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ABSTRACT 

Accurate and early segmentation of uterine fibroids is necessary for quick evaluation, planning of 
treatment, and better results for patients. However, current segmentation techniques often struggle to 
achieve reliable results due to the complex morphology, irregular boundaries, low contrast, and noise 
present in MRI and ultrasound images. This research proposes a solution to these challenges by proposing 
an innovative Dual-Scale Transformer-CNN Hybrid Segmentation Network (DSTCH-Net) that uses the 
strengths of both transformer and convolutional architectures. The Fine-Scale Transformer Branch captures 
the global context and long-range dependencies, while the Coarse-Scale CNN Branch focuses on detailed 
local feature extraction and texture analysis. A Contextual Cross-Attention Fusion Module (CCAFM) 
integrates essential features from both branches, and an Adaptive Boundary Refinement Module (ABRM) 
further enhances edge precision. Experimental analysis shows that DSTCH-Net can be evaluated at 99.2% 
segmentation accuracy at a loss of 0.07, which is better than the state-of-the-art models. These findings 
confirm that the suggested method can be used to effectively overcome the constraints of traditional 
methods and offer a strong framework for accurate and early detection of uterine fibroids in clinical 
practice 

Keywords: Uterine Fibroids, Medical Image Segmentation, Deep Learning, Dual-Scale Segmentation, 
Hybrid Architecture, Transformer 

1. INTRODUCTION 

Leiomyomas, another name for uterine 
fibroids, are benign tumours of the uterine smooth 
muscle. They have been described as among the 
most common gynaecologic conditions, with a high 
prevalence among women, especially those of 
reproductive age. Fibroids vary considerably in size 
and shape; some are very small and symptomless 
while others can grow quite large enough to cause 
uncomfortable symptoms. Heavy menstrual flow, 
discomfort in the pelvis, frequent urination, and, in 
severe cases, pregnancy difficulties are prominent 
signs of fibroids. The exact cause of the 
development of fibroid remains uncertain, although 
it is likely to be caused by genetic factors, 
hormonal imbalances between estrogen and 
progesterone, among others. 

Early and precise detection of fibroids is 
critical for effective clinical management and the 
prevention of complications such as anaemia or 
infertility. Diagnosis is usually done using 
conventional imaging modalities, such as 
ultrasound and magnetic resonance imaging (MRI); 
nevertheless, the complex morphology of fibroid, 
low contrast, interference of surrounding tissue, and 
noise can cause major difficulties in delineation. 
Such restrictions highlight the importance of 
advanced methods of segmentation that are able to 
provide reliable and early-stage sensing.  

Traditional segmentation approaches—
including thresholding, region growing, and edge 
detection—struggle to accurately identify fibroid 
boundaries due to irregular shapes, variable sizes, 
and similar intensities of adjacent tissues. Noise 
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and artifacts also diminish segmentation accuracy 
which commonly leads to false positives or false 
negatives. Moreover, conventional methods fail to 
concurrently capture both local texture details and 
global contextual data, they are essential for precise 
segmentation in complex cases. 

Accurate fibroid segmentation continues to be 
a significant problem because existing methods 
cannot adequately capture both local and global 
information simultaneously, especially in noisy or 
complex imaging scenarios. Most conventional and 
deep learning models either focus on local details 
(CNN-based) or global context (transformer-based) 
but rarely achieve both effectively. This limitation 
results in mis-segmentation, false positives, and 
false negatives, restricting early detection and 
clinical utility. Addressing this gap requires a 
method that can reliably combine global contextual 
understanding with fine-grained local feature 
extraction to ensure precise and clinically 
meaningful outcomes.  

It is hypothesized that the proposed DSTCH-
Net, integrating a Fine-Scale Transformer Branch 
for global contextual feature extraction, a Coarse-
Scale CNN Branch for local detail analysis, a 
Contextual Cross-Attention Fusion Module 
(CCAFM), and an Adaptive Boundary Refinement 
Module (ABRM), can greatly increase the accuracy 
and certainty of uterine fibroid segmentation in 
complex medical images, outperforming existing 
state-of-the-art methods. 

To test this hypothesis and address the 
identified challenges, a computational experimental 
study is conducted using the proposed DSTCH-Net. 
Dual-Scale Transformer-CNN Hybrid 
Segmentation Network (DSTCH-Net) model 
combines a Fine-Scale Transformer Branch for 
capturing global contextual features with a Coarse-
Scale CNN Branch for detailed local feature 
extraction. A Contextual Cross-Attention Fusion 
Module (CCAFM) integrates the most informative 
features from both branches, while an Adaptive 
Boundary Refinement Module (ABRM) enhances 
boundary delineation, improving segmentation 
accuracy and reliability. Experimental results 
demonstrate that DSTCH-Net achieves 99.2% 
accuracy with a 0.07 loss, surpassing existing state-
of-the-art methods and providing a robust solution 
for early fibroid detection. 

Some of the key contributions of the proposed 
DSTCH-Net are as follows: 

 This is a dual-scale architecture that integrates 
the two sub-streams, Fine-Scale Transformer 
and Coarse-Scale CNN, to precisely capture 
both global context and high-level local 
detailed features in the segmentation task. 

 Contextual Cross-Attention Fusion Module 
(CCAFM) to selectively highlight important 
features from both branches. It improves the 
accuracy of segmentation. It applies the 
Adaptive Boundary Refinement 
Module(ABRM) to fine-tune outputs in the 
segmentation task for more accurate definition 
of fibroid boundaries. 

 It has a remarkable 99.2% segmentation 
accuracy with a 0.07 loss, making it provide 
high segmentation accuracies when compared 
to the most advanced methods in uterine 
fibroid segmentation. 

This research is based on the development and 
evaluation of an automated segmentation model for 
uterine fibroids using a dual-scale deep learning 
architecture. The scope of the work is confined to 
fibroid segmentation in medical images and does 
not extend to clinical diagnosis, treatment planning, 
or the use of multi-modal imaging beyond the 
dataset utilized. 

The Section II proposes a literature review of 
existing methods, stating the strengths and 
limitations. For segmentation and classification, 
the suggested framework is described in Section 
III. The results obtained from the proposed work 
are presented with comparative analysis of other 
models in Section IV. Finally, Section V, gives the 
conclusion by discussing the importance of the 
suggested approach in the identification of uterine 
fibroids. 

2. RELATED WORKS 

Zhang et al. [1] proposed DDTransUNet, a 
dual-branch, dual-attention Transformer-CNN 
hybrid for segmenting ultrasonic images, achieving 
high IoU, Dice, HD95, and accuracy on TN3K, 
BUS-BRA, and CAMUS datasets, using attention 
mechanisms and the dual-branch encoder playing a 
crucial role in its accomplishment. Limitations 
include dependency on large datasets, limited 
generalizability, and insufficient handling of patient 
variability. Dong et al. [2] suggested TC-Net, a dual 
coding Transformer-CNN network for skin lesion 
segmentation, which improved global segmentation 
performance and outperformed Swin UNet on 
ISIC2018 and ISBI2017 datasets, though 
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operational speed and fusion efficiency remain 
suboptimal. Li et al. [3] introduced SUTrans-NET, 
a hybrid Transformer-CNN model for segmenting 
skin lesion, demonstrating high sensitivity, 
specificity, accuracy, IoU, and Dice scores on ISIC 
2016–2018 and PH2 datasets; however, it faces 
challenges in layer information flow, long-term 
dependency learning, and low-contrast lesion 
segmentation. Zhu et al. [4] suggested CoTr, a 
CNN-Transformer hybrid for cervical cancer 
tumour segmentation and survival prediction, 
achieving superior Dice scores on MRI images and 
effective patient risk stratification. Shahzad et al. 
[5] designed DPCNN to identify uterine fibroid on 
ultrasound and obtained 99.8% accuracy and AUC-
ROC of 0.97, with limitations such as small data 
size, capability to work with only one modality, and 
no interpretability.  

Xu et al. [6] suggested a CNN-Transformer 
hybrid with several dimensional statistical features, 
surpassing the most advanced techniques on the 
Medical Segmentation Decathlon and BraTS2018 
samples, though prior methods like TransUNet 
inadequately analyse low-dimensional features. 
Ayana et al. [7] introduced ViTCol for early 
colorectal cancer detection, achieving near-perfect 
AUC on the Kvasir dataset; limitations include 
overfitting from down sampling, loss of shallow 
features, and ViT model size concerns. Cai et al. [8] 
developed TU-Net for ultrasound segmentation, 
achieving superior Dice scores and precision 
metrics, with increased computational demands. 
Zhang et al. [9] proposed TranSegNet for retinal 
OCT segmentation, reducing computational 
complexity while maintaining accuracy; limitations 
include memory requirements, potential instability 
with Dice loss, and lack of translation invariance. 
Sun et al. [10] presented HybridCTrm for 
multimodal brain image segmentation, 
outperforming HyperDenseNet, though limited pre 
training data and potential training instability were 
noted.  

Zhang et al. [11] presented DARU-Net for 
segmenting uterine fibroid in MRI, achieving high 
Dice scores, with limitations including single-
centre data and use of only T2-weighted images. 
Wang et al. [12] introduced O-Net to segment and 
classify at the same time, showing better Dice as 
well as HD metrics, but CNNs struggle with global 
information and Transformers may lose local 
details. Pan et al. [13] developed an instance 
segmentation network for uterine myomas, cavity, 
and wall, enhancing diagnostic efficiency, though 

small-scale structures and 2D image limitations 
remain. Li et al. [14] introduced DECTNet, a dual-
encoder CNN-Transformer architecture that attains 
cutting-edge segmentation performance over 
several applications, but with constraints such as a 
two-dimensional structure and higher complexity. 
Li et al. [15] developed CPF Transformer, fusing 
global and multi-scale context for segmentation, 
though limited to 2D images and computationally 
intensive.  

Nie et al. [16] introduced a CNN-Transformer 
hybrid for categorizing skin lesions with localized 
loss, improving accuracy on ISIC 2018 but limited 
by dataset size and class imbalance. Xu et al. [17] 
suggested MCV-UNet to ultrasound segmentation, 
which is better than 17 baselines, yet expensive in 
terms of computation and could be improved. Dai 
et al. [18] introduced TransMed, to classify images 
through multiple modes with less resources which 
worked better with large datasets but poorly with 
small datasets. Chen et al. [19] designed an image 
of a Transformer-based model with a larger area 
under the curve of the numerous-view images of 
breasts, yet it is necessary to further validate and 
consider hybrid architectures. Ayana and Choe [20] 
proposed BUViTNet to breast ultrasound, with high 
classification metrics, with large dataset 
requirements, high computation cost and sensitive 
data variance due to variability in the datasets. 

 Khan et al. [21] surveyed Transformers to be 
used in medical image segmentation with the 
potential of hybrid CNN-Transformer networks, but 
the lack of data and the necessity of semi-
supervised learning is pointed out. Li et al. [22] 
suggested MultiIB-TransUNet that uses fewer 
parameters to accomplish CT and ultrasound 
segmentation, but with small samples. Liang et al. 
[23] created TransConver to do brain tumour MRI 
segmentation with high Dice scores and no 
evidence of limitations stated explicitly. Anari et al. 
[24] introduced EfficientUNetViT brain tumour 
segmentation with high efficiency and 
generalization. Sundar and Sumathy [25] 
investigated the use of transfer learning in detecting 
uterine fibroid, enhancing generalization and 
decreasing training time, and relied on source 
domain.  

Xi and Wang [26] offered the idea to 
incorporate deep learning in fibroid detection in 
ultrasound, where the accuracy is high, but the 
performance is not multimodal yet and there is a 
problem with small datasets. Kaveramma et al. [27] 
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created ML model of ultrasound fibroid diagnosis 
using a vision transformer, which improves 
segmentation and classification but demands 
enough training data and computing resources. 
Wang et al. [28] proposed nnU-Net-based 3D 
reconstruction for uterine fibroids to aid HIFU 
surgery planning, achieving accurate segmentation, 
though limited to single-modality MRI and 

potential multi-centre generalization issues. 
Pavithra et al. [29] provided an understanding of 
the importance of early detection of the disease 
based on clinical data analysis to facilitate early 
diagnosis and treatment planning. This plan 
encourages other early identification techniques of 
uterine fibroids to help clinicians to enhance patient 
outcomes. 

Table 1:  Comparative analysis of Deep Learning Models for Uterine Fibroid Segmentation 
 

S. No 
Author 
 et al.  

Year Methodology Limitations 

1 
Zhang et 
al., 

2024 
DDTransUNet (Dual-branch, 
Dual-attention Transformer-
CNN for US) 

Requires large datasets; limited 
generalizability; patient variability 
not fully addressed. 

2 
Xi and 
Wang 

2024 
CNN-based detection of 
fibroids (US) 

Small datasets; lack of multimodal 
integration; generalization limited. 

3 Wang et al., 2024 
nnU-Net for segmentation and 
3D reconstruction (MRI) 

Single modality; potential issues 
generalizing across centres. 

4 Li et al., 2024 
DECTNet (Dual-encoder 
CNN-Transformer) 

2D structure limits volumetric info; 
complex model; overfitting risk 

5 
Shahzad et 
al., 

2023 
DPCNN (Deep CNN for US 
fibroid detection) 

Small dataset; single modality; 
limited generalization; lack of 
interpretability 

6 
Zhang et 
al., 

2023 
DARU-Net (Dual attention 
residual U-Net for MRI) 

Single-centre data; only T2-weighted 
MRI; limited multimodal use. 

7 Pan et al., 2023 
Instance segmentation 
network for uterine myomas 
(MRI) 

Low precision for small fibroids; 
limited to 2D images; need larger 
datasets. 

8 
Kaveramma 
et al., 

2023 
Vision Transformer + CNN 
(US) 

High computational cost; need large 
training data. 

9 Cai et al., 2023 
TU-Net (Transformer-CNN 
hybrid for US) 

Large number of trainable 
parameters; high computational 
resources required. 

10 Li et al., 2023 
CPFTransformer 
(Transformer-CNN fusion) 

Slower convergence; higher 
computational cost; limited to 2D 
images. 

11 Khan et al., 2023 
Narrative review: 
Transformers in medical 
image segmentation 

Scarcity of annotated data; down 
sampling loses details; limited use of 
self-supervised learning. 

12 Zhu et al., 2023 
CoTr (CNN-Transformer for 
cervical cancer MRI) 

Overfitting when data is limited. 

13 
Sundar and  
Sumathy 

2022 
Transfer learning with deep 
neural networks (US) 

Dependency on pre trained models; 
domain mismatch may reduce 
performance. 

14 Wang et al., 2022 
O-Net (CNN-Transformer for 
segmentation & classification) 

CNN struggles with global info; 
Transformer loses local details. 

15 Li et al., 2022 
TC-Net (Dual coding CNN-
Transformer for skin lesions) 

Challenges in generalizing to datasets 
with different imaging modalities. 

 

Research Gap Analysis: 

Transformer-CNN hybrid and CNN-based 
models have demonstrated positive results in  

 

uterine fibroid segmentation and classification, but 
there are a number of gaps in the field. Most of the 
research is conducted using single-modality 
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imaging and an insufficient number of, single-
centre datasets, which hinders the capacity of the 
model to be applied to different patient populations 
and clinical settings. Transformer-based 
architectures, while effective in capturing global 
dependencies, often require large datasets and entail 
high computational costs, memory demands, and 
complex hyper parameter tuning, particularly in 3D 
segmentation tasks. Existing models frequently 
struggle to accurately segment small, ill-shaped, or 
low-contrast fibroids, and 2D approaches may lose 
critical volumetric context needed for surgical 
planning. Additionally, most approaches lack 
clinical interpretability and fail to integrate 
segmentation with downstream classification or risk 
prediction, reducing their utility in real-world 
workflows. There is also limited adoption of self-
supervised or transfer learning strategies to address 
data scarcity. Collectively, these gaps indicate the 
need for efficient, multi-modal, and clinically 
interpretable Transformer-CNN hybrid models 
capable of robust fibroid segmentation, 
generalization across multi-centre datasets, and 
integration of segmentation with classification 
tasks, while using advanced learning strategies to 
overcome dataset limitations. 

3. PROPOSED WORK 

The proposed DSTCH-Net is designed to 
optimize segmentation performance by using such 
sophisticated dual-scale architecture: two main 
branches, namely, Fine-Scale Transformer and 
Coarse-Scale CNN, are used to capture both 
highly detailed local features, including the subtle 
textures of fibroid tissues, and give global 
contextual information. The knowledge of both 
the fine-grained and large-scale structures within 
the medical images is provided by dual-scale 
integration, which helps improve the quality of 
segmentation. DSTCH-Net further enhances 
segmentation ability by adding in CCAFMs. Its 
strong point is that it allows the output of both 
Fine-Scale Transformer and Coarse-Scale CNN 
side branches by selectively paying attention to 
important features and dampening irrelevance.  

This will enable the model to attend to 
important regions through its attention mechanism 
within CCAFMs, which improves the accuracy in 
the extraction feature and ensures that crucial 
details are not overseen while segmenting. It also 
includes an Adaptive Boundary Refinement 
Module (ABRM) which refines the boundary of 
the fibroids from segmentation. ABRM uses 

adaptive techniques to refine the initial result of 
segmentation towards a more accurate delineation 
of the edges of the fibroids. It especially is useful 
in cases where the boundary of the fibroid and the 
surrounding tissue is blurred or irregular and 
hence minimizes errors during segmentation. 

a) Dataset Description 

Table 2: Dataset description 

Attribute Description 

Dataset Name 
Uterine Fibroid Segmentation 
Dataset 

Number of 
Images 

1,200 ultrasound images 

Classes Fibroid, No Fibroid 
Image Size 512 x 512 pixels 
Data Format PNG, JPEG 
Annotations Segmentation masks for fibroids 
Source Collected from hospitals and clinics 

Usage 
Training and validation for deep 
learning models 

Preprocessing 
Normalization, augmentation, and 
resizing 

 

The Uterine Fibroid Ultrasound Images dataset 
published by Tiantian Yang on 3 March 2023 is 
useful for uterine fibroid detection and annotation. 
In this case, the dataset is specifically meant for 
uterine fibroid detection and comes with the 
matching ultrasound images together with the 
corresponding annotation files. This dataset comes 
with Annotations.rar, which comprises labelled 
data in images and totals to 375 KB and 
JPEGImages.rar contains the images of 
ultrasound, which are used for the purpose of 
training and evaluation. It totals to 119 MB as 
specified in Table 2 [30]. 

b) Contextual Cross-Attention Fusion 
Module (CCAFM) 

The module CCAFM from DSTCH-Net 
bridges the gap between two branches: Coarse-
Scale CNN and Fine-Scale Transformer. Dynamic 
weighing of such significant features from each 
branch via using cross-attention makes the model 
focus the most important information concerning 
the segmentation of uterine fibroid. Cross-
attention comes with attention scores from query 
and key features based on the similarity between 
the features which come from other branches, 
selectively focusing on meaningful areas. Thus, 
when the refined feature maps are concatenated, 
CCAFM ensures that the context as well as the 
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detail of local information is preserved. 
Consequently, this yields a fused feature set 
leading to better segmentation precision that 
addresses the issues of complex boundary 
evolutions and the overlapping structures of 
fibroids. Also, it contributes to more accurate and 
proper edge delimitation of the fibroids, thus 
providing more accurate outputs in terms of 
segmentation. 

c) Adaptive Boundary Refinement 
Module (ABRM) 

The ABRM of DSTCH-Net introduces some 
fine details to the uterine fibroid boundaries that 
enhance the accuracy of the segmentation. So, this 
module maps features from previous layers for 
backpropagation using an adaptive mechanism to 
refine the segmented output. It focuses on regions 
being typically complex with many details or even 
edges merged into each other. Thus, it is decided 
to update feature representations of such regions 
dynamically by predicting their refinement in an 
accurate manner. ABRM utilizes a boundary-
aware method, whereby a feature near the 
boundaries is handled with greater sensitivity, 
thereby enabling it to rectify probable 
segmentation faults. It adapts a weight function 
that would give various levels of importance to 
pixels based on their location and the context 
surrounding them but ensuring that the boundary 
of the fibroid is well delineated. This gives 
sharper definition and provides a lesser tendency 
towards faults due to the boundaries themselves 
and, consequently, enhances the quality of the 
output from the process of segmentation. 

Equation (1) calculates the attention scores 
between queries (Q) and keys (K) from different 
branches where 𝑑௞the dimensionality of the keys 
is. The attention scores determine how much each 
feature should be weighted in the fusion process. 

𝐴 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 ቆ
𝑄𝐾்

ඥ𝑑௞

ቇ                   (1) 

Once the attention score is calculated, it uses 
weight the value feature (V) refining the outputs 
features as given in Equation (2) where the refined 
feature maps with contextual information 
incorporated from cross attention. 

𝐹௔௧௧ = 𝐴𝑉                             (2) 

 

Figure 1: An architecture of DSTCH-Net (Dual-
Scale Transformer and Coarse-Scale CNN Hybrid 

Network 

Equation (3) combines the refined feature from 
both branches using learnable weights to merge 
global and local features where 𝑊ଵ and 𝑊ଶ are 
weights applied to features from the transformer 
and CNN branches respectively. 

𝐹௙௨௦௜௢௡ = 𝑊ଵ𝐹௧௥௔௡௦௙௢௥௠௘௥ +  𝑊ଶ𝐹஼ேே         (3) 

Equation (4) represents an adaptive weight 
function W(x) is used to refine the boundaries 
where F(x) 𝑎𝑛𝑑  G(x) are feature maps and α and β 
are adaptive scaling factors.  

𝑊(𝑥) = α ⋅ F(x) + β ⋅ G(x)                          (4) 

Equation (5) represents the adaptive 
boundary refinement module which fine 
tunes the segmentation map using the 
difference between coarse prediction and 
ground truth where the segmentation is 
refined using the weight matrix 𝑊ଷ. 

𝐵 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 ቀ𝑊ଷ. ൫𝐹௙௨௦௜௢௡ − 𝐹௖௢௔௥௦௘൯ቁ                       (5) 

In equation (6), the refined output is 
given where 𝑂௖௢௔௥௦௘ is the initial 
segmentation output and γ  is a refinement 
factor. 

𝑂௥௘௙௜௡௘ௗ = 𝑂௖௢௔௥௦௘ + γ ⋅ B                         (6) 



 Journal of Theoretical and Applied Information Technology 
15th January 2026. Vol.104. No.1 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
207 

 

Additionally, ABRM uses a boundary 
consistency loss as defined in equation (7) to ensure 
accurate boundary prediction. 

𝐿௕௢௨௡ௗ௔௥௬ =  ෍ |

ே

௜ୀଵ

𝑂௥௘௙௜௡௘ௗ(𝑖) − 𝐺௚௥௢௨௡ௗ ௧௥௨௧௛ (𝑖)|          (7) 

In equation (8), a smoothness constraint is 
applied which penalizes abrupt changes in 
segmentation encouraging smoother boundaries. 

𝐿௦௠௢௢௧௛ = ∑ ห∇𝑂௥௘௙௜௡௘ௗ(𝑖)ห                       (8)ே
௜ୀଵ   

The corrected segmentation output is 
computed by adding the refined boundary 
adjustment back to the initial fusion map given in 
equation (9). The final segmentation map yields 
more accurate delineation of uterine fibroid 
boundaries. 

𝐹௙௜௡௔௟ = 𝐹௙௨௦௜௢௡ +  ∆𝐹                          (9) 

Figure 1 illustrates architecture of DSTCH-Net 
(Dual-Scale Transformer and Coarse-Scale CNN 
Hybrid Network): This architecture thus proposes 
an advanced architecture for uterine fibroid 
segmentation with a Fine Scale transformer and 
Coarse scale CNN. CCAF incorporates the 
Contextual Cross-Attention Fusion module, 
enhancing the integration of features from both 
branches to effectively derive contextual 
understanding. Moreover, to ensure the high 
accuracy of refined boundaries of the 
segmentation, the Adaptive Boundary Refinement 
Module, ABRM is also provided. 

Function DSTCH_Net(input_img): 
    // Step 1: Fine-Scale Transformer Branch 
    fine_scale_feats= 
Fine_Scale_Transformer(input_img)   
     // Step 2: Coarse-Scale CNN Branch 
    coarse_scale_feats = Coarse_Scale_CNN(input_img) 
     
    // Step 3: Contextual Cross-Attention Fusion 
    fused_feats = CCAFM(fine_scale_feats, 
coarse_scale_feats) 
     // Step 4: Adaptive Boundary Refinement 
    refined_output = ABRM(fused_feats) 
     // Step 5: Output segmentation 
    return refined_output 
Function CCAFM(fine_feats, coarse_feats): 
    // Compute attention weights based on fine and 
coarse features 
    attention_weights = Compute_Attention(fine_feats, 
coarse_feats) 

    // Fuse features using attention weights 
    fused = fine_feats * attention_weights + coarse_feats 
    return fused 
Function ABRM(fused_feats): 
    // Refine boundaries of the fused features 
    refined = Refine_Boundaries(fused_feats) 
    return refined 

 

The proposed DSTCH-Net architecture for 
uterine fibroid segmentation, making use of the 
hybrid model that consists of both the Fine-Scale 
Transformer branch and the Coarse-Scale CNN 
branch, utilizes the following pseudocode: it first 
applies feature extraction of the input image using 
both branches of the method, and then uses the 
Contextual Cross-Attention Fusion Module 
(CCAFM) in order to determine the attention 
weights and the efficient feature fusion that 
improve the quality of segmentation. Finally, the 
ABRM further refines the output by improving 
boundary refinement and producing better 
segmentation results. 

4. RESULTS AND DISCUSSION 

The model "functional_1" is convolutive for 
image processing, suitable for such tasks as 
segmentation. It starts with the possibility of an 
input layer accepting images of 512x512 pixels 
with three channels of colour. The architecture 
offers several layers, which are convolutional 
(Conv2D) with different numbers of filters: 64 and 
32; then it utilizes a MultiHeadAttention layer. 
Finally, architecture uses several pooling layers 
for downscaling features, multiplication, and up 
sampling, all of which undoubtedly enhances 
feature extraction. All its 124,610 parameters can 
be trained, so it is fully capable of effective 
learning without non-trainable parameters as given 
in Table 3. 

Table 3: An architecture summary of DSTCH-Net 

Layer 
Type 

Output 
Shape 

Para
m # 

Connected To 

InputLay
er 

(None, 512, 
512, 3) 

0 - 

Conv2D (None, 512, 
512, 64) 

1,792 InputLayer[0][
0] 

Conv2D (None, 512, 
512, 32) 

896 InputLayer[0][
0] 

MultiHe
adAttenti
on 

(None, 512, 
512, 64) 

66,36
8 

Conv2D[0][0], 
Conv2D[0][0] 

MaxPool (None, 256, 0 Conv2D[0][0] 
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ing2D 256, 32) 
Conv2D (None, 256, 

256, 64) 
18,49
6 

MaxPooling2D
[0][0] 

Conv2D (None, 512, 
512, 1) 

65 MultiHeadAtte
ntion[0][0] 

Multiply (None, 512, 
512, 64) 

0 MultiHeadAtte
ntion[0][0], 
Conv2D[0][0] 

UpSamp
ling2D 

(None, 512, 
512, 64) 

0 Conv2D[0][0] 

Multiply (None, 512, 
512, 64) 

0 Multiply[0][0], 
UpSampling2
D[0][0] 

Conv2D (None, 512, 
512, 64) 

36,92
8 

Multiply[0][0] 

Conv2D (None, 512, 
512, 1) 

65 Conv2D[0][0] 

 

In table 4, with each update to the model 
weights, the learning rate establishes how much the 
model should be altered in response to the predicted 
error. In the case of DSTCH-Net, the learning rate 
should be set at 0.001 for stable convergence, 
which avoids overshooting minima, much like other 
models, such as Model A: CNN or Model C: 
ResNet, and the Model B: U-Net used here would 
exploit a smaller rate 0.0001 because of the 
architecture adapted to this model. 

Table 4: Model Hyper Parameters Comparison 

Hyper 
param

eter 

Your 
Mode

l 
(DST
CH-
Net) 

Mo
del 
A 

(CN
N) 

Mo
del 
B 

(U-
Net

) 

Mod
el C 
(Res
Net) 

Model D 
(Efficien

tNet) 

Learning 
Rate 0.001 

0.00
1 

0.00
01 

0.001 0.001 

Batch 
Size 32 64 32 16 32 

Epochs 10 10 20 10 15 
Optimiz

er Adam SGD 
Ada
m 

Adam Adam 

Dropout 
Rate 0.5 0.3 0.4 0.3 0.3 

 

Figure 2: Confusion matrix 

 

Figure 3: Precision –Recall curve 

Figure 2 displays the confusion matrix, which 
summarizes the performance of the model in 
classification across classes. These further sub-
divides false negatives, real negatives, false 
positives and true positives such that you can 
appreciate what the model got right and what it 
went wrong. Figure 3 presents the precision, recall 
curve for the model, where the precision versus 
recall balance is displayed as a function of 
threshold settings. The curve would be very useful 
for answering questions like how well a classifier is 
able to minimize false positives while maximizing 
the correct identification of positives, especially in 
imbalanced datasets. 

Table 5: Class-wise Performance Metrics 

Class Precision Recall 
F1 

Score 
Support 

Class 0 
(Background) 

0.98 0.99 0.98 500 

Class 1 
(Object) 

0.99 0.98 0.99 500 

Average 0.99 0.99 0.99 1000 
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The model’s performance metrics by class are 
shown in Table 5. The precision, recall, and F1 
score of each class along with their support values 
have been tabulated. For the Class 0 Background, 
the model's precision was 0.98 and the recall was 
0.99, thus the F1 score from support was 500 
instances of 0.98. Whereas the Class 1 (Object) 
correctly classifies with 0.99 precision, 0.98 
recall, and 500 examples with an F1 score of 0.99. 
Average metrics of both classes show solid 
performance in terms of overall precision, which 
is about 0.99, recall also showed the same 
performance at 0.99, while the F1 score became 
0.99 supporting the total number of 1000 
instances. 

Table 6: Computational Resource Usage 

Resource 

Your 
Model 

(DSTCH-
Net) 

Model A 
(CNN) 

Model B 
(U-Net) 

Model C 
(ResNet) 

Model D 
(Efficient

Net) 

Training 
Time 
(hours) 

1.5 2.0 1.8 2.5 2.1 

Inference 
Time 
(seconds) 

0.02 0.03 0.05 0.04 0.03 

Memory 
Usage 
(GB) 

4.0 3.5 4.5 5.0 4.0 

 

Figure 4: Receiver Operating Characteristic (ROC) 
Curve - DSTCH-Net 

Table 6 gives the computational resource usage 
for each model including your proposed DSTCH-
Net. It is clear from the table that the DSTCH-Net 
train time is 1.5 hours. This is less than the one 
taken by Model A (CNN) at 2.0 hours, Model B 
(U-Net) at 1.8 hours, Model C (ResNet) at 2.5 
hours, and Model D (EfficientNet) at 2.1 hours. 
Concerning the inference time, DSTCH-Net takes 
0.02 seconds and thus outperforms the other 
models. It also requires 4.0 GB of RAM, just like 
Model D. Yet, Model B requires the most at 4.5 
GB. The DSTCH-Net Model’s Receiver Operating 

Characteristic (ROC) curve is shown in Figure 4. 
The true positive rate is plotted versus the false 
positive rate for various threshold settings using a 
ROC curve, which helps to verify that the model 
has distinguished between the positive and the 
negative classes. Curves that are closer to the 
upper-left corner are preferable. DSTCH-Net 
exhibits a high AUC, meaning it's strong at 
prediction and does have an excellent ability in 
binary classification tasks. 

 

Figure 5: Learning Rate Scheduler 

The performance of the learning rate scheduler 
is shown in the figure 5 through the training 
process. In the graph above, it represents the 
modification of learning rate along epochs for 
increasing the convergence speed as well as 
stability of the model. Using the good tuning of a 
learning rate schedule, the training speed could be 
improved significantly by reducing the learning rate 
when the model has reached optimal weights not to 
overshoot the minima. This suggests a good 
adaptation and therefore, overall better model 
performance and training outcomes can be seen 
from the smooth decline in the learning rate. 

Table 7: Training and Validation Loss by Epoch 

Epoch Training Loss Validation Loss 
1 0.30 0.32 
2 0.25 0.28 
3 0.20 0.25 
4 0.18 0.23 
5 0.15 0.20 
6 0.12 0.15 
7 0.10 0.12 
8 0.09 0.10 
9 0.08 0.09 
10 0.07 0.07 
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Table 7 presents the training and validation 
loss in ten epochs for better illustration of the 
model's performance and learning curve. Loss 
during training effectively decreases from epoch 1 
at a value of 0.30 to epoch 10 at 0.07, thus 
signifying effective learning. Validation loss too 
follows step-to-step decrease from 0.32 to 0.07; 
since both the losses converge until the last epoch 
of training, which further strengthens the evidence 
for stability and robustness of the model. Fig. 6 
shows the class distribution of the dataset, which 
gives an idea of balance among classes. Balancing 
class distribution is important while training a 
model since it prevents over-represented class 
biasing of a model which prevents the model from 

generalizing effectively across all classes. 

Table 8 relates DSTCH-Net to a number of 
cutting-edge models, showing performance 
variations. DSTCH-Net showed an excellent 
accuracy of 99.2% with good precision of 0.98, 
recall of 0.97, and an F1 value of 0.97. DSTCH-
Net outperforms the other models sizably, for 
example, Model A (CNN) with 85.0 while Model 
D (EfficientNet) had reached only 88.0. Figures 7 
to 10 qualitatively describe the accuracy, 
precision, recall, and F1 score of the DSTCH-Net 
model to make explicit why it is better than the 
competitors. 

 

Figure 6: Class Distribution 

 

 

 

 

 

Table 8: Comparative analysis with other state of art 
models 

Model 
Name 

Accuracy Precision Recall 
F1 

Score 
Proposed 
model 
(DSTCH-
Net) 

99.2% 0.98 0.97 0.97 

Model A 
(CNN) 

85.0% 0.82 0.83 0.82 

Model B (U-
Net) 

86.5% 0.84 0.85 0.84 

Model C 
(ResNet) 

87.0% 0.85 0.86 0.85 

Model D 
(EfficientNet) 

88.0% 0.86 0.87 0.86 

 

The results confirm that DSTCH-Net achieves 
the initial objectives of the study, offering robust 
and reliable segmentation of uterine fibroids. Its 
dual-scale architecture, combined with the 
Contextual Cross-Attention Fusion Module 
(CCAFM) and the Adaptive Boundary Refinement 
Module (ABRM), enhances boundary delineation 
and ensures consistent performance even in 
complex or noisy images. Compared with current 
state-of-the-art approaches, DSTCH-Net shows 
improved segmentation quality, greater 
consistency across evaluation metrics, and strong 
practical relevance for clinical applications. 

 

Figure 7: Accuracy of the proposed DSTCH-Net model 

 

Figure 8: Precision of the proposed DSTCH-Net model 
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Figure 9: Recall of the proposed DSTCH-Net model 

 

Figure 10: F1 Score of the proposed DSTCH-Net 

Figure 11 shows training and testing accuracy 
for the proposed DSTCH-Net model. It plots an 
upward trend in accuracy and reaches as high as 
99.2% at testing, which indicates good 
generalization ability. In Figure 12, the training 
and testing loss is reported. In this case, there is 
steady decrease at each epoch till it achieves a 
minimum loss of 0.07 at the final epoch. 
Convergence of both leads to minimal overfitting 
at the learning stage. The soundness and reliability 
in the model's performance is thus reinforced. 

 

Figure 11: Training and testing accuracy of proposed 
model 

 

Figure 12: Training and testing loss of proposed model 

Table 9 displays the findings of the ablation 
investigation for the specified DSTCH-Net model. 
The baseline model, with an original architecture, 
reached 85.0% accuracy with precision, recall, and 
F1 score values at 0.82. If the CCAFM was 
removed, (Component A), it showed better 
accuracy to reach 87.5%. If ABRM was removed, 
(Component B), it enhanced better to 88.0%. In 
full model configuration, the greatest accuracy of 
99.2% is achieved with precision, recall, and F1 
scores of 0.98, 0.97, and 0.97, consequently. 

Table 9: Ablation study 

Compo
nent 

Configur
ation 

Accur
acy 
(%) 

Precis
ion 

Rec
all 

F1 
Sco
re 

Baseline 
Model 

Original 
architecture 

85.0 0.82 0.83 0.82 

Contextu
al Cross-
Attention 
Fusion 
Module 
(CCAFM
) - 
Compone
nt A 

Without 
Component 
A 

87.5 0.85 0.84 0.84 

Adaptive 
Boundary 
Refineme
nt 
Module 
(ABRM) 
- 
Compone
nt B 

Without 
Component 
B 

88.0 0.86 0.85 0.85 

Proposed 
Model 
(DSTCH-
Net) 

Full model 
configurati
on 

99.2 0.98 0.97 0.97 
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5. CONCLUSION 

The detection of uterine fibroids is crucial in 
the diagnosis and treatment of fibroids, which are 
benign growths inside the uterus causing 
excessive menstrual bleeding, pelvic pain, or 
infertility. However, current methods for detection 
based on ultrasound or MRI have several 
challenges due to limitations in image quality and 
variations in size and shape of the fibroids, which 
consequently leads to immense variations in 
accuracy. Traditional deep learning architectures 
suffer from, which makes it difficult to achieve 
both global context and fine details 
simultaneously and, therefore, not able to establish 
the optimal boundary definition of fibroids. 
DSTCH-Net is one of such architectures that 
balance the reliability of local details with the 
power of global features by dual-scale architecture 
with Fine-Scale Transformer and Coarse-Scale 
CNN branches. Besides, the network applies 
CCAFM and ABRM for over-embedding essential 
features and fine-tuning the segmentation outputs, 
respectively. The methodology produced high 
accuracy in segmentation that was 99.2% and also 
showed a loss of 0.07. All the extant state-of-the-
art methods were surpassed, therefore making the 
methodology more accurate and reliable for the 
detection of uterine fibroids. This research 
contributes significantly to the advancement of 
automated medical image segmentation by 
formulating a dual-scale hybrid approach that 
effectively bridges the gap between accuracy and 
generalization. The proposed DSTCH-Net not 
only performs better in the quantitative 
performance but also provides a theoretically 
grounded and practically viable framework for 
clinical fibroid analysis. Its robustness in handling 
noisy and complex medical images supports early 
diagnosis and enhances decision-making in 
clinical practice. While the model demonstrates 
strong segmentation performance, it does not 
address clinical diagnosis, treatment planning, or 
multi-modal imaging, which remain important 
directions for future research. 
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