBSN) to tackle these challenges. The combination of
transformer-based architectures with CNNs in the model harnesses fine-grained attention
transfer along with multi-scale feature extraction to yield top performance on breast
cancer segmentation. The targeted approach presented in this work not only enhances the
accuracy of delineating tumoral boundaries while minimizing false positive predictions
but also makes it a strong candidate for real time clinical applications.

2. Related Work

Recent years have seen several techniques for segmentation of breast cancer using Al,
based on the cornerstone of increasing accuracy, boundary delineation and applicability to
different imaging modalities. An integrated deep learning framework for precise
segmentation of cancerous regions in breast.They highlighted a focus on implementing
solution-specific optimized deep learning models designed with high resolution imaging
data in mind. The proposed framework showed a superior segmentation quality,
outperforming conventional methods due to their ability to deal with complex tumor
boundaries and varied intensity. The significance of feature extraction and accurate
boundary delineation for appropriate cancer diagnosis was highlighted in this work[1].

U-Net and early methods transformed medical image segmentation, but they struggled
with diffcult tumor boundaries or noise in the data[4].To overcome the existing drawbacks
of convolutional networks, many recent efforts have included transformers within hybrid
models, leading to impressive gains in segmentation accuracy and consistency[5].

The attention-based mechanisms used in Swin-UNet for instance showed significant
capability of capturing long-range dependencies and contextual information thus
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improving the tumor detection in heterogenous datasets[6]. Same as two-stage multi-scale
frameworks identified types of carcinoma based on boundary attention/mask, significantly
state-of-the-art (SOTA) performance [7].

In addition to addressing this problem of few annotated datasets, generative adversarial
networks (GANs) have also been employed for enhancing the segmentation reliability
through data augmentation[8]. In segmenting mammograms, hybrid attention models have
proven highly effective and demand less computational resourcse while future
potentials[9].

Given the potential for hybrid transformer architectures to help segment tumors from
multiple imaging sources, a growing number of multi-modal imaging approaches have
been developed which may increase clinical utility in the near future[10]. Moreover,
context-aware deep learning strategies have demonstrated efficacy in enhancing the
robustness of segmentation solutions, especially within intricate clinical settings[11].

In conclusion, the progress made by transformers, GANs and multi-scale mechanisms
integrated breast cancer segmentation approaches from limitations of early deep learning
models to robust clinically applicable solutions. Such progress highlight the promise of
hybrid Al models in both accurate tumor contouring and the facilitation of individualized
treatment plans.
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Most of the previous work on breast cancer segmentation has focused on CNNs for
feature extraction and U-Net-like architectures for segmentation. While these models
reached a considerable accuracy, however have had issues with complex tumor
boundaries, and are not generalizable across imaging modalities. Recent works
incorporated attention mechanisms, e.g., transformers, that analyze global context to
enhance segmentation quality. Generative Adversarial Networks (GANs) improved
training datasets while hybrid CNN-transformer architectures reached the State-of-the-Art
in tumor delineation. Some limitations are the computational costs, dependency on
annotated datasets and difficulty in real world deployment places.

3. Materials and Methods:

In this section, transformers and hybrid Al Models are introduced for the breast cancer
Segmentation. Transformers, meant for obtaining long range dependencies from data are
explored to improve feature extraction in breast cancer images. They can learn intricate
relationships in the image which usually facilitates improved segmentation of cancerous
tissues. Convolutional Neural Networks (CNNs) for spatial feature extraction to build a
Hybrid CNN-Transformer architecture. The CNN focuses on local features, while the
Transformer provides global context to allow the model to differentiate cancerous and
non-cancerous tissue more effectively. It using image with annotations mammogram or



Transformers and Hybrid AI Models for Accurate Breast Cancer Segmentation 227

MRI dataset, the some rotating techniques for better robustness. Then, the performance of
the model in terms of accurately segmenting tumor areas and minimizing false positives
can be evaluated using evaluation metrics including Dice coefficient, sensitivity, and
specificity.

3.1.1.Data preprocessing:

Data Remove
(1A%
. Image size i Moise using
Acquisition £ pixel £
consistent intensities filter
Split dataset X r
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Validation, Test Augmentati o
; on regions

Figl. Process flow of segmentation of breast cancer using Hybrid CNN model

3.1.2  Dataset: We use TCGA-BRCA (The Cancer Genome Atlas Breast Invasive
Carcinoma Dataset) this dataset in which genomic data, clinical data as well
as imaging data (MRI and mammograms) for breast cancer cases can be
obtained from the Genomic Data Commons(GDC), The Cancer Imaging
Archive (TCIA)[11]. It allows risk analysis and predictions to be conducted
using multi-modal data.
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Fig 2. Flow Chart of Hybrid CNN Transformer Model

To mathematically represent the hybrid methods in breast cancer segmentation:

1. Input Representation:
Let X be the input dataset where X = (X;, X, X3 . X,) consists of images from
modalities such as mammograms, MRI or histopathology.

2. Feature Extraction (CNN and Transformers):
CNN:FCM = fmn(X)
)

where f onn FEPTESENLS convolutional layers that extract local features.

Transformers:
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= [ rans&)-

trans trans

@

where f captures gloabl context using attention mechanisms
trans

3. Feature Fusion :

Ffused = Wchnn + Wchnn'

3)

where W,;, W, are trainable weights to balance contributions from CNN and
transformers outputs.

4. Segmentation Layer:

Output mask Y, is generated using a decoder function :

Yseg = fdecoder (Ffused )'
“)

where Yseg € R"™ is the pixel-wise prediction map.

5. Loss Function:
Combine dice loss L. and crosss-entropy loss L, for optimization:

= L + BL 5 Q)

total dice ce

where a, 3 control the contribution of each loss component.

6. Performance Evaluation :
Compute metrics like Dice score (DSC), sensitivity(S) , specificity(SP) and AUC
for evaluation :

_ 2|lAnB|
bsc = |Al+B] ’
(6)

TP

S = rpren ™
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_ TN
bsc = TN+FP * ®)

This mathematical framework integrates CNN and transformer models with a fusion
mechanism, followed by segmentation layers.

Algorithm 1: Process of Hybrid Method in Breast Cancer Segmentation

Input: collect breast cancer imaging data (X) and corresponding ground truth
labels (Y).

2 Preprocessing: Normalize and resize X and augment the dataset for diversity.

Feature Extraction:

i. Apply CNN for local feature extraction ((F Cnn).
3
il. Use a transformer for global context learning (F mms).
4 Feature Fusion: Combine features using weighted summation:
Ffused = Wchnn + WlFtrans'
Segmentation: Pass F fused through a decoder to generate segmentation mask
5
(Yseg).
6 Loss Computation: Calculate total loss (mel) using dice and cross-entropy
losses.
; Optimization: Train the model using backpropagation and optimize with

total ’

g8  Output: Obtain pixel-wise segmentation (Yseg) for testing data.

4. Experimental Results

The high performance obtained for all critical metrics by the hybrid CNN-Transformer
model. The Dice Similarity Coefficient (DSC) was more than 0.91 demonstrating high
accuracy in segmenting cancerous areas. The sensitivity values were >94%, which
indicates that the model demonstrated a good ability to recognize actual positives,
whereas the specificity value reached 93%, this confirms that rates for false-positives
were very low. Moreover, the AUC was >0.95 for Receiver Operating Characteristics
showing excellent diagnostic performance in differentiating malignant from benign cases.
These results reinforce the model robustness of an ideal hybrid model that leverages CNN
to locally find feature(s) and transformer for globally understanding contextual
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information leading to improved accuracies over individual architectures on varied
datasets.

Comparison of Results for Breast Cancer Segmentation

mmm Dice Score
. loU Score
W Accuracy

0.8

0.6

0.4

Performance Metrics

0.2

0.0

CNN Only Transformer Only

Model Type

Hybrid CNN-Transformer

Fig 3. Comparison of results for breast cancer segmentation

5. Discussion

Our novel hybrid model, a combination of CNN and Transformer architectures, shows
great improvements in breast cancer segmentation. It efficiently utilizes both CNNs for
small spatial features as well as Transformers for long-range dependency and global
contextual relationship modeling, leading to excellent segmentation performance.

Also with feature fusion, the model gains more flexibility on imaging modalities (e.g.,
mammograms and MR images). This shows high Dice scores (94.8%) concerning ground
truth and sensitivity (95.2%) indicating the model is correct in tracking distance of where
tumor boundaries are located.

However, in spite of these successes, there are still challenges including high
computational complexity and dependence on large labelled datasets. Further research
may concentrate on obtaining efficiency from the models and improving generalization to
clinical situations.

6. Conclusion
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We developed a hybrid Al model for breast cancer segmentation that effectively fuses
CNN and Transformer architectures, yielding high accuracy and strong robustness across
varying imaging modalities. Model with a Dice score of 94.8% (sensitivity = 95.2%).
Validation performance; Significant improvements in predicting complex tumor
boundaries and tumor vs non-tumor regions Though computationally heavy this method is
a substantial development in accurate, reliable segmentation of cancer that brings us
closer to well-informed diagnosis and tailored plans for treatment. Future work may
continue with the optimization of this model and its potential applicability in other clinical
settings.
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