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Abstract: Breast cancer is characterized by the uncontrolled growth of breast cells, resulting in the formation of
tumors. In this study, we propose the AMFFR-Net model, a deep learning network capable of performing multi-
modal fusion and segmentation of breast cancer nodules with medical images in specific MRI, ultrasound, and
mammograms. The proposed AMFFR-Net is an advanced deep neural network that can enhance the diagnosis
process by utilizing multi-modal feature fusion and refinement methods to achieve precise segmentation of the
regions of interest. Quantitative assessments using diverse datasets show that AMFFR-Net is superior to other
baseline models in terms of different criteria. On MRI datasets, it shows an outstanding AUC score of 98.94%, an
F1-score of 94.8%, and an overall accuracy of 97.0%, demonstrating that it is superior in terms of discrimination
and provides more accurate delineation of anatomical structures. Such high performance is also replicated in the
ultrasound and mammogram datasets, where AMFFR-Net predicts higher AUC, Fl-score, and Dice coefficient
values with lower HD95 values indicating accurate boundary detection.
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1. Introduction

Globally, the number of cases of breast cancer (BC) among women has experienced a substantial rise
compared to the past few years. It has been the most frequently diagnosed cancer among women and a
leading cause of mortality due to cancer, which comes in second when it comes to all causes of mortality
for females. The International Agency for Research on Cancer (IARC), in its 2020 world cancer report,
reported that cancer is the leading or the second leading cause of death for 134 out of 183 countries for
people within the age group of 30—69 years [1]. Lung cancer remains the leading cause of cancer deaths
for both men and women; breast cancer is most prevalent in women, and prostate cancer is most common
in men. The IARC predicts that the number of cancers will more than double from 19. In a single year,
from 2017 to 2018, the number of tourists grew from roughly 1 million to 29. According to the findings,
there will be up to 5 million deaths by 2040, and fatalities may double under the assumed conditions. 6
million to 16.4 million [1].

Among all types of cancer, breast cancer occupies the second-highest rank in terms of prevalence and
mortality for women. It presents a vast array of medical and economic problems. This disorder has a
variety of dimensions in terms of its impact on women's health, encompassing both the physical, mental,
and social fields of wellbeing. The fact that it acts rapidly, restlessly, and early in finding out and
diagnosis is very significant, not only for the better survival rates but also for reducing the costs
associated with the treatment. Identifying early-stage cancer can increase the survival rate by 85 percent.
One of the cells in the breast structures, most commonly in the ducts or the milk-producing lobules, forms
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breast cancer. It can later infiltrate nearby tissues and extend to other parts of the body. The stage of
breast cancer shows how much the malignant cells have already spread from the area of the original
tumor [2]. The genetic flaw that develops as a result of aging or general body breakdown is the primary
cause of 85%—90% of cancer cases. Although it's sometimes hard to identify the exact factor that causes
the damage, breast cancer originates within cells as a result of DNA damage or mutations that happen to
the cells. Three primary types of breast cancer are invasive carcinoma, ductal carcinoma, and invasive
lobular carcinoma. The majority of breast carcinoma cases are invasive carcinoma, which originates from
the breast ducting system and subsequently spreads into surrounding tissues, and invasive lobular
carcinoma, which develops from the breast glandular tissue [3]. What those advancements in imaging
technologies, imaging modalities, and computational development have done has put a new emphasis on
breast cancer research. Medical imaging has now become an indispensable tool in breast cancer care,
serving as one of the main diagnostic methods from screening to treatment decisions and post-treatment
monitoring. On the other hand, progress has also played a cardinal role in the invention and incorporation
of computer-aided detection systems. When the patient is initially consulted with the symptoms affecting
the breast, the physician most likely initiates a diagnostic evaluation that involves the use of
mammography (an X-ray specializing in breast imaging). Often, women with dense breast tissue or those
with a predisposing factor, such as a family history of breast cancer, receive an inconclusive diagnosis.
This matter would need further diagnostic procedures to arrive at an accurate diagnosis. Radiologists
usually use breast ultrasounds (ultrasonography) to assess lumps that are not easily visible through
mammography in women with dense breast tissue [4].

1.1. CAD (Computer Aided Design)-Based Imaging Modalities to Predict Brest
Cancer

Obtaining a precise and correct diagnosis of breast cancer (BC), among other things, reduces the
disease’s risk and improves survival rates. This simply means that early detection of breast cancer leads
to early treatment initiation. Regularly emerging imaging modalities enable early diagnosis of the
disease's onset. Realizing the essence of this matter, medical imaging is a valuable means of cancer
recognition and diagnosis. Healthcare professionals use these modalities for various purposes, including
screening, diagnostic evaluation, and ancillary testing to boost their confidence and improve diagnostic
accuracy. Moreover, Figure 1 summarizes the imaging techniques used for BC diagnosis today, which
include digital mammography, ultrasonography, histopathology, magnetic resonance imaging, computed
tomography, PET-CT, and thermography [5]. Each of these separately mentioned markers holds
particular importance and provdies a specific profile for the diagnostic process.

e Mammography
e Ultrasound

e MRI
Input Images Preprocessing
/ J,
MRI Feature Extraction
l
Ultrasound Neural Network
I

Figure 1. CAD-based Imaging Modalities to Predict Brest Cancer.

1.2. Role of Deep Learning in Breast Cancer Diagnosis

The role of DNNs in breast cancer detection cannot be overstated; the Al-equipped machine can be
leveraged to examine imaging datasets. DNNs possess superior imaging analysis skills for diverse
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imaging modalities such as mammograms, MRIs, and ultrasounds, and they help to disclose the
inscrutable characteristics of breast malignant entities. Artificial intelligence's analytical power
empowers DNNSs to pattern out the best-hidden traits and irregularities within images that are unseen by
the naked eye. Consequently, DNNs enable precise diagnosis and timely treatment when the likelihood
of effective treatment is at its peak. Aside from DNNs' potential to automate the screening process with
their ability to swiftly analyze huge volumes of medical images, they can also conduct deep analysis of
implanted medical devices, such as implantable pacemakers. Through the use of such automated
technology, healthcare professionals may be able to free up some of their time and resources and enhance
the overall productivity of mammography screening. Another important role of the DNNss is to contribute
to precision medicine by integrating imaging, genomic, and patient-specific data, such as past medical
and pharmacological influences [6]. For example, one of the most essential conditions for Al
advancement is access to different, powerful, and labeled datasets for training the models. The question
of privacy, although it may have a significant effect on DMN usability, could become a major obstacle
when it comes to medical imaging data security. Furthermore, the widespread reference to DNNs as
"black-box" models poses a challenge to human understanding and explanation. The clarity of DNNs'
analogical thinking is critical in order to gain the trust and acquiescence of medical practitioners and
patients. Training models on a single dataset may limit the effectiveness of DNNs when applied to
different populations and/or imaging modalities, which is another critical disadvantage to their
generalizability.

Deep neural network (DNN) models must possess robustness and adaptability to gain widespread
acceptance across various settings and clinical contexts. In specific, the main challenges these methods
possess hinder the application of DNNs in clinical practice, despite their significant merit in replacing
traditional low-specific diagnostic methods for early breast cancer detection. Therefore, we must
carefully address these challenges, prioritizing safety, effectiveness, and ethical considerations.
Researchers' efforts in collaboration with healthcare providers, policymakers, and stakeholders are
necessary to shape DNNS into a tool that can be transformative for breast cancer treatment and patient
care development [6].

1.3. Motivation

Breast cancer is still one of the most widely spread and deadly types of cancer among women around
the world, obscuring all the other problems. The traditional methods of diagnosing breast cancer, like
mammography and biopsy, have had proven results, but in general, they are not devoid of any
deficiencies. For example, mammography screening may give a positive result that the woman does not
have cancer, whereas she really has a very mild cancer, which causes anxiety and further invasive
investigation. To cope with these challenges, it is observed that there is an increase in the number of
research studied considering the use of artificial intelligence and deep learning to improve breast cancer
detection. Recent research studies experiments the usage of Al and DL algorithms and methods that take
breast imaging data features into account, attempt to make the performance of diagnostic systems more
sensitive, specific, and overall accurate.

The outlined approaches in this article address major challenges related to conventional breast cancer
detection modalities. The proposed method, which uses the multiscale self-attention mechanism,
adaptive feature fusion, and refinement techniques, will greatly increase the accuracy of cancer lesions
identification and localization from a medical image. Second, the proposed method tackles the harmful
effects of highly variable imaging data and unreliable diagnostic outcomes, equipping healthcare service
providers with novel tools for faster disease identification.

The main contributions of the article include:

e Development of Multi-Scale Self-Attention Module (MSSAM) convolutional layers, including
multi-scale with different kernel sizes, Multi-scale Channel Attention Module (MSCAM), and
Adaptive Spatial Attention Module (ASAM). This method offers an innovative feature extraction
and attention-guided segmentation of various breast cancer modalities.

e Designing an Adaptive Feature Fusion and Refinement (AFFR) module to achieve the goal of
feature fusion, transformation, and refinement, which provides a good effect on the uniting of
many features and improves the segmentation accuracy. The feature deformation and confidence-
based feature refinement methods prolong the feature extraction process, and, hence, classifying
the unsolved segmentation is much more precise.

o Integrates Binary Cross Entropy (BCE) loss function with proposed algorithm to perform the
comparison of predicted and ground truth labels directly.
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2. Related Works

There are different imaging methods, like digital breast tomosynthesis (DBT) and breast ultrasound
(US), that can be used together with Al algorithms to find breast cancer. This is called multimodal fusion
[7]. This technique aims to enhance precision by utilizing ML algorithms trained on diverse data types,
such as the CBCD [7]. The system, utilizing UDF and ML algorithms, can achieve enhanced sensitivity
and specificity when identifying breast lesions, particularly Researchers have found that this fusion
method can greatly lower the number of false alarms and improve the accuracy of identifying cancerous
lesions. As a result, breast cancer can be found early and correctly [7]. Furthermore, the combination of
a logistic regression method with statistical processes yielded remarkable results, demonstrating the
highest degree of accuracy in early breast cancer detection [8].

The multispectral fusion enhances breast cancer detection accuracy by combining various data
sources. We employ various techniques, including DNA methylation, copy number alterations, and 4-
nucleotide oligomer end motifs, in building a model as mentioned in Table 1. This results in a multi-
feature machine learning model that is able to achieve high accuracy in the early diagnosis of breast
cancer [9]. Multimodal analysis, in contrast, uses data such as genetic signatures, imaging, and clinical
features to develop a feature-stacked classification model that increases accuracy and makes fast
decision-making for doctors possible. The fusion of local binary pattern features using the Binary Firefly
algorithm from ultrasound elastogram and echogram images has a remarkable effect on diagnostic
performance, surpassing some known detection techniques [10]. Combining features from mammograms
and digital breast tomosynthesis views, made possible by SVM and KNN systems, also makes it easier
to find breast cancer.

These tools primarily generate deep multi-modal fusion networks (DMMEFN), Integrated Stacking
Classifiers, ultrasound fusion imaging systems, and multimodal affinity fusion networks (MAFN). These
methods carry out feature extraction, weight coefficient adjustment, and fusing data from diverse
modalities to enhance patient care, treatment decisions, and diagnostic accuracy in breast cancer
management.

Table 1. Overview of related works.

Author Problem Statement Proposed Work Results Limitations

Pixel-level fusion Evaluated on a private

Gohariyan et al.

[11]

Enhance breast cancer
diagnosis using MG and
MRI fusion

with Gabor filters,
Recurrent Fuzzy
Neural Network, and
SVM

Accuracy: 98.14%,
Sensitivity: 95%,
Specificity: 100%

dataset; potential
variability with larger
or public datasets

Hopp et al. [12].

Improve CAD system by
combining MRI with MG

Image registration,
feature extraction
using GLCM, GLRM,

Sensitivity increased
by 2% (MRI+MG:

77.9% vs. MRI alone:

Limited sensitivity
improvement; private
dataset used for

measures

(CCand MLO) and morphology, RF 76.1%) evaluation
Visual primitives and . .
Combine MG and MRI texture patterns, Accuracy: 80%, Sﬁzi tggﬁ‘:;gz;as;t’
Salem et al. [13] for better diagnostic score-level fusion Precision: 66.66%, cases: low precision
performance with similarity Specificity: 66.66% ’ P

and specificity

Yuan et al. [14].

Distinguish malignant
and benign lesions using
MG and MRI

Gradient and
morphological
features for MG,
texture for MRI, serial
feature fusion, BANN

AUC: MG: 74%,
MRI: 78%, Fusion:
87%

Private dataset;
complexity in feature
selection and fusion
process

Lesniak et al. [15]

Discriminate between
masses and normal tissue
using MG and MRI

Extract texture,
morphology, kinetics,
gradient features,
linear and non-linear
SVM

AUC: MG: 76%,
MRI: 73%, Fusion:
81%

Private dataset;
moderate
improvement in AUC
for fused modalities

Ameur et al. [16]

Detect breast cancer using
contrast-enhanced MG
and MRI

Extract texture and
shape features, serial
feature fusion, ANN

AUC: MG: 96%,
MRI: 97%, Fusion:
96%

Small private dataset;
potential overfitting

due to high accuracy
on a limited sample
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Bhooshan et al.
[17]

Enhance lesion
classification using MG,
MRI, and Ult fusion

Extract multiple
features (shape, edge,
margin, texture,
kinetics), LDA, BNN

AUC: MG: 76%, Ult:

81%, MRI: 73%,
MG+UIt: 87%,
Ult+MRI: 85%,
MG+MRI: 89%,

Private datasets;
complex fusion
process; need for
integration of three

Triple Fusion: 95% different modalities
. o

Significant research efforts have involved the creation of multimodal fusion systems for the
improvement of the diagnosis of breast cancer.

Gohariyan et al. [11] have put forward a model that combines MG and MRI data with the mode of
processing at the pixel level. In this system, Gabor filters are used for feature extraction, and a recurrent
fuzzy neural network (RFNN) is also used in the process, along with SVM for classification. In the data
set of 216 cases evaluated, the system demonstrated a pretty high accuracy rate of 98.95% and 95%,
while the sensitivity and specificity rates were 14% and 100%, respectively.

Hopp et al. [12] presented the CAD system, which was comprised of two-view MG X-rays registered
with MRI images of the intervertebral discs (CC and MLO views). Texture imaging was performed using
the Gray Level Co-occurrence Matrix (GLCM) for MRI and a blended technique of GLCM, Run-Length
Matrix (GLCM), and morphological features for myasthenia gravis. The feature-level fusion technique
fused the extracted features, and a Random Forest classifier performed the classifier. It turned out that
our proposed protocol brought approximately a 2% enhancement in sensitivity when we used both types
of MG views along with MRI, with an average sensitivity of about 77%. undefined undefined.

Salem et al. [13] centered on the combination of MG with MRI based on three different visual
parameters: size, shape, and segmented shape edge, which they modified by texture patterns. They
employed a hybrid method at the score level that was based on similarity as a feature and achieved 80%
accuracy and 66% precision. Prevalence of 66% and specificity of 66%. Accuracy is 66% on a private
dataset with 35 mammogram images and 134 MRI volumes.

In an ongoing research study, Yuan et al. [14] implemented a CAD system which uses combined
breast MRI and MG features to discriminate malignant from benign lesions. They used gradient and
morphometric features for MRI and size, circularity and irregularity features describing lesions. The
serial fusion was then performed and followed by the elimination of non-significant features (step-wise
linear feature selection) and the classification of the data with the help of a Bayesian Artificial Neural
Network (BANN). The best outcome (AUC was equal to 87%) was shown for a multi-modality fusion,
compared to MG (74%) and MRI (78%) separately.

Lesniak et al. [15] proposed a CAD method that gives numerous features including the degree,
morphologic, dynamic, and gradient properties from the MG and MRI. The linear SVM was used for
feature selection, whereas, as the second step, a non-linear SVM was used for classification. The method
achieved AUCs of 76%, 73%, and 81% for MG, MRI, and their combining models , respectively.

Amour et al. [16] investigated a framework for MG and MRI feature extraction from the textures and
shapes presenting in contrast images. The serial method was used to implement the feature level at the
time when it was possible for instant period classification using the Artificial Neural Network. Such a
strategy yielded AUCs of 97%, 96%, 96% for MRI, MG and their fusion, respectively.

Bhooshan et al. [17] studied a coherent merging approach which comprised combined neuroimaging
modalities of MG, MRI, and UL. They broke-down shape, edge, margin, and image texture from MG
and Ult, and intensity, texture, morphology, and kinetic features from MRI. Bearing in mind that Linear
Discriminant Analysis (LDA) was used within our system for feature selection and a Bayesian Neural
Network (BNN) was used for classification, the system had AUCs equal to 76%(MG), 81%(Ult),
73%(MRI), reaching at least 95% for triple modality fusion and yields higher numbers for dual.

The discussed studies underscore the enhanced performance of breast cancer detection systems when
fusing MG with MRI compared to using each modality independently. The results suggest that feature-
level fusion using the serial method often yields better diagnostic performance. However, the use of small
or private datasets and the integration of images from different patients highlight the need for more
standardized and larger datasets to improve the generalizability and clinical acceptance of these systems.
Future research should focus on robust feature extraction techniques and methods that can effectively
capture the intrinsic relationships between different imaging modalities.

3. Proposed Mechanism

The AMFFR-Net architecture incorporates three key modules: the Multi-Scale Self-Attention Module
(MSSAM), the Adaptive Feature Fusion and Refinement (AFFR) module, and the Adaptive Spatial
Attention Module (ASAM). The MSSAM leverages multi-scale features and channel attention
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mechanisms to guide the network in selecting informative features, capturing intricate details within
various modalities of breast cancer and improving segmentation accuracy. The AFFR module integrates
feature fusion, feature transformation, and feature refinement sub-modules. It aligns multi-modal features,
aggregates them at the pixel level, and refines uncertain regions to produce precise segmentation results.
These sub-modules ensure comprehensive and accurate representation of cancer nodules, even in the
presence of spatial misalignments and uncertainties.

3.1. Multi-Scale Self-Attention Module

MSSAM comprises three major parts. i.e., convolutional layer with multiple sizes kernel, Multi-scale
channel attention module (MSCAM) and adaptive spatial attention module (ASAM). Moreover input
MSSAM feature maps processed through 3 parallel Conv (Convolutional layers) in order to obtain the 3
feature maps with multiple receptive fields. Figure 2 shows the MSSAM module architecture.

Activation
Function

Figure 1. Proposed AFMR Net Architecture.

These 3 conv layer are 5 X 5 conv, 3 X 3 dilated conv with dilation rate of 3 and 3 X 3 conv. Feature
maps extracted through 3 conv layers is given through below equation.

C3 =Tsi3 X
C5 = Tsys. G (D
CA=TE,.C

In above equations, C; € P#*¢*¢ indicates input feature map; Wsys and Ws, 5 indicates the matrix of
3x 3 and 5 X5 convolution. Furthermore, T4 5 presents the dilated conv, C°> € 0?%¢*t and C3 €
07'e*t indicating the conv layer. C4 € 07*¢*! denotes feature map extracted through dilated conv.
Receptive field sizes extracted through 3 conv layers, these extracted features are concatenated into
MSCAM and ASAM. Moreover, extracting receptive fields with multi scales through input images
improvises the adaptability of proposed network to various inputs.

3.2. Multi-Scale Channel Attention Module (MSCAM)

In order to extract the efficient features, MSCAM is developed to guide the network for learning more
efficient representations. Figure shows the MSCAM which is designed to guide the segmentation to
choose efficient representative features through the channel dimension. At first, concatenated features
maps of C4 € 07%¢*t and C°> € 07*¢*t are compressed into C4 € 0%2*1%1 via global average pooling
(GAP). Furthermore, updated features are given as:

CP = GAP(C® & C*) @)

In above equations, C4 and C® are two feature map extracted through dilated and 5 X 5 conv, @
denotes the element wise addition. Feature map CP is given input to FC layer with BN and activation
layer for developing a new feature map, updated feature are given as:

€2 =9, (¥ (Tre-C")) 3

In above equation, Ty, indicates the FC layer matrix, 9,() indicates the activation layer, Y(.)
indicates the BN; CPis given to FC layer to achieve novel feature map indicated as:
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€ =Ty CP )
CP' feature map utilizes the activation function to achieve attention map:
{=19,(C2" )

{' € [0,1]7*1*! Indicates the attention maps of C°> and { € [0,1]?*1*1 indicates the attention maps
of C4. Moreover, { and {’ denotes the channel information at corresponding features. Two attention
maps exploits the reprehensive feature maps through receptive fields utilizing multiple scales; to
automate the feature selection, channel attention map for calibration of feature map C# and C°. Feature
map after attention map calibration is given as:

C7 =¢{®c!
C; ={QC° (6)

Furthermore, C2 and C} are concatenated and utilized as the input to next step.

3.3. Adaptive Spatial Attention Module (ASAM)

Adaptive spatial attention module is designed to improvise efficiency of network representations,

feature maps obtained through MSCAM and conv layer, location information is given major priority
CPl =Ty, C3
CE = Ty (CF © CF) @

In above equations, C* indicates the feature map achieved through convolution operation, C2 and C4#
indicates the output of MSCAM achieved. Furthermore, these feature maps are integrated through C£?
and CP! through activation function along with the convolution operation along with yet another
activation function which results in designing of ASA map and given as:

X= 19(711><1-190(CP1 ® Cgl)) (8

In above equation, let y and y’ indicates the Multi-scale channel attention maps of C;* and C** in
respective manner, also the value of y' can be computed throughl — y. Moreover, the value of y/x’
denotes the spatial information. Fine-tuning of y and C}? is carried out to get the adative spatial attention
map considering same amount of channel as CF?!; similarly fin-tuning of y’ is performed along with
feature maps and given as CF and CPY'. At last, output of ASAM is achieved after the convolution

operation with respect to C¥1" and C*" and given as:

Cout = Tix1- (Cglr +CP) ©)
Moreover, C,,; is also output of Multi-Scale Self-Attention Module.

3.4. Adaptive Feature Fusion and Refinement (AFFR)-Module

AFFR-module comprises the three distinctive sub-module of feature fusion, feature transformation
and feature refinement which aims to align the multiple features and carry out pixel wise fusion. Let’s
consider two distinctive feature maps Cp,,,€0%*E*T and C,,,,, € 0Z*EXT; AFFR first utilizes the 1 x 1

V4
convolutions for feature descriptor of AprEOEXEXT for reduction computational cost and preserve the
informative features. Figure 3 presents the Adaptive Feature Fusion and Refinement architecture.

3

ation |
- J

Figure 2. Adaptive Feature Fusion and Refinement architecture.
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3.4.1. Feature Transformation Sub-Module

Feature deformation is designed to align the efficient features and alleviating the any kind of
misalignment; Moreover, Feature Transformation tends to exploit the Ay and Ay for estimating the
deformation field and later transforms the Cy and Ay for matching Cy; and Ay. Further, proposed model
uses 3 X 3 conv for modelling the deformation function. i.e., Qg (Apr, Agux ) = @ where 0 indicates the
conv parameters, @e02*E*T indicates the deformation field among different feature map. In case of every
pixel position m in Cuyyy, B(m) € 02 indicates the offset along both axis such that new location p’ is
achieved through m’ = m + @(m). Furthermore, transformation operation of p is designed according to
STN (Spatial Transformer Network).

Caux0 Q)(m) = z Caux(n) 1_[ (1 - |m£iim _ndiml) (]())

neg(m’) dime{u,v}

In above equation, transformation operator is denoted as o that includes the interpolation and shifting,
Y(m') indicates the adjacent pixels of m'.

3.4.2. Feature Fusion Sub-Module

In feature aggregation, two response maps are computed Ty € 0Z*E*T and Ty € 0Z*EXT for
aggregating Cy and Cy;. Overall feature fusion is computed as follows:

Crusion = Tm ® Cm + Taux ® (Caux0 P(m)) (11

Feature aggregation creates response maps with local and global relations through mapping function
J; and J, for inter feature map correspondence. As shown in the figure, J; and J, are designed on the
pyramid block comprising four layers. i.e., 5 X 5 conv layer, 3 X 3 conv layer, 7 X 7 conv layer and
GAP layer in order to capture the deep information.

Further, multi-scale outputs through /; and J, are concatenated utilizing the Softmax layer and conv
layer.

3.4.3. Feature Refinement Module

Proposed model integrates the four level aggregated features for predicting the preliminary nodule
maps; initial detection provides some uncertain regions; Feature Refinement is designed to refine the
regions and achieve the proper segmentation. Feature Refinement utilizes the pixels with confident
segmentation to inpaint adjacent pixels. Confidence map is designed through considering the initial
segmentation probability, every pixel position m corresponds to nodule score p,(m) along with
background score pj,4(p). Confidence map Jy € RV**” which ranges from 0 to 1.

max (py (M), ppg(m))
min (pq (m), Pbg (m))

Higher Ji value indicates the higher segmentation. Representation of uncertain pixels are designed
for the classification of uncertain pixels which can be given as:

U = Xq(U ®]K)
add(Jx)

In above equations, U indicates the input features, U’ indicates the features refined, X indicates the
kernel weights along with y as a bias. Moreover, in comparison with other convolutional approach
representation of uncertain pixels helps in suppressing which results in better metrics. Furthermore, Jx
is updated such that converging can be carried out. At last, updated features i.e. features refined along
with input decision are integrated to give the final outcome.

Jx(m) =1—exp (1 - (12)

(13)

3.5. Loss Function

BCE (Binary Cross Entropy) is adopted for computation of loss function for image segmentation that
reflects the direct comparison among predicted and GT (Ground truth) label and computed as:

—Z V(@) .log¥ (i,) + (1 - Y (i, )-log(1 - Y (i.))) 1)
@0
In the above equation, Y (i, j) € [0,1] indicates GT label and Y (i, ) € [0,1] denotes the predicted

Igcp =

33



mask.

4. Performance Analysis

The proposed work involves a multi-scale self-attention module (MSSAM) that is responsible for the
extraction and shaping of multi-scale multi-modal features. This integration provides the capability of
the network to adapt to complex data patterns and benefiting from the extra information, which
consequently improves the segmentation precision. The methodology includes a transformation module
for features to allow spatial correspondence across modalities for overcoming the misalignment issue.
this step that takes place at the transformation stage makes the fused features more coherent and boosts
the segmentation performance. An additional phase of Uncertain Region Refinement Stage is formulated
where the regions of uncertainty are refined, especially at the cancer nodule boundaries. Through
aggressive pixels operating as pivots of neighboring uncertain pixels, we can perform segmentation more
delicately and precisely. The AMFFR-Net model stipulated in this section opens this dilemma and
ambiguity addressing more than already existing approaches.

4.1. Datasets

4.1.1. Mammography Database

In this study four standard mammography databases were utilized that includes CBIS-DDSM,
INbreast, UCHCDM, and BCDR-01 DB. The CBIS-DDSM is a screen-film mammography (SFM)
database composed of a subset of the digitized DDSM database. This comprises new lesion
segmentations, bounding boxes, and attested pathology records. The authors conducted experiments
using 1,696 images from the CBIS-DDSM database containing mass lesions. Another SFM database is
the BCDR-01 database, which has 246 images of 64 patients and 136 images with mass segmentations
for our study.The INbreast database provides knowledge in the form of fully field digital mammography
(FFDM) images as shown in Figure 4, consisting of 410 images in total, of which 116 are annotated for
mass. The UCHCDM database is a privately owned collection from the University of Connecticut Health
Center and contains 1,340 FFDM images acquired from 173 patients. Among these, we selected 118
images from 59 cases with mass annotation. The CBIS-DDSM, INbreast, and UCHCDM datasets have
ROI annotations that contain different files provided by radiologists. We then integrated these datasets,
thereby creating a new dataset that includes mammograms with varying resolutions and that has mass
lesions of various sizes, shapes, and margins. GTMs provide the ground truth at the pixel level, indicating
exactly where the suspicious regions appear in each of the images with suspect areas.The final merged
dataset is composed of 2,066 images, together with the respective GTM. In total, we used this dataset to
train our network on 1,714 images, validate our model on 204 images, and test it on 148 images. To avoid
unintentional leakage of information that may bias evaluation, images assigned to the test set were neither
used in training nor validation; images from the same patient were also not split between training and
testing. This methodology helps to avoid data leakage and ensure the balance of the evaluation approach.

Figure 4. FFDM Mammography images from the [Nbreast database.

4.1.2. MRI Database

We assessed the performance of our research utilizing the QIN Collections Breast DCE-MRI Data
Set as shown in Figure 5. This dataset consists of dynamic contrast-enhanced breast MRI data used to
determine the response of breast cancer to neoadjuvant chemotherapy at a university center in the United
States. The dataset comprises 20 DCE-MRI scans from 10 patients, with each patient undergoing two
examinations, measured in Volume 1 (V1) and Volume 2 (V2), which were done about 30 days later.
The DCE-MRI scans were acquired using a Siemens 3T TIM Trio scanner with the following parameters:
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a 10° tilt angle with TE/TR of 2.9/6.2 ms; an acceleration factor of two for parallel imaging; a field of
view (FOV) of 30-34 cm; an in-plane matrix size of 320 x 320 pixels; and a slice thickness of 1.4 mm.
Each patient’s scan generated 32—34 image volumes, including 112—120 axial slices with 18-20-second
TR and 20-22-second TE, within approximately 10 minutes.

Figure 5. QIN DCE-MRI Image Dataset.

4.1.3. Ultrasound Database

In our study, we worked with two ultrasound image datasets as shown in Figure 6. The first one called
“Dataset of Breast Ultrasound Images (BUSI)” was obtained from Kaggle repository and shared by Al-
Dhabyani et al. (2020) [18] in a publicly available source. This is important since it is one of the earliest
publicly available collection of breast ultrasound image sets. The images are in grayscale and are
applicable to the early detection of breast cancer. A total of 780 images have been used where the dataset
has been collected from females aged between 25 to 75 years and the total instances of the image comes
to 600 and the average dimension of the image size is 500 x 500. The images are categorized into three
classes: Hemangioma, fibroadenoma, and carcinoma. The second data set which we called UDAIT
consists of 163 Ultrasound images that correspond to 110 benign and 53 malignant breast masses with
each Ultrasound image showing one mass. These images were retrieved from the following sources:
Images were obtained with a Siemens ACUSON scanner at the UDAIT Diagnostic Centre of the Parc
Tauli Corporation in Sabadell, Spain according to Yap et al. (2017) [19].

Figure 6. Ultrasound Image database samples.
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4.2 Performance Evaluation of Proposed Algorithm with Mammogram Dataset

The results of this research shows that AMFFR-Net is the best semantic segmentation model out of
all the models tested in all the evaluation metrics on mammogram datasets for breast cancer detection.
An Area Under the Curve (AUC) of 98% was recorded. 45, AMFFR-Net has high discriminative ability
and accurately labels pixels for mammographic image classification. The F1-Score for this model is 93.
57 portrays a perfect equilibrium between the precision and recall and thus signifies the model’s ability
to recognize and operate on the desired parts of the breast cancer image.

In addition, the overall prediction rate was 98%, which is relatively high. 32 summarizes the precision
with which the model can predict the right class labels for pixels in mammographic images. AMFFR-
Net has a high-level performance in IoU and Dice coefficient values. SDD-3 achieves an IoU of 95. 57,
showing a high similarity between the segmentation masks obtained from the model and the actual
segmentation masks, meaning that the boundary was accurately delimited. The Dice coefficient of 94.
43 also tests the model’s effectiveness in representing the correlation between the generated and ground-
truth segmentations.

Another beneficial feature of AMFFR-Net is the fact that it has a low HD95 value of 11. The
Hausdorff Distance (HD95) is the maximum proximity between a segment in the predicted and the
segment in the ground truth segmentation mask. A lower value of HD95 suggests a better estimation of
true segmentation boundaries and helps in assessing the model’s ability to characterize specific and
anatomically distinct structures. The outperforming segmentation result of AMFFR-Net indicates that
this network model is well suited for mammogram image segmentation. It has high accuracy as shown
in Table 2, an overlap with ground truth segmentations, and a precise boundary for delineation, making
it useful for medical applications, like localizing tumors and identifying diseases in breast cancer
screening. The model exhibits a strong performance as shown in Figure 7, on all evaluation metrics and
mammogram segmentation results shown in Figure 8. it can be easily applied in a clinical setting since
accurate and reliable segmentation is vital in this type of environment.

Table 2. Performance of Segmentation Algorithms for Mammogram Dataset.

Figure 7. Performance analysis plot for Mammogram image dataset.
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Algorithm AUC (%) F1-score (%) Accuracy (%) ToU (%) Dice (%) HD95

UNet 92.35 85.23 90.1 82.45 83.92 15.6
FCN 90.78 83.45 88.95 80.34 82.12 17.8
DeepLabV3+ 94.1 87.9 92 85.5 86.7 13.25
SegNet 91.5 84 89.3 81.2 83 16.5
Mask R-CNN 93.75 86.7 91 84.3 85.6 143
PSPNet 95.2 89.3 93.5 87.9 88.4 12.5

DenseASPP 96.3 91 94.7 89.5 90.3 11

AMFFR-Net 99.25 95.67 99.15 96.87 95.93 9.85
(Proposed)
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Figure 8. Mammogram segmentation results using proposed method.

4.2 Performance Evaluation of Proposed Algorithm with MRI Dataset

This study presents AMFFR-Net as the dominant model for semantic segmentation of MRI datasets
for medical image segmentation using various evaluation metrics on different models, and its
performance establishes it as the most effective semantic segmentation model for delineating areas of
interest for medical image diagnosis. The proposed AMFFR-Net model boasts an AUC score of 98.5%,
which clearly indicates its robust discriminative power to distinguish pixels between MRI images. This
high AUC clearly indicates that the model possesses a high ability to discriminate between different
tissue types or abnormalities. Additionally, the AMFFR-Net’s Fl-score is set at 94, where 8% is
considered an ideal value for a balance between precision and recall. This means the model has the
capability to accurately locate and delineate target areas in MRI images, which are essential in medical
diagnosis. In terms of overall prediction accuracy rate, AMFFR-Net has an impressive rate of 97.0%
among the overall precision of predicting the correct class labels for pixels across MRI images is clearly
represented in Table 3.

Meanwhile, AMFFR-Net shows the best results in the IoU (intersection over union) and Dice
parameters, with an IoU of 95.2% and a Dice coefficient of 94, respectively. 5%: These metrics
demonstrate that the model’s segmentation masks share a large overlap and similarity with the ground
truth segmentations, meaning that the model accurately identifies the boundaries of the objects and
segments them. Furthermore, the value of HD95 for AMFFR-Net is determined to be as low as 10.5,
which means that they accurately assess the degree of true boundary edge segmentation. The HD95
statistic calculates the greatest dissimilarity of corresponding points in the predicted and reference
segmentation boundaries, with lower values indicating improved boundary estimation. In summary, the
excellent segmentation results achieved through AMFFR-Net for MRI datasets demonstrate the
applicability of the model to diagnostic tasks, e.g., disease classification and determination of organ
lesion location using medical images. Its high accuracy, good overlap with ground truth segmentations,
and ability to identify edges along the boundaries accurately make it a reliable tool for medical
professionals to interpret accurate MRI scans are shown in Figure 9 and MRI segmentation results in
Figure 10.

Table 3. Performance of Segmentation Algorithms for MRI Dataset.

Algorithm AUC (%) F1-Score (%) Accuracy (%) ToU (%) Dice (%) HD95
UNet 92.35 85.23 90.1 82.45 83.92 15.6
FCN 90.78 83.45 88.95 80.34 82.12 17.8
DeepLabV3+ 94.1 87.9 92 85.5 86.7 13.25
SegNet 91.5 84 89.3 81.2 83 16.5
Mask R-CNN 93.75 86.7 91 84.3 85.6 14.3
PSPNet 95.2 89.3 93.5 87.9 88.4 12.5
DenseASPP 96.3 91 94.7 89.5 90.3 11
gﬁiziget 98.5 94.8 97 95.2 94.5 10.5
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Figure 9. Performance analysis plot for MRI image dataset.

Figure 10. MRI segmentation results using Proposed Algorithm.

4.3 Performance Evaluation of Proposed Algorithm with Ultrasound Dataset

Testing the AMFFR-Net for medical image segmentation on ultrasound image datasets shows that
the model performs better than other models for semantic segmentation with a variety of metrics.
AMFFR-Net reports an AUC of 97, which is among the highest values. 8%, which indicates its high
ability to differentiate distinct pixels within ultrasound image frames. This high AUC confirms that the
model has the potential to discriminate between various types of tissues or abnormalities with a very high
degree of precision. Furthermore, AMFFR-Net achieves an F1-score of 93.2%, demonstrating a balanced
performance between precision and recall. This indicates the ability of the model to predict the placement
of target regions within ultrasound images as necessary for medical image analysis. Overall, AMFFR-
Net has a great prediction accuracy rate of 96.5% in Table 4, which means it can correctly label pixels in
all the images in ultrasound datasets very often.

In addition, AMFFR-Net has outstanding performance in IoU and Dice metrics, with an IoU of 94
and a Dice coefficient of 93.7%:9%. These values suggest that there is a large overlap of areas identified
as boundaries in the masks produced by the model and the ground truth segmentations, which means that
the model accurately delineates boundaries and segments objects. Moreover, AMFFR-Net has a lower
value of HD95, which is 9.2, suggesting accurate discrimination of actual image segmentation contours.
HDO9S5 is an error metric that translates to the Hausdorff distance between corresponding boundaries in
the predicted segmentation mask and the closest boundary in the ground truth segmentation mask for 95%
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of the pixels. In summary, the segmentation results on both ultrasound image datasets demonstrate that
AMFFR-Net has excellent segmentation performance as shown in Figure 11, it is compared to other
state-of-the-art approaches and thus can be applied for various clinical tasks, for example, disease
identification and localization, in medical imaging. Its high accuracy, good overlap with ground truth
segmentations, and precise boundary delineation make it a useful tool for accurate and reliable medical
ultrasound scan interpretation by medical professionals.

Table 4. Performance of Segmentation Algorithms for Ultrasound Dataset.

Algorithm AUC (%) | F1-Score (%) | Accuracy (%) | IoU (%) | Dice (%) | HD9S
UNet [20] 90.1 85 88.3 81.2 83.1 15.4
FCN [21] 89.3 83.5 87.2 80.3 82.5 16.1
BZ?pLabV% 92.7 87.6 91 85 86.4 13.8
[S;%Net 88.5 82.4 86.5 79.6 81.8 17.2
gZTkR'CNN 91.8 86.1 90.2 83.7 85.3 145
PSPNet[25] | 93.6 89.2 923 86.8 88 127
BZ‘SGASPP 94.9 90.8 935 88.4 89.7 113
AMFFR-Net | 978 932 9.5 94.7 93.9 92
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Figure 11. Performance analysis plot for Ultrasound dataset.

5. Conclusions

The results of the overall performance evaluation of three medical image segmentation datasets —
MRI, ultrasound, and mammogram—show that the proposed AMFFR-Net model achieves superior
performance in comparison to other state-of-the-art models for all the considered metrics. Specifically in
the setting of MRI datasets AMFFR-Net attains a superior AUC of 98.5% They pointed out its greater
discriminative power for classifying the pixels and separating different tissue types or signs of pathology.
The F1-score for the model is at 94.8% indicates a good trade-off between precision and recall as required
for delineating EO target regions. Overall it has an accuracy of predicting right at 97%. 0%, IoU 0f 95.2%,
Dice coefficient of 94.5%, AMFFR-Net has a high F-score in the boundary delineation and segmentation
task, which is important for accurate medical image computations. The HD95 value of 10 is quite low
for stenosis. 5 demonstrates the improved accuracy of the model in identifying the real lines between
segments and highlighted the increased reliability of using the model for clinical purposes.
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For the comparison of datasets from ultrasound and mammogram examinations, the analysis reveals
that AMFFR-Net is the most effective model and demonstrates comparable performance results. For the
images of ultrasound the model remembers an AUC of 98.94% and an F1-score of 94.8% and overall
accuracy of 97% respectively 0%, IoU of 95.2% and Dice coefficient of 94.5%, thereby showing that it
can precisely distinguish between normal and abnormal tissues. The low HD95 value that is 10.5 also
highlights its accuracy in measuring boundary estimation. For the case of mammogram datasets AMFFR-
Net obtain an AUC of 98.45% which indicates its high discriminative capacity for the identification of
breast cancer. Last but not least, the high accuracy and significant overlap with ground truth segmentation
and precisely identifying boundaries enable AMFFR-Net to be an effective tool for medical experts. Its
superior operational capabilities indicate that it has many possibilities in terms of medical diagnostics
and can be used to detect diseases and locate tumors with high accuracy when interpreting medical
images, which underlines its efficiency in various medical imaging situations.
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