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Abstract
Limited access to breast cancer diagnosis globally leads to delayed treatment. Ultrasound, an
effective yet underutilized method, requires specialized training for sonographers, which hinders
its widespread use. Volume sweep imaging (VSI) is an innovative approach that enables untrained
operators to capture high-quality ultrasound images. Combined with deep learning, like
convolutional neural networks, it can potentially transform breast cancer diagnosis, enhancing
accuracy, saving time and costs, and improving patient outcomes. The widely used UNet
architecture, known for medical image segmentation, has limitations, such as vanishing gradients
and a lack of multi-scale feature extraction and selective region attention. In this study, we present
a novel segmentation model known as Wavelet_Attention_UNet (WATUNet). In this model, we
incorporate wavelet gates and attention gates between the encoder and decoder instead of a simple
connection to overcome the limitations mentioned, thereby improving model performance. Two
datasets are utilized for the analysis: the public ‘Breast Ultrasound Images’ dataset of 780 images
and a private VSI dataset of 3818 images, captured at the University of Rochester by the authors.
Both datasets contained segmented lesions categorized into three types: no mass, benign mass, and
malignant mass. Our segmentation results show superior performance compared to other deep
networks. The proposed algorithm attained a Dice coefficient of 0.94 and an F1 score of 0.94 on the
VSI dataset and scored 0.93 and 0.94 on the public dataset, respectively. Moreover, our model
significantly outperformed other models in McNemar’s test with false discovery rate correction on
a 381-image VSI set. The experimental findings demonstrate that the proposed WATUNet model
achieves precise segmentation of breast lesions in both standard-of-care and VSI images,
surpassing state-of-the-art models. Hence, the model holds considerable promise for assisting in
lesion identification, an essential step in the clinical diagnosis of breast lesions.

1. Introduction

Breast cancer is one of the most fatal forms of cancer and has become a significant public health concern [1].
It is the second most common cause of cancer-related deaths worldwide in women [2]. Early detection and
treatment of breast cancer are critical to increase the chances of survival and prevent metastasis. Ultrasound
imaging is a first-line diagnostic tool for detecting breast cancer. It is a safe, portable, cost-effective, and
non-invasive imaging modality that uses high-frequency sound waves to create images of breast tissue.
Ultrasound imaging may be the only diagnostic option available in low and middle-income countries.
However, a significant challenge to the widespread use of ultrasound is the need for trained sonographers,
who require wide-ranging skills that can take months to years to acquire [3]. A potential solution to this
challenge is to adopt volume sweep imaging (VSI) [4, 5]. VSI is a recently developed imaging technology
that has the potential to revolutionize access to medical imaging for breast evaluation, especially in
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resource-limited settings [6–8]. In addition to being affordable compared to other imaging modalities,
including standard-of-care ultrasound, VSI enables inexperienced operators to acquire high-quality
ultrasound images using a standardized imaging protocol, which requires minimal training [3, 7]. VSI has
been clinically tested for breast, obstetrics, lung, thyroid, and right upper quadrant scanning indications,
showing promising results both in the United States and Peru [4, 9, 10]. Unlike traditional ultrasound, which
demands highly skilled sonographers to operate the equipment and interpret the images, VSI utilizes a
simplified approach based on external body landmarks [4]. With VSI for breast ultrasound, an operator
starts by positioning the ultrasound probe on the surface of the breast over a palpable breast lump, then
sweeps the probe in a uniform pattern while maintaining contact with the skin. This produces a series of
video clips that cover the entire target region (the palpable breast lump). Then, these video sweeps are sent to
radiologists or computer-aided diagnostic systems for further interpretation.

The use of ultrasound imaging for detecting and diagnosing breast cancer has been significantly
improved with the introduction of machine learning (ML) and deep learning (DL) techniques. Compared
with other ML techniques, DL algorithms, such as convolutional neural networks (CNNs), show increased
potential and reliability in diagnosing disease [5, 11–15]. In the case of segmentation, these algorithms can be
trained on large datasets to find boundaries by recognizing their features, such as shape, texture, and color.
The DL models can also learn to accurately distinguish the region of interest from the background and other
structures in the image [16, 17]. In addition to improving the accuracy of detection and diagnosis, DL
algorithms can also help reduce the time and cost associated with traditional methods of diagnosis. This is
particularly significant in resource-constrained settings with limited access to trained medical professionals
and expensive diagnostic equipment.

The task of image segmentation involves categorizing pixels in an image with labels that describe their
meaning. This can be achieved through semantic segmentation, which involves labeling individual pixels
with object categories [18]. Another approach is instance segmentation, which involves separating individual
objects in the image [19]. Panoptic segmentation combines both semantic and instance segmentation [20].
Semantic segmentation is typically more difficult than whole-image classification because it requires labeling
each pixel with a specific category rather than predicting a single label for the entire image.

This paper presents a novel framework for semantic segmentation of breast tissues in ultrasound images
in both standard-of-care imaging and VSI. We propose a novel segmentation architecture known as
Wavelet_Attention_UNet (WATUNet), where the combination of wavelet decomposition and attention
mechanism replaces the plain connection between encoder and decoder in the UNet structure in order to
overcome the issues with plain skip connection, and to extract more features from ultrasound images. The
proposed framework includes two stages. First, image enhancement and preprocessing will be applied to the
inputs. Next, we will utilize our proposed segmentation framework to analyze the images and segment the
mass area. Integration of VSI and WATUNet would enable the potential for rapid automatic diagnosis of
palpable breast lumps without a radiologist or a sonographer [5, 21].

The manuscript is divided into several sections with section 1 being this introduction. Section 2 outlines
a brief review of some of the previous works to develop an understanding of the earlier and current state of
knowledge in the image segmentation field. In section 3, we describe the datasets that were used in this study,
along with the various preprocessing steps that were employed to ensure the integrity and reliability of the
data, results of these sections will be discussed in appendix B. In section 4, we introduce our novel WATUNet
architecture, providing a detailed overview of the model’s structure and operation. Additionally, we discuss
its unique features and highlight its expected contributions to the field. In section 5, we present the results of
our experiments and analyze these findings in depth. Finally, we conclude the study with a discussion of the
implications of our results and reflect on the broader significance of this work within the context of the field.

2. Literature review

Image segmentation is a significant task in the fields of computer vision and image processing, and has
wide-ranging applications such as medical image analysis, scene comprehension, robotic perception, video
surveillance, image compression, and augmented reality. Numerous image segmentation methods have been
developed over time, starting from the earliest approaches such as thresholding [22, 23], region growing
[24], and clustering [25], to more sophisticated methods such as active contours [26], graph cuts [27], and
Markov random fields [28]. However, in recent years, DL models have emerged as a new generation of image
segmentation models with significant performance, often achieving the highest accuracy rates on commonly
used benchmarks [29]. This has led to a fundamental change in the field of image segmentation.

In their work, Noh et al [30] presented a semantic segmentation method called DeConvNet, which
consists of two main parts: an encoder that utilizes convolutional layers from the VGG16 layer network, and a
multilayer deconvolutional network that takes in the feature vector and generates a map of class probabilities
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that are precise to the pixel level. One limitation of this work is that the DeConvNet model relies on the use
of a pre-trained VGG16 network as the encoder, which may not be the most optimal choice for all types of
images and datasets. Using a fixed pre-trained network may limit the model’s ability to adapt to new types of
images and features that are specific to a particular task or domain. In addition, the DeConvNet model does
not incorporate any attention mechanisms or other advanced techniques for enhancing feature
representation, which may limit its ability to accurately segment complex objects or scenes.

Badrinarayanan and colleagues introduced SegNet [31], which is based on encoder–decoder structure for
semantic segmentation. Similar to the deconvolution network, SegNet’s core trainable segmentation engine
also contains an encoder network that has the same structure as the 13 convolutional layers in the VGG16
network. Additionally, it has a decoder network and a pixel-wise classification layer. SegNet’s uniqueness lies
in the way the decoder performs nonlinear upsampling of its lower-resolution input feature map(s). SegNet
utilizes the pooling indices calculated during the maxpooling step of the corresponding encoder to perform
this task. The utilization of maxpooling for pooling indices computation, while widely used in CNNs, can
have both beneficial and detrimental effects on the accuracy of segmentation output. Specifically, the use of
maxpooling in this context may result in loss of crucial spatial information and cause blurring or
misalignment of object boundaries, thereby limiting the accuracy of segmentation [32].

One of the limitations of the encoder–decoder structure for segmentation is that the decoder might lose
fine-grained spatial information during the down sampling process, which can result in lower segmentation
accuracy. This limitation is addressed in the UNet architecture by introducing skip connections that directly
connect the corresponding encoder and decoder layers. These connections allow the decoder to access and
use the detailed spatial information from the encoder, resulting in more accurate segmentation. The skip
connections provide a way to recover the lost spatial information by fusing the feature maps from the
encoder and decoder. Ronneberger et al [33] proposed the UNet for efficiently segmenting biological
microscopy images. The UNet architecture includes two parts: a contracting path to capture context, and a
symmetric expanding path to enable precise localization. The UNet training strategy relies on the use of data
augmentation to learn effectively from very few annotated images. It was trained on 30 transmitted light
microscopy images, and it won the 2015 International Symposium on Biomedical Imaging Cell Tracking
Challenge. Over time, since the introduction of the UNet architecture, numerous adaptations of the original
model have been developed to address various types of images and issues, for example, UNet++ [34, 35],
UNet3+ [36], Weighted Res-UNet [37], Sharp UNet [38], Attention UNet [39], and Sharp Attention
UNet [40].

UNet++ was designed to achieve more precise segmentation compared to the UNet model with plain
skip connections by combining multiple UNets of different depths. The decoders of these UNets are
interconnected using redesigned skip pathways that address two significant issues with the original UNet
design: the uncertainty regarding the optimal depth of the architecture, and the overly restrictive design of
the skip connections. Notwithstanding its superior performance, the complexity of the UNet++model is
relatively high, rendering it unsuitable for real-time processing applications. Furthermore, the increased
complexity of the model results in a higher risk of overfitting, which can adversely affect its generalization
performance on new datasets. The model also fails to capture adequate information from the entire range of
scales, leaving ample room for further enhancement. To address this limitation, UNet3+ [36] was proposed.
UNet3+ takes advantage of full-scale skip connections and deep supervisions to incorporate low-level details
with high-level semantics from feature maps at different scales. UNet3+ is especially suited for organs that
appear at varying scales. Nevertheless, when confronted with small objects within the image, this model
demonstrates a decline in accuracy.

The Sharp UNet architecture [38] consists of a standard UNet encoder–decoder structure, with the
addition of a sharpening module in between the encoder and decoder layers. This sharpening filter performs
a convolution operation on the encoder feature maps before fusing them with the decoder features. It helps
to make the encoder and decoder features semantically less dissimilar.

We recently [40] introduced a model known as ‘Sharp Attention UNet’ which is an extension of the UNet
architecture. The Sharp Attention UNet incorporates attention mechanisms to emphasize relevant regions
and sharpening filters to enhance image details for lesion segmentation within ultrasound images. We
demonstrated that the highest performance was achieved by integrating the sharpening filter and the
attention mechanism in a parallel configuration. This contrasts with a sequential arrangement of attention
gate (AG) and sharpening filter modules, and the superior performance the parallel arrangement of these
modules can be attributed to the detail-oriented nature of the sharpening filter and the abstract-focused
characteristics of the attention mechanism. The parallel structure allows these modules to provide distinct
features, whereas a sequential arrangement may compromise their individual effectiveness.
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3. Dataset and data preprocessing

3.1. Data collection
This study utilized two ultrasound breast imaging datasets for analysis. The following section provides a
detailed description of each dataset.

3.1.1. BUSI dataset
The first dataset used in this study is the ‘Breast Ultrasound Images’ (BUSI) dataset [41]. The dataset
comprises 780 images obtained from 600 female patients aged between 25 and 75 years, gathered in the year
2018. Patients underwent scanning using a LOGIQ E9 ultrasound system, and lesions were segmented with
manually traced masks based on the radiologist’s assessment. The images were categorized into three groups:
(1) 133 images depicting normal cases without masses, (2) 437 images featuring benign masses, and (3) 210
images exhibiting malignant masses. The images are in PNG format, with diverse heights and widths,
averaging at 600× 500 pixels. Preprocessing involved eliminating non-image text and labels from the data.

3.1.2. VSI dataset
The VSI dataset was acquired from a clinical study performed at the University of Rochester [4], and
acquired by the authors. Patients with a palpable breast lump underwent a VSI assessment using the Butterfly
iQ ultrasound probe (Butterfly Network, Guilford) using the small organ preset. A medical student received
training on the VSI protocol for a duration of less than 2 h. The initial step in the protocol involves
identifying and marking the palpable area with an ‘X’ as shown in figure 1. The patient lies supine with their
arm above their head, and the marked area is scanned with eight sweeps in transverse, sagittal, radial, and
anti-radial orientations to image the mass in different planes, resulting in eight separate attempts to acquire a
diagnostic image, greatly increasing the chance of obtaining at least one diagnostic view. This protocol takes
minimal time to learn, typically 1–2 h. Patients are scanned with a breast preset, and operators do not change
any probe settings from the preset. The operator does not interpret the image, and VSI is ideally performed
focusing on the sweep over the target region, not the ultrasound screen. The exam is short and can be
completed within 10 min, including setup. Full details of the VSI protocol are included in Marini et al [4].

Each cine sweeps averages 9 s, and the frame rate is typically 17 frames per second. The frames near the
center of the sweep were selected for the segmentation as the tumors or abnormalities are more likely to be
detected near the center of the ultrasound sweep. The individual frames from the center of the sweep were
meticulously segmented, with every other frame being processed using the ‘image segmentator’ application
in MATLAB (version 2022b, MathWorks, Natick, MA, USA). No mass or abnormality was found in 70 cases.
In 52 cases, benign masses were found, and in 20 cases malignant masses were found. Our study includes
recorded biopsy data, though biopsies were not always performed. The dataset is a three-class dataset
consisting of 3818 frames with 2048 frames with no masses, 820 frames with benign findings, and 950 frames
with malignant findings.

If a sonographic mass was absent, the pathology was deemed benign, and thus no biopsy was carried out.
For patients with benign-appearing masses, follow-up imaging was sometimes conducted in lieu of biopsy.
To classify pathology as benign in those cases, we relied on the standard of care image being assigned a Breast
Imaging Reporting and Data System (BI-RADS) 2, which indicates a zero percent chance of cancer (100%
chance of being benign). Pathologically, masses with a BI-RADS 3 classification hold a 98% chance of being
benign, with the remaining 2% indicating potential malignancy. Therefore, although these masses were likely
benign, we classified them as unknown. Notably, we did not encounter any BI-RADS 4 classifications in our
study that were not biopsied. Additional information regarding pathology and its determination was
previously published [4].

3.2. Data enhancement and augmentation
Applying image enhancement techniques to medical images, especially ultrasound images, before feeding
them to DL models can help to improve the accuracy of the models. Ultrasound images can suffer from
various artifacts, such as speckle noise, attenuation, and poor contrast, which can affect the quality of the
image and make it difficult to interpret. Image enhancement techniques can be applied to remove or reduce
these artifacts and improve the overall quality of the image [42, 43]. DL models can learn to identify and
classify features in images based on patterns in the pixel values. By enhancing the image quality, the patterns
become clearer, and the model can more accurately identify the features in the image.

Similar to our previous model [44], in this study we applied contrast limited adaptive histogram
equalization (CLAHE) [45], which is an image enhancement method that improves upon the adaptive
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Figure 1. Demonstration of the technique for conducting breast volume sweep imaging (VSI). Ultrasound probe sweeps are
executed in various orientations, including transverse, sagittal, radial, and anti-radial. The picture is adopted from [5].

histogram equalization (AHE) [46] method by addressing the issue of excessive contrast levels. AHE can
excessively enhance contrast, but CLAHE resolves this issue by setting a limit to the contrast using a
histogram.

Data augmentation is a technique used to increase the size of a training dataset by modifying existing
data samples. It helps to prevent overfitting by introducing more variability and diversity into the training
data. This technique aims to create a more representative and generalized set of training data, particularly in
the medical imaging field where data scarcity is a concern. However, it is important to carefully select
augmentation parameters to avoid negative impacts on diagnostic accuracy [47]. For ultrasound images,
extreme brightness or zoom adjustments may lead to the loss of important details or distortions that can
affect model predictions. In our study, augmentation parameters include random rotation, zoom, horizontal
flip, width and height shifts, shear transformation, and brightness adjustment. These parameters define data
generators that generate augmented data samples during model training. By applying these parameters
randomly to the training data, the augmented dataset better represents real-world scenarios and reduces
overfitting. Furthermore, to mitigate bias toward the majority class during the training process, we
implemented augmentation independently on each of the three classes. In the results section, the
performance of the segmentation model with and without data augmentation will be presented.
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Figure 2. Schematic depiction of the model optimization and training workflow. Workflow depicting the sequential stages of the
proposed approach. In the first step, radiologists perform frame segmentation, followed by data preprocessing in the second step,
encompassing data enhancement and augmentation. The preprocessed dataset is then utilized for training the proposed model.
Subsequently, the model’s performance is evaluated using the designated test set.

4. Methods

In this section we will explore model optimization techniques and network fine tuning. Figure 2 shows the
model optimization and training workflow. This diagram illustrates the dataset preparation including
masked frame extraction, data enhancement, and data augmentation. Then we trained the model while the
shuffle was on, finally testing the model with unseen data.

Compared to our previous work at [44], we focused on addressing the vanishing gradient during
training. The attention mechanism emphasizes the overarching and highlighted information in an image,
prioritizing salient and general details such as the shape of the tumor. We obtained texture-based
information from the sharpening filter’s output and abstract-based information from the attention
mechanism’s output, subsequently concatenating them at the decoder stage. Each channel contributes richer
information, facilitating more efficient network training and mitigating vanishing gradient issues. In further
comparison to our earlier work, where we exclusively employed a sharpening filter and tested the algorithm
solely on the BUSI dataset, our current study explores wavelet decompositions and extends the results to the
VSI sweep approach to ultrasound imaging. Leveraging the wavelet filter affords access to both frequency and
spatial information—crucial features, particularly in ultrasound images, where frequency information holds
diagnostic significance. Additionally, in this work, we conducted extensive hyperparameter tuning to identify
optimal settings. The evaluation encompasses both the previous and current methodologies, with the
current dataset surpassing the BUSI dataset in generality and scale.

4.1. Model optimization
Model optimization is an essential part of improving the performance of DL models. One significant
instance is the backpropagation technique, intricately intertwined with the optimization process via gradient
descent. However, backpropagation can be slow, therefore fine tuning and optimization can help this process
to be faster. Another important instance is optimization’s role in addressing the issues of overfitting and
underfitting, which ultimately enhances the model’s ability to make accurate predictions on new data. One
optimization technique is exploring different activation functions for model optimization. Previously, ReLU
was a widely used activation function, but considering its limitations, we tried alternatives such as Leaky
ReLU, swish, and mish. Swish is a smooth function that has shown promising results in certain architectures.
Mish is another activation function which is non-monotonic and has self-regularization properties. Both two
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activation functions exhibit negative curvature and smoothness, enabling efficient optimization and faster
convergence in deep neural networks. We described each one of these activation functions in a previous
work [44].

Dropout is another regularization technique in neural networks that prevents overfitting. It randomly
deactivates neurons during training. This encourages the network to learn more generalized features and
improve performance on new data. Furthermore, dropout reduces co-adaptation between neurons by
randomly deactivating them. This will lead to preventing excessive specialization and overfitting.

The optimal values for dropout in neural networks vary depending on factors like dataset, network
architecture, and training method. Gal and Ghahramani [48] found that higher dropout probabilities are
generally better for deeper layers. The specific task and dataset influence the optimal dropout probability. In
this study, the optimal dropout values were chosen as 0.1 for the encoder and 0.5 for the decoder. These
values were based on the recommendations of Gal and Ghahramani [48] and fine-tuned through an iterative
trial-and-error process.

4.2. Proposed network
UNet architecture is a CNN model that uses an encoder–decoder network with skip connections to preserve
high-resolution information from the input images. UNet structures have been widely used for medical
image segmentation, including breast tumor segmentation in ultrasound images, due to their unique
architecture and outstanding performance [49]. UNet-based models can be trained using relatively small
datasets, which is particularly relevant in medical imaging applications where large, annotated datasets are
often not readily available [49].

This skip connection in a UNet based model helps in preserving the spatial information lost during
downsampling in the encoder. Concatenation of the encoder and decoder information helps preserve spatial
information while increasing the depth of the feature maps, facilitating better learning of the spatial
relationship between the features. In a neural network during backpropagation, the gradient is computed
starting from the output layer of the network and moving backward toward the input layer [50]. The
gradient values are then used to update the weights of the network using an optimization algorithm such as
stochastic gradient descent or Adam. The vanishing gradient problem occurs when the gradient values
become very small during backpropagation, making it difficult to update the weights in the lower layers [50].
This can occur in deep networks because the gradient values are multiplied by the weight matrix at each
layer, and if the weights are small, the gradient values can become exponentially small as they are propagated
backward through the network [51]. As a result, the lower layers of the network may not learn effectively, and
the overall performance of the network can be compromised.

Using a plain skip connection in UNet may lead to the problem of vanishing gradients during training
[52]. As noted earlier, this is because the gradients of the loss function with respect to the weights of the
encoder and the decoder need to be propagated through the skip connections. If the plain skip connection is
too deep, the gradients may become too small to be useful during training, which can slow down or even
prevent convergence. To overcome this problem, instead of a simple connection, we applied a discrete
wavelet transform and attention map to highlight spatial and frequency information present in the
ultrasound images. Adding a wavelet gate (WG) and an AG to a UNet model in place of a plain skip
connection can prove beneficial. A WG can help the model capture multi-scale features in the input image.
Wavelet transforms decompose the image into different frequency bands, which can capture details at
different scales [53]. By including a WG into the UNet model, the model can selectively attend to different
frequency bands, allowing it to capture both fine-grained and coarse-grained details.

Moreover, incorporating an AG mechanism can effectively enhance the model’s ability to attend to the
most salient features within the input image. This is particularly useful in image segmentation tasks, where
the model needs to identify the boundaries of objects accurately. By incorporating an AG into the UNet
model, the model can learn to selectively attend to the most relevant regions of the input image, while
down-weighting less important regions. By combining these two types of information from AGs and WGs,
the UNet model can achieve better performance in image segmentation tasks. This model is designed to
easily integrate into standard CNN architectures, such as the UNet model, with minimal operational
overhead. Additionally, our experiment and results show that incorporating WGs and AGs in the model
increases sensitivity and prediction accuracy.

4.2.1. AG
The attention mechanism is a method to highlight high-importance features and downplay low importance
features in neural network models. Oktay et al [39] proposed a novel UNet algorithm with an attention

7



Mach. Learn.: Sci. Technol. 5 (2024) 015042 D Khaledyan et al

Figure 3. Illustration of the proposed additive attention gate (AG), which employs a gating signal (g) derived from applying a
transposed convolution on coarser scale features and the features from the encoding path to analyze the activations and
contextual information for selecting spatial regions.

mechanism to segment the pancreas in computed tomography (CT) images. Their proposed network
consisted of three main modules: an encoder module that receives CT input images to obtain the feature
map, an attention module that consists of two parallel convolutional blocks that learn to capture both local
and global contextual information from the encoder path, and a decoder module that restores the
concatenated feature map from the AG to the original size of the input images. The authors reported a Dice
coefficient of 79.8% for their method, compared to 74.7% for UNet without attention.

Recent studies have demonstrated that the use of AGs in DL models can lead to improved network
performance [54, 55]. The AG architecture proposed in our study is illustrated in figure 3. The architecture is
inspired by the AG utilized Oktay et al [39].

This AG unit receives two inputs, the decoder branch, and the encoder branch. At the encoder branch,
convolutional layers utilize a hierarchical approach to gradually extract high-level image features by
processing local information layer by layer. This leads to a separation of pixels in a high dimensional space
according to their semantics. This sequential processing of local features allows the model to condition its
predictions on information collected from a large receptive field. The output of layer l is the feature-map xl,
which captures the extracted high-level features at that layer. The subscript i at ai, xi, and gi denotes the
spatial dimension, where i is each pixel’s value.

First, we apply transposed convolution on the decoding branch, the result is gi. It is used to determine
focus regions while xl , the feature map from the encoding path, contains local information about the image.
Then, we apply a convolution of kernel size and stride of 1 with the number of channels the same as the
number of feature maps of gi and xl. To combine gi and xl we summed them to obtain the gating coefficient.
The additive attention method may require more computational resources but has been demonstrated to
achieve better accuracy compared to the multiplicative attention method [56]. The resulting feature map xout
is obtained by performing element-wise multiplication between the input feature map xl and attention
coefficients ai, which is expressed mathematically as:

xout = xli ∗ ai (1)

where ai can be expressed as:

ai = σ2

(
WT

s

(
σ1

(
WT

x x
l
i +WT

g gi + bg
))

+ bs
)

(2)

where σ1 is the swish function [57]. Function σ2 is the sigmoid function. The feature map xl and the gating
signal vector gi are transformed linearly using a 1∗1 channel-wise convolution. The parametersWx,Wg, and
Wsare transformed linearly and are trainable parameters. The bias terms are bg and bs. To reduce the
complexity, we set the bias values to zero. Experiments have shown that setting these two values to zero does
not affect the model’s performance negatively.

4.2.2. WG
Images include both spatial and frequency information, and wavelet transform is a valuable tool for
analyzing the spatial frequency and spatial content of an image. In wavelet transform, the image is
decomposed into different frequency bands or scales, each corresponding to a different level of detail. This
enables the ability to analyze the image’s frequency content at different scales and resolutions. In ultrasound
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Figure 4. Illustration of the proposed wavelet gate (WG), which employs Db2 from the PyWavelets library on the feature map
from the encoder path to analyze the spatial and frequency information of the input.

imaging, the spatial frequency information is rich and can be leveraged to diagnose or detect patterns with
higher accuracy. The continuous wavelet transform of a signal f(t) is given by:

Wf (a,b) =

∞̂

−∞

f(t)
1√
a
ψ ∗

(
t− b

a

)
dt (3)

where a and b are the scale and translation parameters, respectively, and ψ ∗ is the complex-valued mother
wavelet function. The discrete wavelet transforms (DWTs) of a signal f [n] is obtained by applying a series of
high-pass and low-pass filters to the signal, followed by decimation. The DWT can be represented
mathematically as:

WL
j,k =

∑
n

f [n] .∅n−2 j,k (4)

WH
j,k =

∑
n

f [n] .Ψ n−2 j,k (5)

where j is the scale index and k is the translation index. The superscripted variables L and H indicate whether
the wavelet coefficient corresponds to the low-frequency (approximation) coefficients or high-frequency
(detail) coefficients, respectively. ∅ andΨ are the scaling and wavelet functions, respectively. The scaling
function is a low-pass filter that captures the coarse-scale components of a signal or image, while the wavelet
function is a high-pass filter that captures the fine-scale details. Together, they provide a multi-resolution
representation of the signal, in which each level of the decomposition captures a different scale of features.

The present study utilizes the DWT function to apply the wavelet transform to input images. This
implementation utilizes the PyWavelets library in Python for executing the wavelet transform. PyWavelets is
a free, open-source library that provides convenient tools for performing wavelet analysis in Python. The
DWT function executes a four-band DWT decomposition of the image, producing four sub-bands, namely
the approximation coefficients (low-low (LL)) and the horizontal (LH), vertical (HL), and diagonal (HH)
detail coefficients. The output of the DWT function is a tuple consisting of the LL sub-band and a
concatenated tensor of the LH, HL sub-bands. The HH sub-band was considered non-essential in our
dataset due to its primarily noise-related nature, and therefore its omission had no discernable effect on the
results of our analyses. Figure 4 illustrates the WG proposed in our study. The LL sub-band serves as the
input to the AG gate, whose architecture is shown in figure 3. This sub-band corresponds to the
low-frequency components of the original image, obtained via a low-pass filter applied to the image. Because
the LL sub-band is capturing the overall structure or context of the input, this makes it a fitting input to the
AG. Moreover, the LL sub-band can reduce the impact of artifacts across the network layers during the initial
stages of training. Considering the low-pass filtering behavior of the attention mechanism [58],
incorporating the LL band as its input can enhance performance by focusing on abstract-based information.
This particular feature has a notable impact on overall performance. The HL and LH sub-bands include
high-frequency components of the original image, and therefore contain more detailed information
compared to the LL sub-band. The concatenation of the AG output and these two sub-bands can help the
model to better capture the important features and patterns in the data, while filtering out irrelevant or noisy
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Figure 5. The proposed WATUNet architecture with AG and WG as skip connection to provide complementary information to
the UNet model.

information. Additionally, the AG may help to reduce the effects of dimensionality reduction that may have
occurred due to the wavelet transformation.

Wavelet families include Biorthogonal, Coiflet, Harr, Symmlet, Daubechies, and others [59]. There is no
universally ‘correct’ method to choose which wavelet function to use; optimality depends on the specific
application [60]. While the Haar wavelet is simple to compute and comprehend, the Daubechies algorithm is
more complex and requires more computation. However, the Daubechies algorithm can capture details that
are missed by the Haar wavelet. Thus, selecting a wavelet that closely matches the signal being processed is
crucial in wavelet applications [61]. For wavelet decomposition, the Daubechies wavelet with two vanishing
moments provided the best results.

4.3. Network architecture
In the UNet structure, the encoder path extracts high-level features from the input image, followed by a
decoder path that upsamples the feature maps to reconstruct the original image. In this paper the encoder
path consists of four downsampling blocks, where each block applies convolutional layers with 3∗3 kernels
and a stride of 1, followed by a batch normalization layer, and a swish activation function. The
downsampling is achieved by applying max pooling with a 2∗2 kernel size. The output of each block is then
passed through a dropout layer to prevent overfitting.

The decoder path consists of four upsampling blocks, where each block applies a transpose convolution
operation with a 3∗3 kernel and stride of 2, followed by concatenation with the corresponding feature maps
from the AG and WG, which is applied on the encoder path features. The concatenated feature maps are then
passed through a convolutional block with the same architecture as in the encoder path. Similar to the
encoder path, the output of each block is then passed through a dropout layer to prevent overfitting. The
final output of the model is a binary mask that represents the segmented regions of the input image. Figure 5
shows the proposed architecture.

4.3.1. Loss function
In this study we utilized a custom loss function which is specifically designed for training neural networks in
segmentation tasks. The custom loss function combines two commonly used loss functions: binary
cross-entropy (BCE) loss and Dice loss. The BCE loss is typically used for binary classification problems such
as image segmentation, where each pixel is classified as foreground or background. It quantifies the
discrepancy between predicted probabilities and true binary labels. More details are explained in appendix A.
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5. Results and discussion

Within this section, we assessed the efficiency of our proposed WATUNet through the application of a
comprehensive range of performance metrics, including the Dice coefficient, accuracy, loss, Dice loss,
precision, sensitivity (recall), specificity, F1, and recall. The evaluation was carried out on both the BUSI
dataset and our VSI dataset. Furthermore, we conducted a comparative analysis of our network with other
contemporary state-of-the-art architectures. This section presents evaluation metrics by utilizing
equations (A-1)–(A-7) in appendix A and reports the quantitative and qualitative results of each component
of the framework. The proposed model is compared with other state-of-the-art models by using the same
UNet backbone as our model for breast segmentation. The proposed model was developed using Python 3.7
with Keras API and was trained and tested using the NVIDIA RTX A3000 GPU and the NVIDIA Tesla P100
GPU. The model underwent training for 300 epochs using the Adam optimizer (learning rate= 0.001,
beta1= 0.9, beta2= 0.9, epsilon= 0.000 0001).

A rigorous analysis of both the quantitative and qualitative outcomes of the proposed framework is
conducted. The initial stage presents the results of the training and validation phases. Appendix B describes
our model’s performance under different input resolutions, as well as an analysis of various activation
functions. The impact of applying CLAHE as a preprocessing step is also explored at appendix B. Finally,
after studying these parameters and obtaining the best results, we selected the optimal parameters and
fine-tuned the models. We then compared our fine-tuned model to state-of-the-art methods. The same
dataset and parameter settings were used, including activation function, loss function, and optimization.
This ensured a fair and accurate comparison.

The VSI and BUSI datasets were randomly divided into training, validation, and test sets, with an
80:10:10 ratio. The BUSI dataset comprises 624 training images, 10 validation images, and 10 test images. In
the case of the VSI dataset, there are 3056 training images, 381 validation images, and 381 test images. The
augmentation is applied on the training set, afterward it is used to train the model by adjusting its parameters
based on the input data and the corresponding target values. Upon completion of each epoch, the model is
assessed on the validation set to tune the hyperparameters, including but not limited to the learning rate,
number of layers, and number of neurons in each layer, to optimize performance. This process is commonly
referred to as hyperparameter tuning. Upon conclusion of the training process, the best model was selected
based on the validation results and saved as the optimal model. Finally, to perform a performance evaluation,
we used a test set that the model had not been exposed to during the training and validation processes.

5.1. Quantitative training and validation results on VSI dataset
To select the optimal model for our purposes, we employed a criterion based on the Dice coefficient, which
was identified as our primary metric of interest. The Dice coefficient is a robust and reliable metric for
evaluating the performance of segmentation models due to its sensitivity to both the true positive and false
positive. Accordingly, we saved the weight parameters associated with the best performing model, as
determined by the highest value for the Dice coefficient. This process was integral to ensure the selection of
the best performing model for our specific objectives.

In figure 6, we show the results of the training process for the proposed model. The image resolution was
set to 128× 128 with batch size of 32. Convergence of the training and validation accuracy, loss, Dice loss,
Dice coefficient, sensitivity (recall), specificity, F1 score, and precision during different epochs indicates that
the training process had performed well with no overfitting and/or underfitting of the validation set.

5.2. Comparative analysis of neural network models on VSI dataset
Table 1 presents the performance metrics obtained by five different neural network models, the backbone of
these models are based on previous works namely; UNet [33], Attention UNet [39], Sharp UNet [38], Sharp
Attention UNet [44] and the proposed WATUNet model on the test set of the VSI dataset. While the primary
network architectures for the four former models have been previously proposed in the literature, the same
backbone architecture and hyperparameters were employed for all four models when reporting the results in
these tables. The following parameters were identically employed in the training process for all models:
image input size of (128× 128), augmentation technique, optimization technique, batch size, loss function,
and learning rate. Each model underwent 300 epochs of training, after which the model exhibiting the best
performance on the validation set was selected and saved for comparison on the test set. The outcome of
these comparisons revealed that the WATUNet architecture demonstrated superior performance relative to
the other models across all validation parameters.
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Figure 6.WATUNet performance indicators for training and validation. The plots (a)–(h) represent the performance metrics
during training and validation on the VSI dataset.

The results obtained from the WATUNet algorithm demonstrate an improvement in the sensitivity of
lesion area mask extraction for the VSI dataset, with a notable increase of 1.6% compared to the second-best
model. The Dice coefficient is also shown to have improved by 1.1% when compared to the second-best
model [44]. These findings suggest that WATUNet may be a promising solution for improving the accuracy,
robustness, and computational efficiency of lesion area segmentation in ultrasound imaging.

We also utilized McNemar’s test, which is non-parametric, to compare the relative performance of each
segmentation model that we developed. The purpose of the McNemar’s test was to assess the statistical
significance of differences observed between the models’ segmentation results, more details are explained in
appendix B. The test was conducted on our VSI test set including 381 images (10%) with dimensions of
128× 128 pixels. We compared the dichotomous segmentation results of each pair of models to calculate the
number of discordant entries for each pixel in the images. These discordant values were then evaluated using
the chi-squared distribution with 1 degree of freedom, which yielded a corresponding p-value.

In hypothesis testing, a p-value below 0.05 is considered significant, allowing us to reject the null
hypothesis and provide evidence for the alternative hypothesis. However, in the context of conducting
multiple statistical tests simultaneously, e.g. comparing multiple model pairs, the probability of false
positives increases. To mitigate this issue, several correction methods considered, such as the Bonferroni
correction which adjusts the alpha value to uphold an appropriate level of significance [62]. However, the
Bonferroni correction can result in a higher rate of type II errors (false negatives). The Benjamini–Hochberg
procedure offers better control over false discovery rate (FDR) correction [63], and provides a more balanced
trade-off between controlling false positives and false negatives. This balance can lead to increased power in
detecting significant results. Therefore, we employed the Benjamini–Hochberg procedure to obtain adjusted
p-values (q-values) by considering the rank of each p-value and the total number of comparisons. We
identified statistically significant model pairs by comparing q-values to the specified FDR level. Pairs with
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Figure 6. (Continued.)

Table 1. Comparison of the performance of the proposed WATUNet model with existing ML models using the same settings and
parameters—VSI dataset.

Model Accuracy Loss Dice loss Precision F1 Sensitivity (recall) Specificity Dice coefficient

UNet 0.982 0.203 0.129 0.909 0.878 0.851 0.993 0.871
Attention UNet 0.969 0.095 0.074 0.925 0.923 0.920 0.982 0.925
Sharpening UNet 0.984 0.166 0.106 0.924 0.900 0.878 0.994 0.894
Sharp Attention UNet [44] 0.991 0.093 0.070 0.928 0.936 0.928 0.993 0.931
UNet++ [34] 0.988 0.195 0.115 0.905 0.896 0.888 0.995 0.884
UNet3+ [36] 0.988 0.178 0.109 0.935 0.897 0.863 0.997 0.890
Proposed WATUNet 0.991 0.091 0.068 0.947 0.946 0.944 0.997 0.942

q-values⩽ 0.05 were considered significant, indicating meaningful performance differences, while effectively
controlling false positives and false negatives for multiple comparisons. Table 2 presents the results of
comparing pairs of models after applying the FDR correction to each of the individual models. We calculated
the p-value and q-value for each pair, in this table,m is the number of comparisons which is equal to 10. Our
proposed model, which combines AGs and WGs to a UNet framework, exhibited a notable performance
improvement over other model.

5.3. Visual comparison: segmentationmodel output vs. ground truth data on VSI and BUSI datasets
Figures 7 and 8 illustrate the comparison between the segmentation model output (WATUNet), and the
ground truth data (outlined by radiologists) on the VSI and BUSI datasets, respectively. This visual
representation provides valuable insight into the efficacy and accuracy of the proposed model’s performance.
The processed mask is derived by binarizing the predicted mask using a threshold of 0.4. This specific
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Table 2. Statistical significance of model comparisons with Benjamin–Hochberg procedure, where i and m are the rank, and number of
comparisons respectively, used to adjust for multiple comparisons.

Comparison between models p-value Rank Adjusted p-value= (i/m)× alpha Significant

(WATUNet, Sharpening UNet) 7.2× 10−6 1 0.005 Yes
(WATUNet, Sharp Attention UNet [44]) 7.8× 10−5 2 0.010 Yes
(Sharping UNet, UNet) 2× 10−5 3 0.015 Yes
(WATUNet, Attention UNet) 1× 10−5 4 0.020 Yes
(Sharp Attention UNet, UNet) 7× 10−4 5 0.025 Yes
(Attention UNet, UNet) 8.7× 10−3 6 0.030 Yes
(WATUNet, UNet) 3.3× 10−2 7 0.035 Yes
(Sharpening UNet, Attention UNet) 1.8× 10−1 8 0.040 No
(Sharp Attention UNet, Sharpening UNet) 2.5× 10−1 9 0.045 No
(Sharp Attention UNet, Attention UNet) 4.2× 10−1 10 0.050 No

Figure 7. Some examples from the VSI dataset. From left to right, the ground truth lesion outline produced by trained medical
students, the predicted mask from our WATUNET model, then the final binary output marking the lesion, overlayed on the
original B-scan image. Top row: malignant mass, middle row: benign mass, bottom row: no mass found in the frame.

threshold value was determined through the analysis of the receiver operating characteristic curve. Figure 9
shows the 3D rendering of a cine sweep and compares the ground truth and the predicted results. The
WATUNet proposed segmentation model applied to VSI sweep and the tumor area is extracted, followed by
multiplication of the mask with the original image. Then, contouring was applied to each slide. The 3D
rendering was achieved using the MATLAB Volume Viewer application. Top views are presented. T at the
top-left is an abbreviation for ‘Transducer’.
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Figure 8. Some examples from the BUSI dataset. From left to right, the ground truth lesion outline produced by medical experts,
the predicted mask from our WATUNET model, then the final binary output marking the lesion, overlayed on the original B-scan
image. top row: malignant mass, middle row: benign mass, bottom row: no mass found in the frame.

Figure 9. 3D rendering highlights tumor area combined with original image, enhanced by contours. (a) Ground truth mask—top
view, (b) Predicted mask—top view. (T on the side corner is abbreviation for ‘Transducer’).
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6. Discussion and conclusion

In this work we proposed a lesion segmentation model, named WATUNet, optimized for volume ultrasound
sweeps across breast lesions. It represents an improvement over existing models for the segmentation of
ultrasound images by focusing on the skip connections between the encoder and decoder in the UNet
architecture, as well as on the UNet backbone, activation functions, regularization, and loss function. This
model overcomes many of the limitations of its predecessors. The incorporation of WGs and AGs further
enhances the model’s ability to capture multi-scale features in both spatial and frequency domains, and to
selectively attend to relevant regions in the input image, resulting in improved performance.

We evaluated our model by using two datasets categorized into three classes, including the publicly
available BUSI dataset of 780 images and our VSI dataset of 3818 images. The experimental results showed
that the proposed WATUNet model outperformed state-of-the-art models in terms of accuracy, loss,
specificity, recall, F1, precision, Dice coefficient, and visual representation. These findings indicate that the
model holds considerable promise for clinical applications, as it has the potential to improve the accuracy of
breast cancer segmentation and reduce the cost associated with traditional methods of tumor detection.

This study’s innovation lies in the combination of the VSI scanning approach for breast imaging with DL
algorithms to achieve highly accurate segmentation of breast lesions. This is particularly relevant to
healthcare in remote areas where access to medical experts may be limited. Our results build on the
advantages of using VSI, where the approach’s simplicity allows relatively inexperienced operators to obtain
high-quality ultrasound images quickly. This contrasts with traditional ultrasound, which requires highly
skilled sonographers who may take months or even years to train. By overcoming the need for highly trained
sonographers, VSI has the potential to significantly improve access to medical imaging for breast pathology,
especially in regions where access to healthcare resources is limited.

By leveraging advanced ML techniques, this study offers the potential to improve early detection and
segmentation of breast lesions, ultimately leading to improved patient outcomes. Despite the encouraging
results, this is a proof-of-concept study. Limitations of this study include the modest size of the two image
sets employed, and the two commercial scanners used to obtain these images. Expansions of these need to be
addressed in future studies, along with the extension of this work to a final dichotomous diagnosis of the
lesion as probably benign or malignant, the next necessary step in deciding the path of patient care. We also
plan to further explore wavelet attention-based models and their potential for other applications beyond
breast cancer diagnosis. Finally, the integration of VSI and WATUNet would potentially enable an increase in
imaging access by allowing for rapid and automatic diagnosis of breast lumps to areas where a radiologist or
a skilled sonographer are not present.
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Appendix A

A.1. BCE_Dice loss
The BCE loss is typically employed in binary classification problems, such as image segmentation, where
each pixel is classified as foreground or background. This loss function quantifies the discrepancy between
predicted probabilities and true binary labels (as shown in equation (A-1)). It plays a crucial role in
evaluating how well the neural network’s predictions align with the actual binary segmentation of the
images. The Dice loss, on the other hand, measures the overlap between the predicted segmentation mask
and the ground truth mask. It is calculated in equation (A-3), where the Dice coefficient measures the
similarity between the predicted and true mask. The Dice coefficient (equation (A-4)) quantifies the
similarity between the predicted and true masks based on their alignment with each other.
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BCEDiceloss= BCE loss+Dice loss (A-1)

BCE loss=− 1

N

N∑
i=0

[yi ∗ log(pi)+ (1− yi) ∗ log(1− pi)] (A-2)

where y is the ground truth label (either 0 or 1), p is the predicted probability of the positive class, and log is a
natural logarithm function.

Dice loss = 1− Dice coefficient (A-3)

Dice coefficient=
(2 ∗ intersection)

(size of prediction + size of ground truth+ epsilon)
. (A-4)

The combination of these two loss functions results in generating segmentation masks that are not only
precise but also exhibit a significant overlap with the true masks. This approach can enhance the model’s
performance on segmentation tasks, particularly when faced with sophisticated or unclear boundaries
between foreground and background classes. The intersection in the equation represents the number of
pixels where both the predicted and ground truth masks have a value of 1. The union represents the number
of pixels where either the predicted or ground truth mask has a value of 1. To prevent division by zero,
epsilon is a small value (e.g., 1× 10−5) used in the calculations. When using the BCE loss, training can
handle imbalanced foreground and background classes. Since the segmented area of the lesions is smaller
than the background, BCE loss is an appropriate approach to address this issue. On the other hand, Dice loss
is more sensitive to foreground, emphasizing segmentation accuracy. It is reasonable to take advantage of this
sensitivity for appropriate segmentation. Therefore, the BCEDiceloss penalizes false positives and false
negatives through the BCE loss term, while also encouraging overlap between the predicted and ground truth
masks through the Dice loss term. The final BCEDiceloss is the sum of these two terms.

A.2. Dice coefficient
The Dice coefficient is a measure of the similarity between two sets. It is defined by equation (A-4).

A.3. Accuracy
Accuracy is a measure of the overall performance of a binary classification model and is calculated as the
ratio of correctly predicted pixels to the total number of pixels:

Accuracy=
(TP + TN)

(TP + FP + TN + FN)
(A-5)

where true positive (TP) is the number of pixels that are correctly classified as positive, true negative (TN) is
the number of samples that are correctly classified as negative, false positive (FP) is the number of samples
that are incorrectly classified as positive, and false negative (FN) is the number of samples that are incorrectly
classified as negative.

A.4. Precision
Precision is a measure of the proportion of positive predictions that are correct and is calculated as the ratio
of TP to the total number of predicted positives of each pixel (TP+ FP)

Precision=
TP

(TP+ FP)
. (A-6)

A.5. Sensitivity
Sensitivity, also known as recall or true positive rate (TPR), is a measure of the proportion of actual positive
pixels that are correctly identified as positive by the model and is calculated as the ratio of TP to the total
number of actual positives of each pixel (TP+ FN)

Sensitivity=
TP

(TP+ FN)
. (A-7)
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A.6. Specificity
Specificity is a measure of the proportion of actual negative pixels that are correctly identified as negative by
the model and is calculated as the ratio of TN to the total number of actual negatives of each pixel (TN+ FP)

Specificity=
TN

(TN + FP)
. (A-8)

A.7. F1 score
The F1 score is a measure of the harmonic mean of precision and sensitivity and provides a balanced
evaluation of the model performance

F1 score=
2× (Precision× Sensitivity)

(Precision+ Sensitivity)
. (A-9)

A.8. Jaccard index
The Jaccard index, also known as intersection over union (IoU), is a measure used to quantify the similarity
between two sets

Jaccard index=
size of intersection

size of union
. (A-10)

Appendix B

This section provides an explanation of various aspects of the proposed framework, including details
regarding the dataset split for evaluating the model and specific implementation details.

B.1. Quantitative analysis of the proposedWATUNet model for different input image resolutions
The segmentation task on VSI and BUSI images was performed with 3 different network input sizes of
32× 32, 64× 64, and 128× 128. However, attempts to increase image resolutions employing a batch size of
32 were precluded, owing to the excessive memory overhead experienced by the GPU. During the
experiment, the number of training epochs was set to 300 and the batch size was set to 32. Table B-1 displays
the outcomes of the experiment, exhibiting the performance metrics computed utilizing equations (9)
and (A-1) through (A-5). Table B-1 indicates that the input size of 128× 128 yielded the highest values.

B.2. Quantitative analysis of the proposedWATUNet model for different activation functions
In table B-2, the quantitative analysis conducted on the WATUNet model for different activation functions
(i.e. ReLu, LRelu, swish, and mish) revealed that swish outperformed the other functions. This finding
suggests that the swish activation function is better suited for the WATUNet model compared to the other
evaluated activation functions.

B.3. Quantitative analysis of the proposedWATUNet model before and after data augmentation on both
VSI and BUSI dataset
In table B-3, we conducted a comprehensive quantitative analysis of the proposed WATUNet model on both
the VSI and BUSI datasets, comparing its performance before and after the implementation of data
augmentation techniques. The results revealed improvements in the model’s performance following
augmentation. Without augmentation, the model is more prone to memorizing the training data rather than
learning meaningful patterns. As a result, there can be a significant discrepancy between the training and
validation results. The augmented dataset allowed for a more robust and comprehensive training of the
model. These findings highlight the effectiveness of data augmentation in improving the performance and
generalizability of the WATUNet model. The results show that the baseline VSI dataset displays a higher
degree of similarity to the augmented VSI dataset, primarily due to its larger size when compared to the BUSI
dataset.

B.4. Quantitative analysis of the proposedWATUNet model before and after CLAHE preprocessing on
both VSI and BUSI dataset
To analyze the effectiveness of CLAHE, the proposed WATUNet model was evaluated on the test sets utilizing
an image size of 128× 128, a batch size of 32, and employing swish as the activation function. To ascertain
the model’s efficacy, an assessment was conducted on both the original test sets and CLAHE-enhanced test
sets for both the VSI and BUSI datasets. The results in table B-4 indicate that the application of CLAHE had a
positive impact on the outcome, resulting in significant improvements.
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Table B-1. Quantitative evaluation of VSI dataset of different input sizes.

Input resolution Batch_size Accuracy Loss Dice loss Precision F1 Sensitivity Specificity Dice coefficient

32× 32 32 0.989 0.130 0.094 0.877 0.872 0.868 0.996 0.906
64× 64 32 0.984 0.114 0.080 0.932 0.931 0.931 0.994 0.919
128× 128 32 0.991 0.091 0.068 0.947 0.946 0.944 0.997 0.942

Table B-2. Quantitative evaluation of VSI dataset with different activation functions.

Activation function Accuracy Loss Dice loss Precision F1 Sensitivity Specificity Dice coefficient

ReLu 0.980 0.140 0.097 0.918 0.915 0.914 0.993 0.903
LRelu (alpha= 0.1) 0.982 0.120 0.084 0.928 0.927 0.927 0.993 0.916
Swish 0.991 0.091 0.068 0.947 0.946 0.944 0.997 0.942
Mish 0.968 0.099 0.075 0.934 0.935 0.936 0.997 0.925

Table B-3. Quantitative evaluation of applying data augmentation to VSI and BUSI datasets.

Dataset Accuracy Loss Dice loss Precision F1 Sensitivity Specificity Dice coefficient

Augmented VSI 0.991 0.091 0.068 0.947 0.946 0.944 0.997 0.942
Baseline VSI 0.988 0.155 0.109 0.924 0.895 0.871 0.997 0.891
Augmented BUSI 0.983 0.114 0.081 0.932 0.931 0.931 0.994 0.919
Baseline BUSI 0.870 1.884 0.556 0.325 0.448 0.752 0.881 0.444

Table B-4. Quantitative evaluation of applying CLAHE to VSI and BUSI dataset.

Dataset Accuracy Loss Dice loss Precision F1 Sensitivity Specificity Dice coefficient

Original VSI 0.982 0.112 0.077 0.933 0.933 0.934 0.994 0.923
Original BUSI 0.979 0.155 0.107 0.914 0.907 0.903 0.993 0.893
Enhanced VSI 0.991 0.091 0.068 0.947 0.946 0.944 0.997 0.942
Enhanced BUSI 0.983 0.114 0.081 0.932 0.931 0.931 0.994 0.919

Table B-5. Comparison of the performance of WATUNet with some existing ML models with all the same settings and parameters on
the BUSI dataset.

Model Accuracy Loss Dice loss Precision F1 Sensitivity Specificity Dice coefficient

UNet 0.982 0.231 0.139 0.911 0.867 0.834 0.994 0.861
Attention UNet 0.984 0.166 0.106 0.924 0.900 0.878 0.994 0.894
Sharpening UNet 0.984 0.186 0.123 0.885 0.886 0.890 0.992 0.877
Sharp Attention UNet[44] 0.979 0.109 0.072 0.941 0.941 0.943 0.994 0.928
WATUNet model 0.983 0.104 0.078 0.942 0.945 0.947 0.994 0.939

B.5. Comparative analysis of neural network models: performance evaluation and superiority of the
proposed architecture on the BUSI dataset
In table B-5, we compared the performance of the proposed WATUNet algorithm to the other state of the art
UNet-based segmentation methods. WATUNet exhibited improvements on the BUSI dataset, with increases
of 0.4% and 1.1% observed for sensitivity and Dice coefficient, respectively.

ORCID iDs

Donya Khaledyan https://orcid.org/0009-0004-0430-8341
Kevin J Parker https://orcid.org/0000-0002-6313-6605

References

[1] Bray F, Ferlay J, Soerjomataram I, Siegel R L, Torre L A and Jemal A 2018 Global cancer statistics 2018: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries CA Cancer J Clin. 68 394–424

[2] Society A C 2019 Breast cancer facts & figures 2019–2020 Am. Cancer Soc. 1–44
[3] Erlick M et al 2022 Assessment of a brief standardized obstetric ultrasound training program for individuals without prior

ultrasound experience Ultrasound Q. 39 124–8
[4] Marini T J et al 2023 Breast ultrasound volume sweep imaging: a new horizon in expanding imaging access for breast cancer

detection J. Ultrasound Med. 42 817–32

19

https://orcid.org/0009-0004-0430-8341
https://orcid.org/0009-0004-0430-8341
https://orcid.org/0000-0002-6313-6605
https://orcid.org/0000-0002-6313-6605
https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.1097/RUQ.0000000000000626
https://doi.org/10.1097/RUQ.0000000000000626
https://doi.org/10.1002/jum.16047
https://doi.org/10.1002/jum.16047


Mach. Learn.: Sci. Technol. 5 (2024) 015042 D Khaledyan et al

[5] Marini T J et al 2022 No sonographer, no radiologist: assessing accuracy of artificial intelligence on breast ultrasound volume
sweep imaging scans PLOS Digit. Health 1 e0000148

[6] Marini T et al 2021 Testing telediagnostic thyroid ultrasound in Peru: a new horizon in expanding access to imaging in rural and
underserved areas J. Endocrinol. Invest. 44 2699–708

[7] Marini T J, Castaneda B, Baran T, O’Connor T P, Garra B, Tamayo L, Zambrano M, Carlotto C, Trujillo L and Kaproth-Joslin K A
2019 Lung ultrasound volume sweep imaging for pneumonia detection in rural areas: piloting training in rural Peru J. Clin.
Imaging Sci. 9 35

[8] Ferrer J et al 2017 New tele-diagnostic model using volume sweep imaging for rural areas 2017 39th Annual Int. Conf. of the IEEE
Engineering in Medicine and Biology Society (EMBC) (IEEE) pp 2622–5

[9] Marini T J et al 2022 Volume sweep imaging lung teleultrasound for detection of COVID-19 in Peru: a multicentre pilot study BMJ
open 12 e061332

[10] Marini T J et al 2021 Testing telediagnostic right upper quadrant abdominal ultrasound in Peru: a new horizon in expanding access
to imaging in rural and underserved areas PLoS One 16 e0255919

[11] Aggarwal R, Sounderajah V, Martin G, Ting D S W, Karthikesalingam A, King D, Ashrafian H and Darzi A 2021 Diagnostic
accuracy of deep learning in medical imaging: a systematic review and meta-analysis npj Digit. Med. 4 65

[12] Martinez-Millana A, Saez-Saez A, Tornero-Costa R, Azzopardi-Muscat N, Traver V and Novillo-Ortiz D 2022 Artificial intelligence
and its impact on the domains of universal health coverage, health emergencies and health promotion: an overview of systematic
reviews Int. J. Med. Inform. 166 104855

[13] Heidari M, Mirniaharikandehei S, Khuzani A Z, Danala G, Qiu Y and Zheng B 2020 Improving the performance of CNN to predict
the likelihood of COVID-19 using chest x-ray images with preprocessing algorithms Int. J. Med. Inform. 144 104284

[14] Mashhadi N, Khuzani A Z, Heidari M and Khaledyan D 2020 Deep learning denoising for EOG artifacts removal from EEG signals
2020 IEEE Global Humanitarian Technology Conf. (GHTC) (IEEE) pp 1–6

[15] Mashhadi N, Khuzani A Z, Heidari M, Khaledyan D and Teymoori S 2021 Applying a new feature fusion method to classify breast
lesions Proc. SPIE 11597 242–6

[16] Khaledyan D et al 2021 Confidence aware neural networks for skin cancer detection (arXiv:2107.09118)
[17] Khuzani A Z, Mashhadi N, Heidari M and Khaledyan D 2020 An approach to human iris recognition using quantitative analysis of

image features and machine learning 2020 IEEE Global Humanitarian Technology Conf. (GHTC) (IEEE) pp 1–6
[18] Guo Y, Liu Y, Georgiou T and Lew M S 2018 A review of semantic segmentation using deep neural networks Int. J. Multimed. Inf.

Retr. 7 87–93
[19] Hafiz A M and Bhat G M 2020 A survey on instance segmentation: state of the art Int. J. Multimed. Inf. Retr. 9 171–89
[20] Kirillov A, He K, Girshick R, Rother C and Dollár P 2019 Panoptic segmentation Proc. IEEE/CVF Conf. on Computer Vision and

Pattern Recognition pp 9404–13
[21] Arroyo J et al 2022 No sonographer, no radiologist: new system for automatic prenatal detection of fetal biometry, fetal

presentation, and placental location PLoS One 17 e0262107
[22] Otsu N 1979 A threshold selection method from gray-level histograms IEEE Trans. Syst. Man Cybern. Syst. 9 62–66
[23] Khaledyan D, Eshghi M, Heidari M, Khuzani A Z and Mashhadi N 2020 A practical method for pupil segmentation in challenging

conditions 2020 IEEE Global Humanitarian Technology Conf. (GHTC) (IEEE) pp 1–5
[24] Nock R and Nielsen F 2004 Statistical region merging IEEE Trans. Pattern Anal. Mach. Intell. 26 1452–8
[25] Dhanachandra N, Manglem K and Chanu Y J 2015 Image segmentation using K-means clustering algorithm and subtractive

clustering algorithm Proc. Comput. Sci. 54 764–71
[26] Kass M, Witkin A and Terzopoulos D 1988 Snakes: active contour models Int. J. Comput. Vis. 1 321–31
[27] Boykov Y, Veksler O and Zabih R 2001 Fast approximate energy minimization via graph cuts IEEE Trans. Pattern Anal. Mach. Intell.

23 1222–39
[28] Plath N, Toussaint M and Nakajima S 2009 Multi-class image segmentation using conditional random fields and global

classification Proc. 26th Annual Int. Conf. on Machine Learning pp 817–24
[29] Girshick R, Donahue J, Darrell T and Malik J 2014 Rich feature hierarchies for accurate object detection and semantic

segmentation Proc. IEEE Conf. on Computer Vision and Pattern Recognition pp 580–7
[30] Noh H, Hong S and Han B 2015 Learning deconvolution network for semantic segmentation Proc. IEEE Int. Conf. on Computer

Vision pp 1520–8
[31] Badrinarayanan V, Kendall A and Cipolla R 2017 SegNet: a deep convolutional encoder-decoder architecture for image

segmentation IEEE Trans. Pattern Anal. Mach. Intell. 39 2481–95
[32] Jie H J and Wanda P 2020 RunPool: a dynamic pooling layer for convolution neural network Int. J. Comput. Intell. Syst. 13 66–76
[33] Ronneberger O, Fischer P and Brox T 2015 U-Net: convolutional networks for biomedical image segmentationMedical Image

Computing and Computer-Assisted Intervention–MICCAI 2015: 18th Int. Conf. Proc., Part III 18 (Munich, Germany, 5–9 October
2015) (Springer) pp 234–41

[34] Zhou Z, Rahman Siddiquee MM, Tajbakhsh N and Liang J 2018 UNet++: a nested U-Net architecture for medical image
segmentation Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision Support: 4th Int. Workshop,
DLMIA 2018, and 8th Int. Workshop, ML-CDS 2018, Held in Conjunction with MICCAI 2018 Proc. 4 (Granada, Spain, 20 September
2018) (Springer) pp 3–11

[35] Zhou Z, Siddiquee MM R, Tajbakhsh N and Liang J 2019 UNet++: redesigning skip connections to exploit multiscale features in
image segmentation IEEE Trans. Med. Imaging 39 1856–67

[36] Huang H et al 2020 UNet 3+: a full-scale connected UNet for medical image segmentation ICASSP 2020–2020 IEEE Int. Conf. on
Acoustics, Speech and Signal Processing (ICASSP) (IEEE) pp 1055–9

[37] Xiao X, Lian S, Luo Z and Li S 2018 Weighted Res-UNet for high-quality retina vessel segmentation 2018 9th Int. Conf. on
Information Technology in Medicine and Education (ITME) (IEEE) pp 327–31

[38] Zunair H and Hamza A B 2021 Sharp U-Net: depthwise convolutional network for biomedical image segmentation Comput. Biol.
Med. 136 104699

[39] Oktay O et al 2018 Attention U-Net: learning where to look for the pancreas (arXiv:1804.03999)
[40] Khaledyan D, Marini T J, Baran T M, O’Connell A and Parker K 2023 Enhancing breast ultrasound segmentation through

fine-tuning and optimization techniques: sharp attention UNet PLoS One 18 e0289195
[41] Al-Dhabyani W, Gomaa M, Khaled H and Fahmy A 2020 Dataset of breast ultrasound images Data Brief 28 104863

20

https://doi.org/10.1371/journal.pdig.0000148
https://doi.org/10.1371/journal.pdig.0000148
https://doi.org/10.1007/s40618-021-01584-7
https://doi.org/10.1007/s40618-021-01584-7
https://doi.org/10.25259/JCIS_29_2019
https://doi.org/10.25259/JCIS_29_2019
https://doi.org/10.1136/bmjopen-2022-061332
https://doi.org/10.1136/bmjopen-2022-061332
https://doi.org/10.1371/journal.pone.0255919
https://doi.org/10.1371/journal.pone.0255919
https://doi.org/10.1038/s41746-021-00438-z
https://doi.org/10.1038/s41746-021-00438-z
https://doi.org/10.1016/j.ijmedinf.2022.104855
https://doi.org/10.1016/j.ijmedinf.2022.104855
https://doi.org/10.1016/j.ijmedinf.2020.104284
https://doi.org/10.1016/j.ijmedinf.2020.104284
https://doi.org/10.1117/12.2582753
https://doi.org/10.1117/12.2582753
https://arxiv.org/abs/2107.09118
https://doi.org/10.1007/s13735-017-0141-z
https://doi.org/10.1007/s13735-017-0141-z
https://doi.org/10.1007/s13735-020-00195-x
https://doi.org/10.1007/s13735-020-00195-x
https://doi.org/10.1371/journal.pone.0262107
https://doi.org/10.1371/journal.pone.0262107
https://doi.org/10.1109/TSMC.1979.4310076
https://doi.org/10.1109/TSMC.1979.4310076
https://doi.org/10.1109/TPAMI.2004.110
https://doi.org/10.1109/TPAMI.2004.110
https://doi.org/10.1016/j.procs.2015.06.090
https://doi.org/10.1016/j.procs.2015.06.090
https://doi.org/10.1007/BF00133570
https://doi.org/10.1007/BF00133570
https://doi.org/10.1109/34.969114
https://doi.org/10.1109/34.969114
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.2991/ijcis.d.200120.002
https://doi.org/10.2991/ijcis.d.200120.002
https://doi.org/10.1109/TMI.2019.2959609
https://doi.org/10.1109/TMI.2019.2959609
https://doi.org/10.1016/j.compbiomed.2021.104699
https://doi.org/10.1016/j.compbiomed.2021.104699
https://arxiv.org/abs/1804.03999
https://doi.org/10.1371/journal.pone.0289195
https://doi.org/10.1371/journal.pone.0289195
https://doi.org/10.1016/j.dib.2019.104863
https://doi.org/10.1016/j.dib.2019.104863


Mach. Learn.: Sci. Technol. 5 (2024) 015042 D Khaledyan et al

[42] Ezatian R, Khaledyan D, Jafari K, Heidari M, Khuzani A Z and Mashhadi N 2020 Image quality enhancement in wireless capsule
endoscopy with adaptive fraction gamma transformation and unsharp masking filter 2020 IEEE Global Humanitarian Technology
Conf. (GHTC) (IEEE) pp 1–7

[43] Khaledyan D, Amirany A, Jafari K, Moaiyeri M H, Khuzani A Z and Mashhadi N 2020 Low-cost implementation of bilinear and
bicubic image interpolation for real-time image super-resolution 2020 IEEE Global Humanitarian Technology Conf. (GHTC)
(IEEE) pp 1–5

[44] Khaledyan D, Marini T J, O’Connell A and Parker K 2023 Enhancing breast ultrasound segmentation through fine-tuning and
optimization techniques: sharp attention UNet bioRxiv Preprint (https://doi.org/10.1101/2023.07.14.549040)

[45] Zuiderveld K 1994 Contrast limited adaptive histogram equalization Graphics Gems (Academic Press) 474–85
[46] Pizer S M, Amburn E P, Austin J D, Cromartie R, Geselowitz A, Greer T, ter Haar Romeny B, Zimmerman J B and Zuiderveld K

1987 Adaptive histogram equalization and its variations Comput. Vis. Graph. Image Process. 39 355–68
[47] Hindi A, Peterson C and Barr R G 2013 Artifacts in diagnostic ultrasound Rep. Med. Imaging 29–48
[48] Gal Y and Ghahramani Z 2016 Dropout as a Bayesian approximation: representing model uncertainty in deep learning Int. Conf.

on Machine Learning (PMLR) pp 1050–9
[49] Siddique N, Paheding S, Elkin C P and Devabhaktuni V 2021 U-Net and its variants for medical image segmentation: a review of

theory and applications IEEE Access 9 82031–57
[50] Hecht-Nielsen R 1992 Theory of the backpropagation neural network Neural Networks for Perception (Elsevier) pp 65–93
[51] Hanin B 2018 Which neural net architectures give rise to exploding and vanishing gradients? Advances in Neural Information

Processing Systems p 31
[52] Hu Y, Huber A, Anumula J and Liu S-C 2018 Overcoming the vanishing gradient problem in plain recurrent networks (arXiv:1801.

06105)
[53] Porwik P and Lisowska A 2004 The Haar-wavelet transform in digital image processing: its status and achievementsMach. Graph.

Vis. 13 79–98
[54] Brauwers G and Frasincar F 2021 A general survey on attention mechanisms in deep learning IEEE Trans. Knowl. Data Eng.

35 3279–98
[55] Hafiz A M, Parah S A and Bhat R U A 2021 Attention mechanisms and deep learning for machine vision: a survey of the state of the

art (arXiv:2106.07550)
[56] Luong M-T, Pham H and Manning C D 2015 Effective approaches to attention-based neural machine translation (arXiv:1508.

04025)
[57] Ramachandran P, Zoph B and Le Q V 2017 Swish: a self-gated activation function (arXiv:1710.05941)
[58] Park N and Kim S 2022 How do vision transformers work? (arXiv:2202.06709)
[59] Daubechies I 1992 Ten Lectures on Wavelets (SIAM)
[60] Thakral S and Manhas P 2019 Image processing by using different types of discrete wavelet transform Advanced Informatics for

Computing Research: 2nd Int. Conf., ICAICR 2018 Revised Selected Papers, Part I 2 (Shimla, India, 14–15 July 2018) (Springer)
pp 499–507

[61] Graps A 1995 An introduction to wavelets IEEE Comput. Sci. Eng. 2 50–61
[62] Dunn O J 1961 Multiple comparisons among means J. Am. Stat. Assoc. 56 52–64
[63] Benjamini Y and Hochberg Y 1995 Controlling the false discovery rate: a practical and powerful approach to multiple testing J. R.

Stat. Soc. B 57 289–300

21

https://doi.org/10.1101/2023.07.14.549040
https://doi.org/10.1016/S0734-189X(87)80186-X
https://doi.org/10.1016/S0734-189X(87)80186-X
https://doi.org/10.1109/ACCESS.2021.3086020
https://doi.org/10.1109/ACCESS.2021.3086020
https://arxiv.org/abs/1801.06105
https://arxiv.org/abs/1801.06105
https://doi.org/10.1109/TKDE.2021.3126456
https://doi.org/10.1109/TKDE.2021.3126456
https://arxiv.org/abs/2106.07550
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1710.05941
https://arxiv.org/abs/2202.06709
https://doi.org/10.1109/99.388960
https://doi.org/10.1109/99.388960
https://doi.org/10.1080/01621459.1961.10482090
https://doi.org/10.1080/01621459.1961.10482090
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x

	WATUNet: a deep neural network for segmentation of volumetric sweep imaging ultrasound
	1. Introduction
	2. Literature review
	3. Dataset and data preprocessing
	3.1. Data collection
	3.1.1. BUSI dataset
	3.1.2. VSI dataset

	3.2. Data enhancement and augmentation

	4. Methods
	4.1. Model optimization
	4.2. Proposed network
	4.2.1. AG
	4.2.2. WG

	4.3. Network architecture
	4.3.1. Loss function


	5. Results and discussion
	5.1. Quantitative training and validation results on VSI dataset
	5.2. Comparative analysis of neural network models on VSI dataset
	5.3. Visual comparison: segmentation model output vs. ground truth data on VSI and BUSI datasets

	6. Discussion and conclusion
	Appendix A
	A.1.  BCE_Dice loss
	A.2.  Dice coefficient
	A.3.  Accuracy
	A.4.  Precision
	A.5.  Sensitivity
	A.6.  Specificity
	A.7.  F1 score
	A.8.  Jaccard index

	Appendix B
	B.1.  Quantitative analysis of the proposed WATUNet model for different input image resolutions
	B.2.  Quantitative analysis of the proposed WATUNet model for different activation functions
	B.3.  Quantitative analysis of the proposed WATUNet model before and after data augmentation on both VSI and BUSI dataset
	B.4.  Quantitative analysis of the proposed WATUNet model before and after CLAHE preprocessing on both VSI and BUSI dataset
	B.5.  Comparative analysis of neural network models: performance evaluation and superiority of the proposed architecture on the BUSI dataset

	References


