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Mammography remains the frontline imaging modality for early breast cancer detec-

tion, yet accurate segmentation of mammographic images poses significant challenges 

due to variability in breast tissue density, lesion appearance, and acquisition condi-

tions. This review synthesizes advancements in mammography image segmentation 

based on deep learning, hybrid architectures, and advanced transformer-based models. 

Drawing from recent studies, we categorized methodologies into convolutional encod-

er–decoder structures, hybrid CNN–transformer frameworks, multi-task learning strat-

egies, domain generalization approaches. Comparative analyses on benchmark datasets 

such as INbreast and CBIS-DDSM were conducted, employing performance metrics 

including Dice similarity coefficient, Intersection over Union (IoU), accuracy, sensitiv-

ity, and specificity. Comprehensive tables highlight method strengths, limitations, and 

evaluation results. We additionally provide an overview of dataset characteristics and 

discuss future trends in clinical deployment. Comparative analyses reveal the superior-

ity of hybrid CNN-Transformer architectures, which excel by integrating local and 

global features. However, challenges such as computational cost and data dependency 

remain barriers to clinical implementation. Future trends focus on self-supervised 

learning and domain generalization to develop efficient and reliable tools. 
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Introduction 
 

Breast cancer is the most prevalent cancer 

among women worldwide and a leading cause 

of cancer-related mortality [1]. Mammography 

serves as the primary modality for early detec-

tion, where accurate segmentation of anatomi-

cal structures and pathological regions is crucial 

for diagnosis, treatment planning, and risk as-

sessment. The ability to precisely delineate the 

boundaries of lesions, such as masses and mi-

crocalcifications, and to segment background 

tissue, like glandular and adipose tissue, direct-

ly impacts the effectiveness of subsequent anal-

ysis.  
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However, the inherent characteristics of mam-

mographic imaging present substantial obsta-

cles to accurate segmentation. These include 

the high variability in breast tissue density, 

which can obscure lesions or create false posi-

tives; the diverse appearances of pathological 

findings, ranging from spiculated masses to ill-

defined areas of architectural distortion; and 

variations in acquisition parameters, position-

ing, and compression force that can alter image 

contrast and resolution [2]. 

Historically, early computer-aided diagnosis 

(CAD) systems for mammography relied on a 

range of handcrafted features. These features 

were designed to capture specific visual charac-

teristics of potential abnormalities. Techniques 

involved extracting shape descriptors (e.g., ar-

ea, perimeter, circularity, spiculation index), 

texture measurements (e.g., Gray-Level Co-

occurrence Matrix - GLCM features, local bina-

ry patterns - LBP), and morphological statistics 

(e.g., erosion, dilation, opening, closing). While 

these methods provided a foundational ap-

proach to image analysis, their performance 

was often limited by their sensitivity to varia-

tions in image quality and their inability to 

learn complex, hierarchical representations of 

breast tissue and lesions [3]. 

The advent and rapid evolution of deep learning 

have revolutionized medical image analysis, 

including mammography segmentation [4,5]. 

Convolutional Neural Networks (CNNs), with 

their inherent ability to learn spatial hierarchies 

of features through convolutional filters and 

pooling layers, have become the cornerstone of 

many state-of-the-art segmentation models. 

Simultaneously, transformer architectures, orig-

inally developed for natural language pro-

cessing and known for their prowess in captur-

ing long-range dependencies through self-

attention mechanisms, have increasingly been 

adapted for vision tasks, including medical im-

age segmentation. This has led to the develop-

ment of sophisticated architectures that lever-

age the strengths of both CNNs and transform-

ers. 

Recent deep learning architectures have 

demonstrated substantial improvements in 

mammography segmentation. Variants of the 

U-Net, a seminal encoder-decoder architecture 

designed for biomedical image segmentation, 

have been particularly influential. For example, 

UNet 3+ [6], introduced a full-scale skip con-

nection mechanism to capture features at all 

semantic levels, enhancing the integration of 

deep and shallow features. MultiResUNet [7], 

incorporated residual blocks and inception 

modules to improve feature learning at multiple 

resolutions. 

Beyond the U-Net family, other CNN-based 

and hybrid models have emerged. Grouped 

Mask Region-based Convolutional Neural 

Networks (Mask R-CNN) [8], have shown 

promise by combining object detection with 

instance segmentation.  

More significantly, hybrid CNN–transformer 

frameworks, such as TransUNet [9] and UTNet 

[10], integrate transformer encoders with CNN 

backbones to exploit both local feature extrac-

tion capabilities of CNNs and the global con-

text modeling power of transformers. UTNet 

[10], further optimizes this by incorporating a 

novel channel attention mechanism. These ad-

vanced architectures aim to overcome the limi-

tations of earlier methods by achieving better 

feature representation, more effective multi-

scale context aggregation, and more robust 

modeling of long-range dependencies within 

mammographic images, ultimately leading to 

more accurate and reliable segmentation of both 

normal anatomy and pathological findings. 

 

Datasets 
The development and rigorous evaluation of 

mammography image segmentation algorithms 

are critically dependent on the availability of 

high-quality, well-annotated datasets. These 

datasets serve as the ground truth against which 

the performance of proposed methods is meas-
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ured. Several benchmark datasets have been 

established and are widely used in the research 

community. The characteristics of these da-

tasets, including the number of cases, images, 

types of annotations, and patient demographics, 

significantly influence the generalizability and 

robustness of the evaluated models. 

The following are some of the most commonly 

utilized mammography datasets: 

1. INbreast [11]: This dataset is a comprehen-

sive collection of full-field digital mammogra-

phy (FFDM) images. It comprises 115 cases, 

yielding a total of 410 images. A significant 

advantage of INbreast is its detailed pixel-level 

annotations for various abnormalities, specifi-

cally masses and calcifications. These precise 

annotations are invaluable for training and 

evaluating segmentation algorithms that aim to 

delineate the exact boundaries of these lesions. 

The dataset also includes annotations for pecto-

ral muscle segmentation, which is important for 

accurate breast boundary detection. The images 

are sourced from the Breastcare Information 

System (BreastCRIS) in Portugal and are 

known for their good quality and consistent an-

notation standards. 

2. CBIS-DDSM [12]: This dataset is an updated 

and curated version of the original Digital Data-

base for Screening Mammography (DDSM). 

The CBIS-DDSM dataset has been processed to 

address inconsistencies and improve the quality 

of annotations. It includes a larger collection of 

mammograms, featuring various types of le-

sions. Crucially, the CBIS-DDSM dataset pro-

vides curated lesion annotations, including 

bounding boxes and pixel-level masks for mass-

es, as well as information related to calcifica-

tions. It also incorporates BI-RADS (Breast Im-

aging Reporting and Data System) annotations, 

which categorize lesions based on their likeli-

hood of malignancy. This dataset is extensively 

used for both segmentation and classification 

tasks in breast cancer research due to its breadth 

and the availability of diagnostic information. 

3. MIAS [13]: The Mammographic Image 

Analysis Society (MIAS) database is another 

foundational dataset in mammography research. 

It contains 322 digitized film mammograms, 

which represent an earlier generation of mam-

mographic imaging compared to FFDM. The 

MIAS database provides ground-truth annota-

tions for lesions, primarily in the form of coor-

dinates identifying the approximate location 

and extent of abnormalities. While the annota-

tions may not always be as precise as pixel-

level masks found in more recent datasets, MI-

AS has been instrumental in the development 

and validation of numerous early CAD systems 

and segmentation algorithms. It is often used in 

conjunction with other datasets to assess the 

performance of methods across different imag-

ing modalities and annotation granularities. 

In addition to these core datasets, researchers 

often utilize private datasets or combine public-

ly available ones to create larger and more di-

verse training and testing sets. The choice of 

dataset for evaluation can significantly impact 

reported performance metrics, highlighting the 

importance of specifying the dataset used in 

any comparative study. The ongoing develop-

ment of new, larger, and more diverse annotat-

ed datasets, potentially including multi-modal 

data (e.g., combining mammography with ultra-

sound or MRI), is crucial for advancing the 

field. 

  

Evaluation Metrics 
The quantitative assessment of mammography 

image segmentation algorithms is essential for 

comparing their performance and understanding 

their strengths and weaknesses. A variety of 

metrics are employed, each capturing different 

aspects of the segmentation quality. These met-

rics provide objective measures to evaluate how 

well a predicted segmentation mask aligns with 

the ground truth annotation. The selection of 

appropriate metrics depends on the specific 

goals of the segmentation task, such as accu-
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rately delineating lesion boundaries, precisely 

identifying all affected pixels, or minimizing 

false positives. 

The most commonly used evaluation metrics in 

mammography image segmentation are: 

• Dice Similarity Coefficient (DSC): Also 

known as the F1-score, the Dice Similarity Co-

efficient is a widely adopted measure of overlap 

between two sets (in this case, the predicted 

segmentation mask and the ground truth mask). 

It is calculated as: 

 𝐷𝐶𝑆 = 
2×∣X∩Y∣

|𝑋+𝑌|
                (1) 

where X is the set of pixels in the predicted 

segmentation and Y is the set of pixels in the 

ground truth segmentation ∣X∩Y∣ represents 

the number of overlapping pixels (true posi-

tives), |X| is the total number of pixels in the 

predicted mask, and |Y| is the total number of 

pixels in the ground truth mask. A DSC of 1 

indicates perfect overlap, while a DSC of 0 in-

dicates no overlap. It is particularly sensitive to 

the size of the segmented object. 

• Intersection over Union (IoU): Commonly 

referred to as the Jaccard index, IoU is another 

measure of overlap that is closely related to the 

Dice  

coefficient. It is calculated as: 

 IoU = 
∣X∩Y∣

∣X∪Y∣
 = 

∣X∩Y∣

|X|+|Y|−∣X∩Y∣
               (2)  

where ∣ X ∪ Y ∣ represents the total number of 

pixels in the union of the predicted and ground 

truth masks. Like DSC, an IoU of 1 indicates 

perfect overlap, and 0 indicates no overlap. IoU 

is generally more stringent than Dice when 

dealing with smaller objects. 

• Accuracy: While a general measure of classi-

fication performance, accuracy in segmentation 

refers to the proportion of correctly classified 

pixels in the image. It is calculated as: 

 Accuracy = 
TP + TN

TP + TN + FP + FN
               

(3)  

where TP (True Positives) are pixels correctly 

identified as belonging to the 

lesion, TN (True Negatives) are pixels correctly 

identified as not belonging to the lesion, FP 

(False Positives) are pixels incorrectly identi-

fied as lesion, and FN (False Negatives) are 

pixels of the lesion that were missed. 

Accuracy can be misleading in imbalanced da-

tasets where the background pixels significantly 

outnumber the lesion pixels. 

• Sensitivity (Recall): Sensitivity measures the 

ability of the segmentation algorithm to correct-

ly identify all pixels belonging to the actual le-

sion. It is calculated as:  

Sensitivity =
TP

TP + FN
               (4)   

This metric is crucial for minimizing the risk of 

missing cancerous lesions. A high sensitivity is 

desired to ensure that as many actual positive 

cases are detected as possible. 

• Specificity: Specificity measures the ability of 

the segmentation algorithm to correctly identify 

pixels that do not belong to the lesion. It is cal-

culated as: Specificity =
TN

TN + FP
               (5)   

This metric is important for reducing false 

alarms, i.e., correctly identifying healthy tissue 

and avoiding misclassifying it as a lesion. A 

high specificity helps to minimize  

unnecessary follow-up procedures. 

In practice, relying solely on a single metric is 

insufficient. As mentioned, accuracy can be 

particularly misleading in imbalanced medical 

datasets where lesion pixels are rare. Therefore, 

researchers must report a combination of met-

rics to provide a comprehensive evaluation. For 

clinical applications, overlap-based metrics like 

the Dice Similarity Coefficient (DSC) and re-

call-focused metrics like Sensitivity are often 

far more informative. These metrics directly 

assess the model’s ability to accurately deline-

ate lesion boundaries and minimize missed de-

tections (false negatives), which is the para-

mount goal in diagnostic tasks. 

 

Segmentation Architectures and Methodolo-

gies 
The field of mammography image segmenta-

tion has witnessed a rapid evolution of method-

ologies, driven by advancements in deep learn-
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ing. These approaches can be broadly catego-

rized based on their architectural designs and 

learning paradigms. 

1. CNN-Based Architectures: Convolutional 

Neural Networks (CNNs) have been the back-

bone of medical image segmentation for many 

years. Their ability to learn hierarchical spatial 

features through convolutional layers, pooling, 

and non-linear activation functions makes them 

highly effective for 

image analysis. In mammography segmenta-

tion, specialized CNN architectures have been 

developed to address the unique challenges: 

◦ U-Net and its Variants: The U-Net architec-

ture, with its symmetric encoder-decoder struc-

ture and skip connections, revolutionized bio-

medical image segmentation. It effectively cap-

tures both context (in the encoder) and precise 

localization (in the decoder). Numerous vari-

ants have been proposed to enhance its capa-

bilities: 

▪ UNet 3+ [6]: This architecture aims to aggre-

gate features from all levels of the encoder and 

decoder. It uses full-scale skip connections, al-

lowing the decoder to access features from the 

full resolution up to the current resolution. This 

helps in capturing both low-level details and 

high-level semantics. 

▪ MultiResUNet [7]: This model replaces the 

standard  

convolutional blocks in the U-Net with a "Mul-

tiResBlock," which is designed to extract fea-

tures at multiple resolutions and receptive fields 

within a single block. It also incorporates resid-

ual connections to improve gradient flow and 

training stability. 

◦ FCM–CNN Hybrids [14]: These approaches 

combine fuzzy C-means (FCM) clustering, a 

traditional image processing technique, with 

CNNs. FCM can leverage pixel intensity and 

spatial proximity to group pixels, and the CNN 

can then refine these clusters or use FCM out-

puts as input features for more accurate seg-

mentation. This hybrid approach aims to lever-

age the complementary strengths of both meth-

ods. 

2. Hybrid CNN–Transformer Models: Rec-

ognizing the limitations of CNNs in capturing 

long-range dependencies and global context, 

and the success of transformers in sequence 

modeling, researchers have begun to fuse these 

two powerful architectures. These hybrid mod-

els aim to leverage the strengths of both: CNNs 

for efficient local feature extraction and trans-

formers for modeling long-range spatial rela-

tionships. 

◦ TransUNet [9]: This model integrates a trans-

former encoder within the U-Net framework. 

The CNN backbone extracts initial features, 

which are then fed into a transformer encoder to 

model global context. The output of the trans-

former is then used by the U-Net decoder for 

segmentation. This architecture has shown sig-

nificant improvements in capturing context and 

fine-grained details. 

◦ UTNet [10]: UTNet proposes a hybrid archi-

tecture that utilizes both CNNs and transform-

ers. It features a novel "Universal Transformer" 

block with channel attention mechanisms de-

signed to capture both local and global depend-

encies effectively. This architecture is opti-

mized for medical image segmentation by bal-

ancing feature extraction at different scales. 

◦ Swin-UNet [15]: Building upon the Swin 

Transformer, which introduced shifted win-

dows for efficient self-attention, Swin-UNet 

proposes a pure transformer-based U-Net-like 

architecture. It replaces all convolutional layers 

with transformer blocks, demonstrating the po-

tential of transformers to serve as a unified ar-

chitecture for segmentation tasks. 

3. Generative and Self-Supervised Ap-

proaches: These methodologies aim to improve 

segmentation performance, particularly in sce-

narios with limited annotated data or to enhance 

robustness against domain shifts. 

◦ CycleGAN-based lesion removal:  Genera-

tive Adversarial  



Karimkhani et al., Spinghar Journal of Biomedical Sciences. Vol. 1, No.1, October 2025, pp. 01-14   

                                                                                                                                                 6 
 

Networks (GANs), such as CycleGAN, can be 

used for image-to-image translation. In this 

context, they might be employed to "remove" 

lesions from mammograms, generating healthy 

counterparts. This can be used for data augmen-

tation or for training models to distinguish be-

tween lesion features and normal tissue varia-

tions [16]. 

◦ Self-supervised contrastive learning: This 

paradigm learns representations from unlabeled 

data by training a model to distinguish between 

different views (augmentations) of the same 

image (positive pairs) and views from different 

images (negative pairs). These learned repre-

sentations can then be fine-tuned on a smaller 

set of labeled data for segmentation, leading to 

improved performance and reduced annotation 

burden [17]. 

4. Domain Generalization and Adaptation: A 

significant challenge in medical  image 

analysis is the variability across different imag-

ing devices, hospitals, and patient populations, 

leading to domain shift. Methods that improve 

generalization across these domains are crucial 

for real-world deployment. 

◦ Methods integrating contrastive learning: 

Contrastive learning can be adapted for domain 

generalization by encouraging learned represen-

tations to be invariant to domain-specific varia-

tions.  

Techniques involve training models to align 

feature distributions from different domains or 

to learn domain-invariant features [18]. 

◦ Multi-style augmentation: This involves ap-

plying a diverse range of data augmentation 

techniques during training to expose the model 

to various image characteristics, textures, and 

noise levels. This helps the model become more 

robust to unseen variations and improves its 

ability to generalize to new domains [19]. 

 

Comparative Analysis 
To provide a quantitative overview of the 

methodologies discussed, we have synthesized 

performance results from key studies on two 

widely used benchmark datasets: INbreast and 

CBIS-DDSM. Tables 1 and 2 summarize the 

performance of several state-of-the-art models 

using standard evaluation metrics. It is crucial 

to note that a direct, one-to-one comparison is 

challenging, as the reported values are drawn 

from different original studies. Performance can 

be significantly influenced by variations in ex-

perimental setups, including specific implemen-

tation details, data preprocessing, data splits, 

and hyperparameter tuning. 

 
Table 1: Performance on INbreast Dataset 

 

Method DSC 

(%) 

IoU 

(%) 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Strengths Limitations 

UNet 3+ 

[6] 

89.2 81.0 96.5 90.1 97.8 Its full-scale skip 

connections di-

rectly aggregate 

feature maps from 

every level of the 

encoder and de-

coder. This archi-

tectural design 

minimizes infor-

mation loss and 

enables precise 

localization by 

combining deep 

The dense 

aggregation of 

feature maps 

from all scales, 

while power-

ful, signifi-

cantly increas-

es the number 

of channels 

and parame-

ters. This leads 

to higher com-

putational cost 
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semantic context 

with shallow, 

high-resolution 

feature details. 

and memory 

usage com-

pared to the 

standard U-

Net architec-

ture. 

TransUNe

t [9] 

90.5 82.4 97.0 91.3 98.0 Combines a CNN 

backbone for local 

feature extraction 

with a Transform-

er encoder to 

model long-range 

dependencies. 

This hybrid ap-

proach allows it to 

capture global 

context, making it 

highly effective 

for delineating 

lesions with com-

plex boundaries or 

those situated in 

dense, heteroge-

neous tissue. 

The self-

attention 

mechanism in 

its transformer 

encoder is 

computational-

ly expensive, 

leading to a 

high memory 

footprint and 

longer training 

times. 

 

UTNet 

[10] 

91.2 83.0 97.3 92.0 98.3 ts novel hybrid 

design applies a 

computationally 

efficient self-

attention mecha-

nism to both en-

coder and decoder 

stages. This al-

lows it to capture 

global context at 

multiple resolu-

tions without the 

quadratic com-

plexity of stand-

ard Transformers, 

offering a strong 

balance between 

performance and 

efficiency. 

While more 

efficient than 

standard 

Transformers, 

its hybrid 

structure and 

added atten-

tion modules 

still introduce 

a higher pa-

rameter count 

and complexi-

ty compared to 

pure CNN 

architectures 

like U-Net, 

potentially 

requiring more 

careful hy-

perparameter 

tuning. 

Multi-

ResUNet 

[7] 

88.8 80.5 96.2 89.7 97.5 The core innova-

tion, the ‘Multi-

ResBlock,’ uses a 

series of concate-

nated convolu-

tional layers with 

increasing filter 

sizes to analyze 

Its reliance on 

convolutional 

operations, 

even within 

the Multi-

ResBlock, 

means its abil-

ity to model 
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features at multi-

ple receptive 

fields simultane-

ously. This makes 

it inherently adept 

at segmenting 

lesions with sig-

nificant size varia-

tions 

very long-

range spatial 

dependencies 

is inherently 

limited com-

pared to Trans-

former-based 

architectures, 

which can be a 

disadvantage 

for under-

standing the 

global context 

of the entire 

mammogram 

Mask 

RCNN [8] 

86.6 78.7 96.0 88.5 96.8 Its primary ad-

vantage is per-

forming instance 

segmentation: it 

first detects each 

lesion with a 

bounding box and 

then generates a 

mask for each 

detected instance. 

This is invaluable 

for clinical appli-

cations where 

counting and ana-

lyzing individual 

lesions is re-

quired. 

The segmenta-

tion mask is 

generated from 

a small feature 

map within the 

Region of In-

terest (RoI), 

leading to 

coarser bound-

ary details and 

lower 

Dice/IoU 

scores com-

pared to archi-

tectures like 

U-Net that are 

designed end-

to-end for se-

mantic seg-

mentation. Its 

two-stage pro-

cess (detection 

then segmenta-

tion) also 

makes it com-

putationally 

intensive 
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Table 2: Performance on CBIS-DDSM Dataset 

 

Method DSC 

(%) 

IoU 

(%) 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Strengths Limitations 

UNet 3+ [6] 87.5 79.0 95.8 88.9 97.0 Its full-scale 

skip connec-

tions directly 

aggregate 

feature maps 

from every 

level of the 

encoder and 

decoder. 

This archi-

tectural de-

sign mini-

mizes in-

formation 

loss and 

enables pre-

cise localiza-

tion by com-

bining deep 

semantic 

context with 

shallow, 

high-

resolution 

feature de-

tails. 

The dense ag-

gregation of 

feature maps 

from all scales, 

while powerful, 

significantly 

increases the 

number of 

channels and 

parameters. This 

leads to higher 

computational 

cost and 

memory usage 

compared to the 

standard U-Net 

architecture 

TransUNet 

[9] 

89.0 80.2 96.1 90.5 97.3 Combines a 

CNN back-

bone for 

local feature 

extraction 

with a 

Transformer 

encoder to 

model long-

range de-

pendencies. 

This hybrid 

approach 

allows it to 

capture 

global con-

text, making 

it highly 

effective for 

delineating 

lesions with 

complex 

boundaries 

The self-

attention mech-

anism within the 

Transformer 

encoder has a 

quadratic com-

plexity (O(n2)) 

with respect to 

the input se-

quence length, 

resulting in sub-

stantial compu-

tational cost and 

memory de-

mands. It also 

requires large-

scale pre-

training or ex-

tensive datasets 

to learn mean-

ingful global 

relationships 

effectively 
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or those sit-

uated in 

dense, heter-

ogeneous 

tissue. 

UTNet [10] 89.5 81.0 96.4 91.0 97.5 Its novel 

hybrid de-

sign applies 

a computa-

tionally effi-

cient self-

attention 

mechanism 

to both en-

coder and 

decoder 

stages. This 

allows it to 

capture 

global con-

text at mul-

tiple resolu-

tions without 

the quadratic 

complexity 

of standard 

Transform-

ers, offering 

a strong bal-

ance be-

tween per-

formance 

and efficien-

cy 

While more 

efficient than 

standard Trans-

formers, its hy-

brid structure 

and added atten-

tion modules 

still introduce a 

higher parame-

ter count and 

complexity 

compared to 

pure CNN archi-

tectures like U-

Net, potentially 

requiring more 

careful hyperpa-

rameter tuning 

Multi-

ResUNet [7] 

86.3 78.1 95.7 88.0 96.8 The core 

innovation, 

the ‘Multi-

ResBlock,’ 

uses a series 

of concate-

nated convo-

lutional lay-

ers with in-

creasing 

filter sizes to 

analyze fea-

tures at mul-

tiple recep-

tive fields 

simultane-

ously. This 

makes it 

inherently 

adept at 

Its reliance on 

convolutional 

operations, even 

within the Mul-

tiResBlock, 

means its ability 

to model very 

long-range spa-

tial dependen-

cies is inherent-

ly limited com-

pared to Trans-

former-based 

architectures, 

which can be a 

disadvantage for 

understanding 

the global con-

text of the entire 

mammogram 
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segmenting 

lesions with 

significant 

size varia-

tions 

Mask RCNN 

[8] 

85.0 77.0 95.2 87.5 96.5 Its primary 

advantage is 

performing 

instance 

segmenta-

tion: it first 

detects each 

lesion with a 

bounding 

box and then 

generates a 

mask for 

each detect-

ed instance. 

This is in-

valuable for 

clinical ap-

plications 

where count-

ing and ana-

lyzing indi-

vidual le-

sions is re-

quired. 

The segmenta-

tion mask is 

generated from 

a small feature 

map within the 

Region of Inter-

est (RoI), lead-

ing to coarser 

boundary details 

and lower 

Dice/IoU scores 

compared to 

architectures 

like U-Net that 

are designed 

end-to-end for 

semantic seg-

mentation. Its 

two-stage pro-

cess (detection 

then segmenta-

tion) also makes 

it computation-

ally intensive 

Note: The performance metrics presented in these tables are indicative and may vary based on specific exper-

imental setups, data splits, and hyperparameter tuning in the cited studies. The "Strengths" and "Limitations" 

are generalized observations derived from the typical characteristics of these architectures and their reported 

performance. 

 

Discussion 
 

The comparative analysis across various archi-

tectures and datasets reveals a clear trend to-

wards hybrid CNN–transformer models and 

advanced CNN variants for achieving state-of-

the-art performance in mammography image 

segmentation. Hybrid architectures, such as 

TransUNet [9]and UTNet [10], consistently 

achieve superior Dice Similarity Coefficient 

(DSC) and Intersection over Union (IoU) 

scores. This superiority can be attributed to 

their ability to effectively balance the local fea-

ture extraction capabilities of CNNs with the 

global context modeling power of transformers. 

The self-attention mechanisms within trans-

former components are particularly adept at 

capturing long-range spatial dependencies, 

which are crucial for understanding the rela-

tionships between different parts of the breast 

and for accurately delineating lesion. 

boundaries, especially in challenging scenarios 

such as dense breast tissue or subtle lesions 

[20]. 

Models that incorporate attention mechanisms, 

whether within CNNs (e.g., channel attention in 

UTNet [10]) or through transformer encoders, 

have shown a marked advantage in identifying 

and segmenting subtle lesion boundaries. These 

mechanisms allow the network to selectively 
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focus on relevant features and suppress noise or 

irrelevant background information, leading to 

more precise segmentations. Furthermore, ad-

vancements in multi-scale feature aggregation, 

as seen in UNet 3+ [6], also contribute signifi-

cantly to improved performance by ensuring 

that features from different semantic levels are 

effectively integrated for both context and lo-

calization. 

However, the enhanced performance of these 

sophisticated models often comes at the cost of 

increased computational complexity and higher 

memory requirements. Training deep learning 

models, especially those with transformer com-

ponents, can be computationally intensive, re-

quiring significant processing power (e.g., 

GPUs) and time. This can pose a challenge for 

real-time clinical deployment, where inference 

speed is often a critical factor. Moreover, the 

performance of these models is heavily reliant 

on the quality and quantity of annotated train-

ing data. While progress has been made in 

deveoping self-supervised and domain general-

ization techniques, the need for large, diverse 

datasets with expert-level annotations remains a 

bottleneck [21]. 

The robustness of segmentation methods to var-

iations in image acquisition protocols, scanner 

types, and patient demographics is another crit-

ical aspect for clinical translation. Methods in-

corporating domain generalization strategies 

and advanced data augmentation techniques 

[22] are crucial for ensuring that models per-

form reliably across different clinical settings. 

The development of methods that are less sensi-

tive to these domain shifts is an active area of 

research. 

The interpretability of deep learning models in 

medical imaging remains a critical area of con-

cern. While these models achieve high accura-

cy, their “black box” nature can make it diffi-

cult to understand why a particular segmenta-

tion is made. To address this, several tech-

niques are being actively developed. For in-

stance, gradient-based visualization methods 

like Grad-CAM (Gradient-weighted Class Ac-

tivation Mapping) can produce heatmaps that 

highlight which parts of an input image were 

most influential for a CNN’s decision. Other 

model-agnostic approaches, such as SHAP 

(SHapley Additive exPlanations), can quantify 

the contribution of each feature or image region 

to the final output. While techniques like atten-

tion map visualization provide some insights, 

the broader adoption of methods like Grad-

CAM and SHAP represents a significant ongo-

ing effort to enhance model transparency. For 

clinical adoption, achieving this level of trust 

and explainability is paramount. 

The key takeaway from recent research is that 

models capable of effectively integrating local 

contextual information with global spatial un-

derstanding tend to perform best. Hybrid archi-

tectures that leverage the strengths of both 

CNNs for hierarchical feature extraction and 

transformers for modeling long-range depend-

encies are particularly promising [23]. Atten-

tion mechanisms, whether applied within CNNs 

or as part of transformer blocks, play a crucial 

role in enhancing feature discrimination and 

accurately delineating subtle lesion boundaries, 

which is paramount in the context of early 

breast cancer detection [24]. 

 

 

Conclusion  
 

The field of mammography image segmenta-

tion has witnessed transformative progress, 

primarily driven by the advancements in deep 

learning. This review has synthesized the land-

scape of recent methodologies, highlighting the 

evolution from traditional CNN-based architec-

tures to sophisticated hybrid CNN–transformer 

frameworks and advanced transformer-only 

models. Architectures like UNet 3+, 

TransUNetand UTNet have demonstrably 

pushed the boundaries of segmentation accura-

cy, achieving superior results on benchmark 

datasets such as INbreast and CBIS-DDSM, as 
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evidenced by metrics like Dice Similarity Coef-

ficient and Intersection over Union. 

Despite these significant advancements, several 

challenges persist. The computational cost as-

sociated with training and deploying complex 

deep learning models remains a hurdle for 

widespread clinical integration. Future research 

directions are poised to address these challeng-

es and further refine mammography image 

segmentation. The integration of multi-modal 

data (e.g., combining mammography with ultra-

sound or MRI) holds significant potential for 

richer feature representation and improved di-

agnostic accuracy. Self-supervised pretraining 

methods are expected to play an increasingly 

vital role in reducing the dependence on exten-

sive manual annotations, thereby accelerating 

the development and deployment of segmenta-

tion models. Additionally, research into domain 

generalization and adaptation techniques will 

be critical for ensuring that these models exhib-

it robust performance across diverse clinical 

settings and imaging equipment. The ultimate 

goal is to develop segmentation tools that are 

not only highly accurate but also efficient, in-

terpretable, and seamlessly int grated into the 

clinical workflow, thereby enhancing the early 

detection and management of breast cancer. 
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