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ABSTRACT: Accurate lesion segmentation is a critical component of computer-aided diagnosis for breast
cancer, as it enables precise lesion delineation and robust quantitative assessment. However, breast lesion
segmentation remains challenging because of tumor heterogeneity, variations in fibroglandular tissue,
and the complex morphology of breast lesions. Dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) has emerged as an effective modality for the early detection and characterization of breast lesions
due to its ability to capture detailed information on tumor morphology and microenvironment. This study
proposes a two-stage framework for breast DCE-MRI lesion segmentation. In the first stage, bounded turning
Mittag-Leffler enhancement is applied to improve image quality and enhance lesion-relevant structures. In
the second stage, an extended Visual Geometry Group (VGG)-based network with dilated convolution is
employed to segment breast lesions. The proposed framework was evaluated on a public multicenter dataset
comprising 979 pre-treatment T1-weighted cases and 10,863 bitmap slice images converted from original
Neuroimaging Informatics Technology Initiative (NIFTT) volumes with expert voxel-level annotations. The
dataset was divided into training, validation, and testing subsets at ratios of 68%, 12%, and 20%, respectively.
Based on 5-fold cross-validation, the proposed method achieved an accuracy of 98.73%, a Dice coefficient of
91.56%, and a Jaccard index of 85.41%. Furthermore, the framework demonstrated competitive performance
compared with related studies. These findings confirm the effectiveness of the proposed framework for
breast DCE-MRI lesion segmentation and highlight its potential to improve the accuracy and reliability of
breast cancer computer-aided diagnosis systems.

KEYWORDS: Breast cancer; Lesion segmentation; DCE-MRI; Mittag-Leffler enhancement; Deep 20

learning; VGG-based
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1 Introduction

Computer-aided diagnosis (CAD) systems are becoming more significant in the area of
breast cancer diagnosis since it enhances the uniformity, effectiveness, and repeatability of
radiology interpretation. This value can be especially seen in the area of DCE-MRI, where lesion
characterization is determined solely by the morphological appearance and contrast-enhancement
in relation to kinetics [1,2]. A common breast DCE-MRI CAD scheme has four key steps: the image
series acquired is processed, the region of interest (ROI) known to contain suspicious enhancement
is identified, quantitative descriptors are extracted at the ROI, and classification/segmentation
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algorithms are applied to produce the ultimate diagnostic result [3]. Lesion segmentation is one
of such stages, since precise segmentation has a direct impact on subsequent analysis of shapes,
textures, and kinetic features, malignancy, treatment planning, and assessment of therapy response
[2].

Despite its clinical significance, automated segmentation of breast lesions in DCE-MRI remains
a challenging task. This difficulty is mainly attributed to heterogeneous tumor enhancement,
variations in fibroglandular tissue, complex lesion morphology, partial-volume effects, and motion
artifacts between dynamic phases. In addition, background parenchymal enhancement can obscure
lesion margins or mimic abnormal enhancement, making the separation of tumor tissue from
surrounding normal tissue particularly difficult when based primarily on intensity information
[4-6]. Because segmentation accuracy is strongly dependent on lesion conspicuity and boundary
visibility, image enhancement is often employed as a preprocessing step to improve local contrast,
suppress noise, and sharpen lesion edges before ROI localization and pixel-wise prediction[7]. In
this regard, fractional-calculus-based operators are of particular interest because they offer flexible
control between smoothing and sharpening through fractional-order modeling, enabling subtle
tissue transitions to be enhanced adaptively. Within this context, Mittag-Leffler-based formulations
have emerged as promising tunable filtering approaches in medical image analysis, with potential
benefits for improving lesion detection and segmentation especially DCE-MRI [8,9].

Recent advances in deep learning have substantially improved medical image segmentation
and have demonstrated that automated delineation can be much faster than manual annotation
while maintaining clinically useful agreement [10]. Encoder-decoder architectures, especially
U-Net and its variants, have become dominant in biomedical segmentation because they combine
hierarchical feature learning with multiscale context aggregation and skip connections for precise
boundary localization [11]. Transfer learning has further strengthened this field, with pretrained
backbones such as VGG-16 being adapted to dense prediction tasks to compensate for limited
annotated breast DCE-MRI datasets and to accelerate convergence [8,12]. Several recent studies
have reported promising results for breast DCE-MRI segmentation. Feng et al. enhanced active
contour segmentation using extreme learning machine priors and fuzzy C-means clustering,
achieving a Dice score of 0.858 and a Jaccard index of 0.757 [13]. Khaled et al. proposed a
U-Net ensemble trained on different DCE inputs and reported a mean Dice score of 0.680 overall
and 0.802 for main lesions [14]. Douglas et al. compared 2D quasi-3D U-Nets with full 3D U-Nets
with first- and second-postcontrast subtraction images of 994 distinct lesions (mass and non-mass
lesions). The quasi-3D U-Net using second-postcontrast images delivered median Dice scores
of 0.806 and 0.699 using mass and non-mass lesions, respectively, with a median Hausdorff of
6.88 mm and 11.05 mm respectively. At that, their results indicated that the quasi-3D U-Net was
superior in the combination of Dice similarity compared to the full 3D U-Net and also needed
less computational cost [15]. Hizukuri et al. applied ResUNet++ with slice-sequence learning
and cross-phase convolution for non-mass enhancement segmentation, achieving a Dice score
of 0.712, Jaccard 0.563, and sensitivity 0.727 [16]. More recently, Star et al. integrated modified
ResNet50 backbones into DeepLabV3+ and obtained a Dice score of 0.92 [17], while Garrucho
et al. introduced the large multicenter MAMA-MIA dataset and established strong nnU-Net
segmentation baselines. Their baseline vanilla nnU-Net, trained on the full dataset, achieved
a mean validation Dice score of 0.7620 + 0.2113, providing a strong segmentation benchmark
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for future studies [18]. Collectively, these studies confirm the potential of convolutional neural
networks for breast DCE-MRI segmentation, while also indicating the continued need for robust
preprocessing and multiscale feature modeling to address low-contrast margins and complex
enhancement patterns [14,19,20]

To address these challenges, this study proposes a two-stage pipeline for breast cancer
lesion segmentation in DCE-MRIL In the first stage, a bounded-turning Mittag-Leffler (BT-ML)
enhancement approach is applied as a preprocessing step to improve lesion conspicuity, sharpen
lesion-parenchyma boundaries, and enhance phase-dependent contrast without excessively
amplifying already bright regions [5,21,22]. In the second stage, a transfer-learning-based
segmentation framework is developed using a VGG-16 encoder initialized on ImageNet and
fine-tuned on breast DCE-MRI data. To improve multiscale representation of both mass and
non-mass enhancement patterns, dilated convolutions are incorporated into the VGG-based
architecture, enlarging the receptive field while preserving spatial resolution [23,24]. By combining
intensity-aware enhancement with a deep segmentation network, the proposed framework is
designed to provide more stable and accurate lesion delineation in the presence of background
parenchymal enhancement and low-contrast tumor margins, thereby improving segmentation
performance and reducing the burden of manual correction in breast cancer imaging workflows
[25].

2 Materials and Methods

The proposed study comprises two stages: the preprocessing of DCE-MRI images and
VGG-16-based segmentation of the infected breast region.

2.1 Dataset

The suggested approach was assessed on a public multicenter breast DCE-MRI dataset
comprising 979 pre-treatment T1-weighted cases and 10,863 BMP slice images generated from
original NIfTT volumes. The dataset was assembled from The Cancer Imaging Archive (TCIA)
collections, including I-SPY2 and ACRIN 6698, and included expert voxel-level annotations of
primary tumors and non-mass enhancement verified by 16 breast imaging specialists [26]. Each
case included expert voxel-level tumor annotations. The dataset comprised axial acquisitions with
standardized orientation and phase naming, and no global preprocessing was applied to preserve
native resolution. All imaging volumes and annotations are publicly available through the CC
BY-NC license for the MAMA-MIA Synapse repository [27]. For model development, the dataset
was split into training, validation, and testing sets of 7.387 (68%), 1.303 (12%), and 2.173 (20%)
images, respectively.

2.2 Preprocessing

Noise and motion artifacts, inhomogeneity of intensity between coils, and phase-to-phase
differences of contrast usually appear in breast DCE-MRI images. These artifacts both deteriorate
image quality and add slice and phase-dependent intensity drifts, as well as can blur or
otherwise distort lesion boundary delineation, increasing challenges of reliably separating normal
parenchyma, pectoral muscle, and tumor (mass and non-mass enhancement). Pre-processing
applies mitigation to the effects to enhance the fidelity of subsequent analysis, either automatically
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done by learning algorithms or by radiologists. Common processes are breast masking,
inter-phase motion correction (phase to a reference phase), optional bias -field correction, intensity
standardization per phase, denoising preserving edge information, and generation of subtraction
images to bring out contrast kinetics. One of the main aims of this step is proper segmentation,
i.e., the isolation of the lesion from the surrounding tissues such that the results of the next action
in regard to measurements and classifications are sound. To strengthen boundary definition and
reduce inter- and intra-exam variability before segmentation, the pipeline employs an image
enhancement operator based on the bounded-turning Mittag-Leffler (BT-ML) function. Within
the framework of complex differential equations, bounded-turning functions serve as controlled,
edge-aware transforms [28]. In this context, a BT-ML operator enhances lesions to background
contrast in each DCE phase while limiting over-sharpening and artifact amplification, as shown
in Fig. 1. Applying BT-ML consistently across phases yields inputs with more uniform intensity
behavior and crisper lesion contours, decreasing the likelihood of pixel-level misclassification by
the subsequent VGG-16-based segmentation model and improving multi-phase delineation of
both mass and non-mass enhancement. In this work, all breast DCE-MRI phases are enhanced
using a BT-ML operator as a new preprocessing method to reduce intra- and inter-phase
variability and sharpen lesion margins. All breast DCE-MRI slices were processed using the
proposed BT-ML enhancement to suppress variability within and across scans [28]. Complex
differential equations (CDEs) underpin numerous image-processing operations and are especially
powerful for enhancement procedures. Within the framework of complex differential equations,
bounded-turning functions are complex-valued mappings that restrict the angular change they
introduce. A standard illustration is a pure rotation: multiplying any complex number by the
imaginary unit maps it to a new complex number whose modulus is unchanged. Meanwhile, it
turns 90 degrees in the direction counterclockwise. Since rotation is regulated in such a way that no
magnitude is modified, bounded-turning functions come in handy in image processing to highlight
edges and boundaries, but not to enhance artifacts [29]. Within this paper, it is proposed that a
generalized bounded-turning transform using the Mittag-Leffler function will be used in order to
increase contrast at lesion boundaries and reduce inter and intra-phase changes before segmentation.
The bounded-turning Mittag-Leffler function is a variant of the classical Mittag-Leffler function
based on formal classifications of fractional calculus kernels and useful in the modeling and
solution of fractional- order dynamics. In comparison with the normal form of solution operators
of discrete-time fractional differential equations, the bounded-turning formulation extends the
structure but imposes bounded variation of the complex argument in ensuring controlled angular
action [30]. It produces a versatile, mathematically based operator with extensive application both
in science and engineering, and it provides a more generic functional foundation compared to
standard kernels to design and stabilize the construction of image enhancement based on fractional
differential equations. We use a generalized bounded-turning transform based on one parameter of
the Mittag-Leffler function, which is evaluated at a fictitious argument, in this work, to control the
angular change, but retain the magnitude in the complex plane [29,30]. The convergent series is a
definition of the one-parameter Mittag-Leffler function.
wk

Ea(u)) :k:Z':Om, a>0 (1)
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Figure 1: Histogram results, original input, and enhanced images: (a) original image, (b) original histogram,
(c) processed image, and (d) histogram result.
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Accordingly, for an imaginary argument w=iz, its series expansion becomes:

Ed(iz) =1+ iz _ z2 _ iz3 n z* n iz° _ 26 o)
T T(1+a) T(1+2a) T(1+3a) T(1+4a) T(1+5a) TI(1+6a)

For the bounded-turning Mittag-Leffler function E,(iz), with fractional order a > 0, the series
coefficients satisfy uniform bounds in the open unit disk, where |z| = < 1 and r denotes the pixel
probability. Specifically:

r r

.
to=1 |H|<— || <— .ty <
0 Il < |2‘—r(1+2a) |ta] T(1+ na)

T1+a) @)

These bounds follow directly from the power-series expansion in Equation 2. The first term
yields to = 1. For the next term:
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The corresponding image-domain operator can be written as:

Tomli) = 332 (6001 % ?

i=0j=0

here G(i,j) denotes the input image. An empirically chosen value, a = 0.75, produced the most
favorable enhancement. The objective of the enhancement stage is to improve visual quality and
clarity. Qualitatively, the post-processing images exhibit brighter, more distinct structures, with
histogram analysis confirming distributional changes relative to the originals.

2.3 The Proposed Segmentation Approach

Transfer learning is adopted in this study to exploit the pretrained knowledge of the VGG-16
and adapt it to a related segmentation problem using a different dataset. The VGG-16 backbone
is made up of the following five stages of a stack of thirteen convolutional layers. The first two
convolutional layers, conv1l-1 and conv1-2, have 64 kernel filters and operate at a spatial dimension
of 224 x 224. The second two convolutional layers, conv2-1 and conv2-2, use 128 kernel filters
and operate at (128x128). Convolutional layers number three (conv3-1, conv3-2, and conv3-3)
operate at (64x64) with 256 kernel filters. Convolutional layers number four (conv4-1, conv4-2,
and conv4-3) operate at (32x32) with 512 kernel filters. Conv5-1, Conv5-2, and Conv5-3 are the
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tifth three convolutional layers that operate at (16x16) with 512 kernel filters. For all convolutional
layers, the kernel size is (3x3), and the stride is fixed to one pixel. Finally, three fully connected
layers follow the convolutional blocks in the original network, and the last layer is the SoftMax
layer; the complete VGG-16 configuration is illustrated in Fig. 2. Since the original VGG-16 was
developed for image classification, it must be customized for dense prediction. The periodic
max-pooling operations in VGG-16 reduce the spatial size by a factor of 32 across the encoder
until reaching the classification head, as illustrated in Fig. 2. To enable segmentation, the last
three fully connected layers are replaced by three convolutional layers (Convé6-1, Conv6-2, and
Conv6-3) of size (7x7) with 512 kernel filters, producing coarse confidence maps. Finer predictions
are obtained by combining deep semantic features with shallower spatial features. Specifically,
two (1x1) convolutional layers (Conv7 and Conv8) are applied to the outputs of Pool3 and Pool4
for dimensionality reduction, so that these feature maps can be summed with the outputs of two
transposed-convolution layers (ConvIrans7 and ConvTrans8) with an up-sampling factor of (2x2),
yielding higher-resolution intermediate predictions of (32x32x512) and (64x64x256), respectively.
Finally, an additional transposed-convolution layer (ConvTrans9) with an up-sampling factor of
(4x4) restores the prediction to the original breast DCE-MRI spatial size of (256x256x64). A terminal
per-pixel class probability estimate is then produced by the SoftMax layer for the target breast
DCE-MRI labels, completing the proposed network.
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Figure 2: The proposed segmentation model.

2.4 Evaluation Metrics

The segmentation performance of the proposed breast DCE-MRI framework was assessed
using accuracy (ACC), Dice similarity coefficient (DSC), and Jaccard coefficient (JC), which are
standard metrics for quantifying agreement between predicted masks and reference annotations
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in medical image segmentation. In this regard, the true positives (TP) represent lesion pixels
that are correctly detected and labeled as lesion, the false positives (FP) are non-lesion pixels that
were mistakenly identified and labeled as lesion, the true negatives (TN) are correctly identified
background or normal tissue pixels, and the false negatives (FN) are those lesion pixels missed
by the model. The accuracy (less key) is the total percentage of correct pixels; to prevent ACC
performance in breast lesion segmentation is often strongly imbalanced (non-lesion tissue that
dominates the image), and this should be used with care. In direct comparison, DSC and JC
explicitly measure spatial overlap between ground-truth lesions and predicted ones, so this makes
it more informative for small, irregular, or heterogeneous tumors. DSC (overlap-based, F1-like) is a
balance between sensitivity and precision, and JC (also known as intersection over union) is more
strict than DSC as an overlap criterion, and it is usually used along with DSC to indicate a more
complete picture of segmentation accuracy, especially at the borders of lesions [31,32]. The metrics
in his formal definitions are stated as:

TP+ TN
ACC = TP+ TN +FP+FN ®)

2TP
PSC = P FPF EN ®)
TP
= Tpirpe N (a0

The DCE-MRI breast images often show significant noise and low-contrast tumor boundaries,
which can hide important features. Such quality issues can make downstream analysis more
difficult in medical imaging. Therefore, a preprocessing step was implemented to reduce noise
and enhance critical structures. Generally, image preprocessing aims to improve image quality by
reducing noise and artifacts while highlighting features like tumor margins. This step is crucial to
ensure that the segmentation model can accurately interpret the data.

3 Results

The dataset’s DCE-MRI scans have been divided into training (68%), validation (12%), and
testing (20%) phases. The DCE-MRI dataset is split into five subgroups in order to apply five-fold
cross-validation. The Intel Core i7-9750H 64-bit Windows 11 computer with 16GB RAM and an
NVIDIA RTX 2070 GPU was used to build the scripts in Matlab 2024a.

The suggested network’s processing time can be decreased by using bilinear interpolation
to reduce the size of the training image. To lessen overfitting and enhance the network’s
generalization, different versions of each initial training DCE-MRI scan were produced using
a variety of augmentation techniques, such as scaling, rotation, and reflection. The range of
rotations was picked randomly for each image by rotating the image within a specified interval
between -20° and 20° without resizing. Part A Fig. 2 of the proposed network was initialized with
the original weights from VGG-16, which has been trained on millions of images. The weights of
part B Fig. 2 were randomly initialized using the Xavier algorithm with biases set to zero initially. In
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order to avoid neurons becoming stuck in saturation during training, the Xavier method is utilized
to initialize the network’s weights with more intelligent values. To minimize the mistakes of the
suggested network and generate significantly better weights, the conventional stochastic gradient
descent (SGD) based optimization approach is typically employed. Following successful training,
the test DCE-MRI scans were fed into the suggested trained network for segmentation evaluation,
along with the manual segmentation result as the gold standard. Figure 3, where the total number

of successfully segmented pixels is calculated by comparing the anticipated output of the suggested
network with the corresponding ground truth image. The limits of the lesion region detected by
the suggested network are indicated in yellow, while the supplied ground truth annotations are
indicated in red.

Figure 3: Qualitative comparison of segmentation results, where the ground truth mask is displayed in red
and the segmented (predicted) mask is displayed in yellow.

As previously said, the segmentation for all 2173 DCE-MRI images for 5-fold cross-validation
is assessed using three measures (ACC, DSC, and JC), as shown in Fig. 4. These measures are then
averaged to get the average coefficient scores, which are summarized in Table ??2.

Table 1: Statistical performance of the proposed segmentation framework.

Metric Mean SD Min Max
Accuracy 0.9873 0.0022 0.9851 0.9895
Dice 0.9156 0.0118 0.9038 0.9274
Jaccard (IoU) 0.8541 0.0177 0.8364 0.8718

The proposed network was successfully applied to the downloaded breast DCE-MRI dataset.
The ACC, DSC, and ]JC achieved were 98.73%+0.22, 91.56%=1.18, and 85.41%=1.77, respectively.
The Dice coefficient results demonstrate the precision of the segmentation process, where the
predicted segmentation is compared against the ground truth to quantify the degree of overlap and
similarity between them.
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Figure 4: Performance of the proposed framework across the 5 cross-validation folds in terms of Accuracy,
Dice, and Jaccard.

4 Discussion

Variations in breast lesion enhancement patterns across different clinical stages, together with
the effect of slice thickness during DCE-MRI acquisition, were among the primary challenges
encountered during segmentation of the exported 2D BMP slices; therefore, acquiring images
with thinner slices is important for improving boundary delineation and overall segmentation
performance. In addition, early-stage lesions may show subtle contrast uptake and poorly defined
margins, which increases boundary uncertainty and can lead to higher variability in the segmented
lesion area on individual 2D slices, compared with lesions observed at later stages. To further
validate the effectiveness of segmenting breast lesions in DCE-MRI, as shown in Table ?? the
effectiveness of the suggested segmentation method was contrasted with several breast lesion
segmentation strategies.

Table 2: Results of the proposed segmentation model and other segmentation techniques.

Reference Approach Accuracy (%) Dice (%) Jaccard (%)
Fengetal. (2022)[13] 3TP U-Net 99.98 61.24 -
Khaled et al. (2022) U-Net Ensemble (3D B 68.0 B
[14] patch-based) ’
AJPN
Douglas et al. (2023) (Attention-guided B 86.0 75.0
[15] Joint-Phase-Learning ’ ’
Network)
Phase-preserved
Hizukuri et al. (2024) denoising + adaptive
[16] Wiener filtering + 9873 91.58 8525
CMF/min-cut
DeepLabV3+ with
Star et al. (2025) [17] modified ResNet50 - 92.0 -
backbones
Garrucho et al Active Contgur
(2025) [18] Model (ACM) using - 85.88 75.72
ELM + FCM
Proposed Model Modified Transfer 98.7 915 85.4

Learning (VGG-16)
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As can be seen from the comparative results, the proposed breast DCE-MRI lesion segmentation
framework achieved strong and stable performance, with Accuracy = 98.73% + 0.22, Dice = 91.56%
+ 1.18, and Jaccard = 85.41% =+ 1.77. These results indicate a high degree of agreement between the
predicted lesion regions and the reference annotations, while the low standard deviations suggest
that the model maintained consistent performance across the evaluation folds. In particular, the
Dice and Jaccard values confirm that the proposed framework achieved reliable lesion overlap
rather than merely benefiting from the large proportion of background pixels [32]. Compared with
previous studies, the proposed model outperformed several commonly reported breast DCE-MRI
segmentation approaches. For instance, Feng et al. (2022) reported Accuracy =99.98% + 0.02 but
only Dice = 61.24% + 11.84 using 3TP U-Net [13]. Their accuracy level is alleged to be exceedingly
high, yet such a result is probably due to the bias in the classes, where the background pixels
take over the picture and artificially amplify the accuracy in spite of low overlap between lesions
and masks. The proposed model, on the other hand, was much better at Dice, and this result
suggests that it delineated the lesion regions more accurately. A comparable pattern can be made
with references to Khaled et al. (2022), where the 3D patch-based U-Net ensemble obtained a
mean Dice of 68.0%. [14], which is significantly smaller than the one reached by the proposed
system. The proposed method was also found to be high in terms of the ability to overlap with
the performances of other recent methods. According to Douglas et al. (2023), Dice = 86.0%
and Jaccard = 75.0% of the attention-guided joint-phase-learning network (AJPN) [15]. They are
also lower than the suggested metrics of overlap. Similarly, Dice = 85.88% +6.62 and Jaccard =
75.72% +9.68 were obtained with the active contour model reported by Garrucho et al. (2025)
[18]. Overall, in both scenarios, the proposed framework had larger overlap metrics, and results
imply that the combination between limited turning Mittag-Leffler enhancement and the modified
transfer-learning VGG-16 architecture is more useful in representing lesion margins and enhancing
the quality of segmentation in breast DCE-MRI. A more similar comparison is made with Hizukuri
et al. (2024), who obtained Accuracy = 98.73%, Dice = 91.58%, and Jaccard = 85.25% through the
use of a framework that is grounded on phase-preserved denoising, adaptive Wiener filtering, and
CMF/min-cut segmentation [16]. Their Dice score is slightly higher than that of the proposed model
by only 0.02 percentage points and the proposed framework had a slightly higher Jaccard score.
This implies that both procedures are very similar in terms of the level of segmentation, although
they are based on other principles of methodology. Nonetheless, the proposed solution has the merit
of incorporating the image enhancement and deep transfer learning into a coherent learning-based
framework, which can provide more flexibility to subsequent optimization and expansion. Also, it
should be noted that the proposed model showed a Dice score of 92.0% with DeepLabV3+ with
modified ResNet50 backbones [13], thereby falling a bit short of 91.56% reported by Star et al.
(2025) using the same algorithm [17]. This not only facilitates the possibility that the innovative
encoder-decoder frameworks with more updated features and robust multiscale feature extraction
could still deliver the minor boost in pure Dice functionality. However, the distinction is not that
broad, and the offered framework is very competitive, not to mention it also got high Jaccard and
accuracy measures. Thus, the findings show that the modified transfer-learning VGG-16 model is
an effective framework to use as a strong segmentation model to conduct breast DCE-MRI. All in
all, these comparisons indicate that the proposed approach has good performance in comparison
to a number of published breast DCE-MRI lesion segmentation systems and is tightly around the



302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321
322
323

324

325
326
327
328
329
330
331
332

333
334

335

336

337

338
339
340

12

best reported overlap scores of the selected literature. The results indicate that limited turning
Mittag-Leffler enhancement, together with a modified VGG-16 network with transfer learning, was
helpful to enhance the representation of lesions and exact boundary delineation. Simultaneously,
the similarity of results of other recent techniques suggests that the breast DCE-MRI segmentation
is still a difficult issue, and further enhancement could be provided by more effective backbone
design, bigger multicentral datasets, and more effective utilization of multi-phase information.

5 Conclusion

One of the important CAD of the breast DCE-MRI is lesion segmentation because the accurate
separation of tumors and fibroglandular tissue, as well as the separation of the tumor and
background enhancement, is the key to the successful quantitative analysis. The proposed work
presents a modified VGG-16 framework that is designed to work with 2D BMP slices of 3D
DCE-MRI volumes. The image processing model (Mittag-Leffler-based) is very distinctive to the
framework, as it enhances the conspicuity of lesions by suppressing unwanted pixels. Moreover,
expansion of the receptive field can be achieved by additions of the dilated convolutions to enable
the network to have an expanded ability to identify large contextual detail without compromising
on the high-resolution edge details. The model with the Jaccard Index of 85.41% +0.0177 and the
Mean Dice Score of 91.5% +0.0118 is much better aligned to expert ground truth. These results
make the network a solid framework of application in downstream clinical applications, such as
radiomics and diagnostic decision support.
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