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Abstract: This paper presents a Fine-grained Feature Extraction U-Net (FgFEU-Net) model to realize 

automatic localization and segmentation of breast cancer lesions with breast ultrasound images. In 

the FgFEU-Net model, we used the transfer learning method to replace the coding part of the 

backbone network with the VGG16 model to achieve deep and fine-grained feature extraction. The 

extracted low-level information is combined with the high-level knowledge of the U-Net decoding 

layer at the same layer and converted into high-resolution information to pinpoint lesions precisely. 

Finally, the high-resolution information is transformed into a high-resolution image through the 

final convolutional layer. In addition, the combo loss is adopted to deal with the imbalance between 

organ input images and their output images. The proposed model was tested and predicted in the 

BUS2018 (Breast Ultrasound Images 2018) dataset, and the proposed evaluation metric of accuracy, 

precision, and sensitivity reached 99.03%, 96.83%, and 99.35%, respectively. 

Keywords: breast tumor; deep learning; transfer learning; combo loss; semantic segmentation 

 

1. Introduction 

Biomedical image segmentation is essential in many medical applications [1,2]. Although 

segmentation methods based on CNN (convolutional neural network) can achieve accuracy, these 

methods usually rely on supervised training with large labeled datasets [3,4]. Annotating biomedical 

images requires a lot of expertise and time and is not feasible on a large scale. To solve the problem 

of labeling data, researchers usually use manual preprocessing, manual adjustment of the framework 

structure, and data augmentation [5]. However, these techniques involve complex engineering work 

and are often targeted to specific datasets. 

According to statistics from the International Agency for Research on Cancer (IARC) under the 

WHO, 8.2 million people died of cancer in 2012, which is expected to rise to 27 million in 2030. Breast 

cancer is one of the most severe diseases of women [6,7]. Breast cancer diagnosis is usually performed 

by imaging systems or procedures, such as mammography, MRI, ultrasound images, and thermal 

imaging [8–11]. Medical image science research for cancer screening has been conducted for over 40 

years. However, in clinical applications, live detection based on case images is undoubtedly the 

standard for detecting breast cancer. It is also essential for doctors to take the best treatment measures 

when accurately classifying pathological images. 

There are usually two methods of detecting breast tumors. One is an artificial feature extraction-

based image classification method, and the other is a deep learning-based pathological image 
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classification method [12,13]. Traditional artificial feature-based breast cancer pathological 

classification methods mainly use artificial extraction features and support vector machines, random 

forests, nearest neighbor algorithms, and other classifiers to complete the classification based on these 

features [14–16]. In addition, since medical images involve patient privacy and medical ethics issues, 

the samples available for deep learning (DL) model training on breast cancer pathology images are 

minimal, which will seriously affect the model prediction accuracy and precision [17,18]. Based on 

previous research, we propose an enhanced transfer learning-based method for breast tumor 

segmentation and perform validation experiments on the Breast Ultrasound 2018 (BUS2018) [19] 

dataset. Firstly, the normalization [20] method is used for data preprocessing because the image sizes 

in the dataset are inconsistent. Secondly, data enhancement techniques such as flipping, translation, 

and denoising are used to process the graphics to expand the amount of trainable data [21,22]. Finally, 

the current popular U-Net medical image segmentation model is adopted as the basic model [23], 

and an improved model is constructed with VGG16 [24,25]. ReLU is adopted as the activation 

function [26]. In the DL model, binary cross entropy loss and dice coefficient loss are often used [27]. 

The advantage of this method is that in small sample datasets, the model can improve the accuracy 

of tumor segmentation without reducing the accuracy. 

For medical image processing and analysis tasks, the network model needs to consider the 

image’s high-level semantic information and low-level features [28,29]. Traditional segmentation 

methods often used include RF (Random Forest) algorithm, kNN (K-Nearest Neighbor) algorithm, 

SVM (Support Vector Machine), and DL approaches, including CNN, LSTM, Bi-LSTM, ResNet, 

DenseNet, and VGGNet [30–33]. 

Edge detection, template matching techniques, and statistical models were employed in early 

medical image segmentation tasks. Zhao et al. [34] proposed an edge detection-based algorithm lung 

CT image segmentation technique. Lalonde et al. [35] used a template-matching method based on 

Huffman sentence distance for tumor image segmentation. Chen et al. [36] proposed a template 

matching method to achieve tumor image segmentation in brain CT. Tsai et al. [37] adapted a shape-

based method 2D and 3D segmentation method for prostate MRI images. Li et al. [38] adopted an 

active profile model to segment liver tumors from abdominal CT images. In contrast, Li et al. [39] 

proposed a BBDS (Biomedical Body Data Segmentation) framework by CLS (Combining Level Sets) 

and SVM. 

We have benefited from a literature review of research on medical image segmentation, some of 

which are impressive. Inspired by [40], we adopt dice loss [41] and Binary Cross-entropy loss (BCE) 

[42,43] to compose the combo loss function of the proposed enhanced model. Compared with the 

model training prediction in the case of Tversky (TC), BCE, and dice loss, we try to find the best 

model performance for breast tumor segmentation. Constructing an improved CNN model and 

selecting an appropriate loss function to realize breast tumor semantic segmentation is challenging 

when the number of sample categories is unevenly distributed. 

The main contributions of this paper are as follows: 

(1) Based on the transfer learning (TL) method, the FgFEU-Net model is proposed for breast tumor 

segmentation. The model adopts U-Net model as the backbone network, Vgg16 as the pre-

training model for fine-grained feature extraction, and adopts combined loss as a loss function. 

(2) To solve the imbalance between input and output in organ images, the combination loss is 

employed in the experiments. The performance of the model with TC loss, dice coefficient, and 

binary cross loss are compared with lots of experiments, respectively. 

(3) The model performance is compared with SVM, CNN, VGG16, VGG19, and U-Net in the same 

dataset. Experimental results indicate that the proposed model obtained the best segmentation 

performance. 

The rest of this paper is organized as follows. Section 2 is related work. Section 3 is the 

methodology, including the proposed method, loss function, and evaluation metrics. Section 4 

presents experiments and analysis, including experimental dataset description, experimental 

procedure, experiment result, and discussion. Section 5 presents the conclusion. 
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2. Related Work 

Since the feature learning CNN is used to be insensitive to image noise, blur, contrast, and so 

on, CNN models exhibit excellent performance in medical images [44]. In 2015, Ronneberger et al. 

[23] proposed a U-shaped semantic segmentation network for medical image processing, which 

attracted the attention of researchers. It is a fully symmetrical U-net structure based on image 

encoding and decoding and adopts the skip-connection mechanism [45,46]. In 2019, Isensee et al. [47] 

proposed an adaptive medical image segmentation model no-new-Net (nnU-Net). The basic model 

of this method is U-Net. 

In the numerous literature, in addition to establishing DL models, researchers mainly optimize 

the model from data preprocessing, loss function selection, supervision strategy of the training 

process, and so on. Seyed et al. [48] used the Tversky Loss (TC) function as a loss function for image 

segmentation with 3D fully connected CNNs. Yeung et al. [49] use unified focal loss as the loss 

function to solve the imbalance problem of the distribution of the number of medical images sample 

categories. In this method, the author adopts the generalized dice and Cross-Entropy (CE) loss to 

construct the Unified Focal loss function. CE loss is a typical function widely used in classification 

tasks and applied to the currently popular U-Net model [50]. In contrast, the attention-based U-Net 

method proposed by Schlemper et al. [51] and the V-Net model by Milletari et al. [52] applied the 

dice coefficient as the loss function. In image segmentation tasks, loss functions are roughly divided 

into assignment-based, region-based, and boundary-based [53]. 

In recent years, more and more classification tasks have used the combined loss as the loss 

function and achieved perfect results. Taghanaki et al. [40] employed dice and cross-entropy loss to 

construct a loss function for the segmentation task. Although these loss functions perform well in 

specific medical image segmentation tasks, they are not general and are primarily used based on 

particular models and large datasets to perform well. Galli et al. [54] proposed a pipelined tracer-

aware approach for breast tumor detection. This method uses the three-time-points (3TP) processing 

process to achieve feature extraction and detection of breast tumors. However, this method is 

implemented based on the DCE-MRI method, which requires continuous sampling of images and 

consumes a lot of computation. 

In addition, Yang et al. [55] proposed the CTG-Net cross-task network framework in breast 

tumor segmentation, Zovathiet al. [56] adopted the region labeling-based breast lesion segmentation 

method, and Fu et al. [57] proposed the automatic breast cancer segmentation framework based on 

attention mechanism. The AlexSegNet network proposed by Singha et al. [58] was used for breast 

tumor segmentation. According to the latest DL trend of nuclear segmentation in histopathological 

images by Basu et al. [59], from 2017 to 2021, medical image segmentation has developed from the 

original CNN to the current U-Net model and corresponding variant models, and the segmentation 

accuracy has been significantly improved. These research pieces of literature guide our research 

work. 

3. Methodology 

In this section, we propose a DL-based model on tumor segmentation in breast ultrasound 

images based on the theory of TL and present several loss functions based on this model. In addition, 

we briefly introduce the model evaluation metrics. 

3.1. Proposed Approach 

Basic U-Net Model. The U-shaped Network (U-Net) was proposed by Ronneberger et al. [23] at 

the MICCAI conference in 2015. It is a breakthrough in DL in medical image segmentation tasks. U-

Net model is developed based on FCN, mainly including an encoder, BN (Bottleneck module), skip-

connection, decoder, and other parts. The structure of our expected U-Net model for the breast cancer 

tumor segmentation is shown in Figure 1. 
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Pre-trained Model. Based on the DL model, the VGG16 trained on the ImageNet. It is adopted 

in object recognition, object classification, and other tasks due to features and low-level detail 

extraction characteristics. In the VGG16 model, the pre-trained weights of the VGG16 network are 

derived from the large image dataset ImageNet. The ImageNet image dataset contains 3.2 million 

annotated images in 5247 categories, characterized by large scale, deep hierarchical density, diversity, 

and complexity. Therefore, the pre-trained weights obtained in this dataset have better generalization 

and robustness. Applying pre-trained weights obtained in extensive data sets to medical image 

processing with small data samples can achieve better results and improve the efficiency of feature 

extraction and prediction accuracy using the concept of TL. 

 

Figure 1. U-Net model architecture for breast tumor segmentation. 

Overall Architecture. To meet the small sample segmentation task, we employed the TL method 

to fuse VGG16 and U-Net networks with an FgFEU-Net model to achieve the mission of breast tumor 

segmentation. The proposed network structure is shown in Figure 2. The model is mainly constructed 

by five parts, such as input layer, encoding layer, decoding layer, final convolution layer (Final-

conv2D), and output layer. 

The input layer is the input of the original image, the size is normalized to a dimension of 256 × 

256 × 3, and the output layer is the segmentation mask of the predicted breast cancer lesion area. The 

encoding layer consists of the first ten layers of the VGG16 network. These ten layers are divided into 

four pairs of stacks, each subjected to 2 or 3 convolution operations. A dropout layer is introduced in 

the convolution operation to prevent model training from overfitting. The convolution kernel size in 

the stacked layer is 3 × 3, the encoding layer is output through the maxpool layer, and the window 

size of the maxpool layer is 2×2. As the number of network layers increases, the number of 

convolution kernel channels doubles after each pooling operation until it equals 512. Because the 

sample data of the experimental dataset is small, the first ten layers of parameters of the VGG16 pre-

training model are used to initialize the parameters of the encoding layer convolution kernel through 

the TL method. It can speed up the model convergence while enhancing the model generalization 

ability. Due to the deepening of the depth of the network layer, the representation of the input by the 

encoding layer is more and more abstract, higher-dimensional features are extracted at the same time, 

and the feature expression ability of the image is gradually enhanced. After the coding layer 

processing, the image scale is reduced to 16 × 16. 

The decoding layer adopts the U-Net network structure, which consists of four layers linked to 

the upsampling operation. Each layer also performs 2-3 different convolution operations. The 

convolution kernel size is 3 × 3, and the dropout layer is set between the convolution layers. Contrary 

to the encoding layer, convolution kernel channels gradually decrease as the decoding layer goes 

deeper. In the up-sampling operation, the traditional fully connected convolutional neural (FC) maps 

the image layer by layer and only up-samples the final mapping result to obtain an image whose size 

is the same as the input image, ignoring the intermediate mapping layer in the process. The output 

information has a particular symbolic ability for the image. The decoding layer utilizes the idea of 

the residual network. It connects the information of the intermediate mapping layer with the 
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corresponding decoding layer by constructing a copy channel so that the gradient context 

information can be propagated to the higher resolution layer to combine the deep abstract features 

with the corresponding decoding layer. The shallow features are combined to locate the gray-level 

category image information. 

 

Figure 2. The architecture of the proposed FgFEU-Net model based on TL. 

The final convolution layer (Final-Conv) performs two convolution operations, the convolution 

kernel size is 3 × 3, 1 × 1, and the number of convolution kernels is 3. After two convolution operations, 

the image size is restored to the exact dimensions of the input image. 

In the FgFEU-Net model, image encoding is the process of down-sampling. The encoding layer 

comprises four convolution operations and pooling operations stacked, and the convolution kernel 

and maximum pooling window sizes are 3×3 and 2×2, respectively. In the first layer, the convolution 

kernels is 64, then increases layer by layer, and the number of convolution kernels in the fourth layer 

is 512. Similarly, the process of image decoding is also the process of up-sampling. The decoding 

layer also contains four layers. Each decoding layer comprises the convolution kernel and max 

pooling layers, and an up-sampling operation links each stack. The convolution kernel size of each 

layer is 3 × 3, and the maxpool window size is 2 × 2. The number of convolution kernels gradually 

decreases from bottom to top, and the number of convolution kernels in the fourth layer is 64. The 

fourth layer of the decoding layer is linked with the final convolutional layer. After the final 

convolutional layer has undergone two convolutions, the segmentation mask of the breast cancer 

tumor is output through the Sigmoid classification function. 

In our proposed FgFEU-Net model, the features of high-order and low-order images are 

extracted hierarchically by constructing replication channels, thus ensuring that the final output 

image contains the contextual information of the original image. In the down-sampling part, we 

adopt four convolution operations. The features of breast cancer tumor lesions in the sample image 

are extracted layer by layer by including convolution kernels of different sizes in each layer through 

the four-layer deconvolution operation in the up-sampling part. The information of the intermediate 

mapping layer is connected with the corresponding decoding layer information by constructing a 

replication channel. In this process, the high-resolution extraction of layer-by-layer low-level 

information is realized to accurately locate the location of tumor lesions, realize the semantic 

segmentation of tumor lesions, and help clinicians identify breast cancer tumor lesions and diagnose 

the disease. 

3.2. Loss Function 

Binary Cross-entropy Loss. Cross-entropy (CE) [42,60] measures the difference between two 

probability distributions for a given random variable or set of events. Since the cross-entropy loss is 

pixel-level segmentation, excellent results can be obtained in image segmentation tasks. BCE Loss is 

the binary classification cross-entropy loss. Since the breast tumor segmentation task is a classification 
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task of background and lesion mask, it is a binary classification task. Hence, BCE loss is very suitable 

for this task. The definition of BCE Loss is shown in equation (1). 

( ) ( ) ( ) ( )( ), log 1 logˆ 1ˆ ˆ
BCEL y p y p y p= − + − −  (1) 

Here, y is the actual value of the sample, and p̂ is the predicted value. 

Dice Coefficient Loss. Dice coefficients are often employed to measure the similarity of two 

samples in the DL model. The range of dice coefficients is [0,1], the larger the value, the closer the 

segmentation effect is to the actual value. In 2016, Carole et al. [27] used Dice loss as an essential 

indicator for model evaluation. Since then, the Dice Loss function has been familiar to researchers. 

The definitions of Dice coefficient and Dice Loss are shown in equations (2) and (3). Here, one is 

added in the numerator and denominator to ensure that the function is not undefined in edge-case 

scenarios such as when y= p̂ =0. From equation (3), then the dice loss is region-related loss. It means 

that a pixel loss and gradient value are related to the label and predicted value of that point, and the 

label and expected value of other problems, which is different from CE loss and BCE. 

ˆ

ˆ

2yp
Dice

y p
=

+
 (2) 

( )
( ) ( )1

ˆ
ˆ

ˆ ˆ

1
,

1 1 ˆ
TC

pp
L p p

pp p p p p 

+
=

+ + − + −
 (3) 

Tversky Coefficient Loss. Seyed et al. [44] proposed the Tversky Loss function in CVPR 2018 

based on the Tversky coefficient (TC). The TC mainly describes the similarity between the two 

features. TC is an extension of the dice coefficient, which uses α and β penalty coefficients to increase 

the weight of false positives (FP) and false negatives (FN). TC is defined as equation (4). 

( )
( ) ( )

ˆ
ˆ

ˆ
,

1ˆ ˆ1

pp
TC p p

pp p p p p 
=

+ − + −
 (4) 

Here, when α = β = 0.5, it is regarded as a regular dice coefficient. Equation (5) is the definition 

of TC loss. 

( )
( ) ( )

 
ˆ

ˆ
ˆ

,
ˆ1ˆ

1

1 1
TC

pp
L p p

pp p p p p 

+
=

+ + − + −
 (5) 

Here, 1 is added to the numerator and denominator to prevent the denominator from having a 

0 value. 

Combo Loss. Since BCE Loss performs well in two-class DL models, it can solve the gradient 

descent problem of model learning, especially in the learning rate gradient descent of small sample 

dataset training. On the other hand, because dice Loss can solve the problem of model overfitting 

well, it is widely used in medical image segmentation tasks, showing excellent performance. 

However, because the error curve in the model training is very confusing using dice Loss, it is difficult 

to observe the model convergence information, which is generally replaced by checking the error on 

the validation set. Therefore, combining the advantages of BCE and dice loss and maximizing the 

elimination of the interference caused by unfavorable factors, we use BCE and dice loss to form a 

combined loss function. The definition of combo loss is shown in equation (6). 

Combo Dice BCEL L L= +  (6) 

Finally, the calculation of the combo loss is shown in equation (7). 

( ) ( ) ( ) ( )( )1
ˆ2

, 1 log log 1ˆ ˆ ˆ
ˆ 1

Combo

yp
L y p y p y p

y p
= − − + − −

+ +
 (7) 
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Here, y is the actual value of the sample, and p ̂ is the predicted value of the sample predicted 

by the model. 

3.3. Evaluation Metrics 

Dice Similarity Coefficient. To evaluate the performance of the model and the effect of image 

segmentation, and compare it with the prediction effect of other loss functions, we adopt the DSC 

evaluation index [60–62]. The DSC is calculated by equation (8). 

2 2

2

P R TP
DSC

P R TP FP FN


= =

+ + +
 (8) 

where the symbol P and R are predictive and actual labels, respectively. TP, FP, and FN represent 

true positive, false positive, and false negative rates. In addition, we also calculated the sensitivity 

and precision metrics of semantic segmentation, and the calculation formulas are shown in equations 

(9) and (10). 

TP
Sensitivity

TP FN
=

+
 (9) 

TP
Precision

TP FP
=

+
 (10) 

MIoU. MIoU (Mean Intersection over Union) is a standard metric for semantic segmentation. 

MIoU is obtained by calculating the average of the intersection and union ratio of the two sets of 

actual and predicted values. Compared with the IoU metric, MIoU can better demonstrate the 

segmentation performance of the model. In the semantic segmentation task, these two sets are the 

ground truth denoted as G, and the predicted value (Predicted Segmentation) denoted as P. 

Assuming that i represents the actual value, j represents the expected value. Pij represents the 

probability of predicting i as j, then MIoU is calculated by equation (11), which is equivalent to 

equation (12). 

0
0 0

1

1

k
ij

k k
i

ij ji iij j

p
MIoU

K p p p=
= =

=
+ + −

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0

1

1

k

i

TP
MIoU

K FN FP TP=

=
+ + +
  (12) 

4. Experiments and Analysis 

Based on the proposed model, loss function, and evaluation metrics described in section 3, we 

conducted detailed experiments, which will be described in this part, including dataset description, 

experimental procedures, experiment environment, and results. Finally, we discuss the experiment 

result. 

4.1. Dataset Description 

All images from the BUS2018[19] dataset were collected at baseline, including breast ultrasound 

images from women aged 25 to 75. These images were obtained in 2018. In this study, we use BUS2018 

an experimental dataset which includes 874 benign tumor images, 266 normal images, and 420 

malignant tumor images, both real and mask images. The average image size is 500×500 pixels, and 

the images are in PNG format. Due to the varying size of the sample images, we process all images 

size to 256 × 256 pixels. Since the mask feature value of normal sample images is zero, we only use 
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benign and malignant tumor images and their mask for model training, a total of 1294 images. Since 

the number of samples is minimal, we divide the new dataset into a training and test dataset in a 

ratio of 8:2. 

4.2. Experimental Procedures 

The purpose of breast tumor image segmentation is to quickly and accurately identify the 

location of tumor lesions in breast ultrasound images and automatically generate tumor masks, 

providing an essential basis for doctors to diagnose diseases. Therefore, in our experiment, an 

ultrasound image of breast cancer (an ultrasound image with lesions) is input, the location of the 

lesion can be accurately predicted by the model, and the corresponding mask is generated. At the 

same time, calculate the DSC, MIoU, and precision values. The experimental procedure mainly 

includes the following four steps. 

Data preprocessing. Due to the different sizes of the sample images in the BUS2018 dataset, we 

need to normalize the images first. In the data preprocessing process, invalid ultrasonic images were 

eliminated, and the size of all images was processed as 256 × 256. 

Model parameter settings. As described in Section 3, in the encoding and decoding parts of the 

proposed model, we set the convolution kernel size to 3 × 3 and the pooling window size to 2 × 2, and 

extracted breast tumor ultrasound image lesions feature through the VGG16 model. The deep-level 

fine-grained information is merged with the up-sampling layer of the decoding part at the same layer 

and restored to high-resolution lesion information, which provides high-level information for the 

precise localization of lesions in the final convolutional layer. Considering the tiny number of 

samples, we set the batch size to 8, the training epoch to 100, and ReLU as an activation function. The 

initial learning rate is 0.00001, the learning rate is specified in the range of [0.00001, 1), and the early-

stopping mechanism is used to dynamically adjust the learning rate of model training. The dropout 

used in the coding part is 0.07, which retains the deep features of the lesions, and the dropout set in 

the decoding layer is 0.1, which contains the high-level information of the image, which provides a 

guarantee for the improvement of fine-grained features of the lesions and high-level information. 

Adam is used as the optimizer. The convolution kernel size in the final convolution layer is 3 × 3, and 

1 × 1, respectively. After two convolutions, the Sigmoid classification function separates the lesion 

area from the background image, and the output breast tumor segmentation corresponds to the mask 

images. 

Model training and testing. First, the TC loss is used for the loss function, and by setting six 

groups, different thresholds are used to train and test the model. We attempt to find the best 

combination of penalty coefficients through the model performance change curve to prepare for 

model optimization. Then, through the test dataset for model testing, check the prediction 

performance and evaluation indicators. In addition, we also used BCE Loss, dice loss, and combo loss 

to train the model, and compared the training results under different loss functions. We use the early-

stopping mechanism to monitor the validation loss to avoid overfitting and try to get the best model 

performance during the training process. 

Model prediction and evaluation. To evaluate the impact of different loss functions on model 

prediction results, we trained and tested the model under different loss functions in the same data 

set, and loss rate, accuracy rate, precision, and IoU indicators, and sampled some of the prediction 

results with other model prediction results are compared. The evaluation indicators such as DSC, 

MIoU, and PPV mask image predicted by the model are displayed. 

4.3. Experimental Environment 

The experiments use benign and malignant tumors and their corresponding mask images for 

model training and testing. After removing some sample images without mask images, the final 

dataset size for model training and testing is 1294, including 874 benign tumors and their mask 

images and 420 malignant tumors and their mask images. Since the sample data is minimal, we 

randomly select 80% of the images for model training and 20% for testing. In addition, we normalized 
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the images before the model training and uniformly processed the images into a pixel size of 256 × 

256 due to the different image sizes. 

The experimental computer is a graphics workstation equipped with an Intel Core I7, 32G 

memory, and a 2T hard disk, and it can access the Internet. In addition, it is equipped with an Nvidia 

GeForce RTX 3060Ti graphics card. The experimental software environment uses the Windows 10 

operating system with an installed scientific computing library and the Python programming 

language for data processing, algorithm implementation, and model construction. 

4.4. Experiment Result 

In the TC loss function, the effect of different thresholds (e.g., α, β) on the model training results 

is shown in Figure 2 shows the change curve of the loss rate and the accuracy rate during the training 

process. Figure 4 shows the variation curve of DSC and loss rate for model training under different 

thresholds. Figure 5 shows model performance curves at different thresholds. In Figure 5, we mainly 

examine the MIoU, Sensitivity, and PPV performance metrics of the model training process. Table 1 

shows the loss and accuracy metrics of different loss functions in model training. Figure 6 shows the 

results of model predictions at different thresholds. Such as Figure 7, Figure 8 and Figure 9 show the 

performance curves of models trained with BCE loss, Dice loss, and Combo loss, respectively. Figure 

10 shows the prediction results of the models trained with different loss functions. Table 2 shows the 

evaluation indicators of DSC, Precision, Sensitivity, and MIoU predicted by different loss function 

models. 

In addition, we compared the proposed method with commonly used tumor lesion 

segmentation methods, and the experimental results are shown in Table 3 compares the proposed 

method with the basic CNN, VGG16, VGG19, and their enhanced models. The experimental results 

reveal that the proposed method performs more excellent than the traditional model segmentation. 

Also, in the proposed method, the FgFEU-Net model performs better segmentation than the base U-

Net model. The proposed FgFEU-Net model has a lower loss rate and better accuracy in both the 

model training and testing phases. In all model tests, the F1 value of the FgFEU-Net model reached 

0.9815, and the ROC value reached 0.9906, which is the best among all models. Therefore, 

experiments show that the FgFEU-Net model has excellent segmentation performance in tumor 

detection. 

 

Figure 3. Accuracy and loss rate curve of model training under different penalty coefficients by TC loss function 

(In where, (a) α=0.1, β=0.9, (b) α=0.2, β=0.8, (c) α=0.3, β=0.7, (d) α=0.5, β=0.5, (e) α=0.5, β=0.5, (f) α=0.70, β=0.75.). 
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Figure 4. Dice coefficient (DSC) and loss rate curve of model training under different penalty coefficients by TC 

loss function (In where, (a) α=0.1, β=0.9, (b) α=0.2, β=0.8, (c) α=0.3, β=0.7, (d) α=0.5, β=0.5, (e) α=0.5, β=0.5, (f) 

α=0.70, β=0.75.). 

 

Figure 5. Performance of model training with different penalty coefficients using TC loss function (In where, (a) 

α=0.1, β=0.9, (b) α=0.2, β=0.8, (c) α=0.3, β=0.7, (d) α=0.5, β=0.5, (e) α=0.5, β=0.5, (f) α=0.70, β=0.75.). 

Table 1. Model Test Loss-Accuracy using TC loss, BCE loss, Dice loss, and Combo. 

Loss Function 
Model Prediction Evaluation 

 Penalty Coefficient 

TC Loss 

α β Loss Accuracy 

0.5 0.5 0.0602 0.9876 

0.4 0.6 0.0746 0.9848 

0.3 0.7 0.0988 0.9777 

0.2 0.8 0.0549 0.9801 

0.1 0.9 0.0956 0.9612 

0.7 0.75 0.0537 0.9866 

BCE Loss 0.0161 0.9916 

Dice Loss 0.0874 0.9836 

Combo Loss 0.0750 0.9903 
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Table 2. Evaluation metrics using TC loss, BCE loss, Dice loss, and Combo loss in model prediction. 

Loss Function 
Model Prediction Evaluation 

 Penalty Coefficient 

TC Loss 

α β DSC MIOU Sensitivity Precision 

0.5 0.5 0.9400 0.8456 0.9436 0.9368 

0.4 0.6 0.9160 0.8163 0.9692 0.8702 

0.3 0.7 0.9015 0.7414 0.9435 0.8194 

0.2 0.8 0.8903 0.7742 0.9863 0.8119 

0.1 0.9 0.7635 0.5993 0.9496 0.6398 

0.7 0.75 0.9356 0.8346 0.9097 0.9632 

BCE Loss 0.9501 0.8654 0.9690 0.9222 

Dice Loss 0.9138 0.8083 0.9556 0.8773 

Combo Loss 0.9802 0.8645 0.9935 0.9683 

Table 3. The lesion evaluation metrics of the proposed model are compared with methods in the literature in the 

breast tumor segmentation experiments. In comparative experiments, we compare the commonly used medical 

tumor segmentation models in the references, including CNN, VGG, LSTM, Bi-LSTM, ResNet, DenseNet, the 

currently popular U-Net model, and their enhanced models. The evaluation indicators of the comparative 

experiments include the loss and accuracy during model training and testing, respectively. 

Model 
Loss Accuracy 

F1 ROC 
Training Test Training Test 

SVM 0.1325 0.1589 0.9832 0.9829 0.9829 0.9876 

CNN 0.4088 0.5516 0.7474 0.7924 0.7862 0.9016 

VGG16 0.4363 0.7057 0.9017 0.7350 0.7322 0.8645 

VGG16_Enhanced 0.0315 0.0751 0.9866 0.9573 0.9567 0.9819 

VGG19 0.7640 0.5889 0.9480 0.7607 0.7571 0.8937 

VGG19_Enhanced 0.1016 0.1519 0.9866 0.9573 0.9576 0.9879 

LSTM 0.2457 0.8186 0.8859 0.7761 0.6855 0.6838 

Bi-LSTM 0.1105 0.7648 0.9732 0.8034 0.7999 0.8034 

ResNet50 0.1574 0.2764 0.9782 0.9573 0.9570 0.9903 

DenseNet121 0.1774 0.2392 0.9285 0.9159 0.9126 0.9215 

U-Net 0.0756 0.1985 0.9861 0.9656 0.9602 0.9762 

FgFEU-Net (Ours) 0.0161 0.0874 0.9916 0.9836 0.9815 0.9906 
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Figure 6. Effect and evaluation metric of model prediction under different penalty coefficients with TC loss 

function (In where, (a) α=0.1, β=0.9, (b) α=0.2, β=0.8, (c) α=0.3, β=0.7, (d) α=0.5, β=0.5, (e) α=0.5, β=0.5, (f) α=0.70, 

β=0.75.). 

 

Figure 7. The model training curve under the BCE loss function ((a) presents the loss rate and accuracy curve, 

(b) represents the loss rate and DSC curve, (c) illustrates the model training performance evaluation curve, 

including MIoU, Sensitivity, and Precision metrics.). 

 

Figure 8. The model training curve under the Dice loss function ((a) presents the loss rate and accuracy curve, 

(b) represents the loss rate and DSC curve, (c) represents the model training performance evaluation curve, 

including MIoU, Sensitivity, and Precision metrics.). 
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Figure 9. The model training curve under the combo loss function ((a) presents the loss rate and accuracy curve, 

(b) represents the loss rate and DSC curve, (c) represents the model training performance evaluation curve, 

including MIoU, sensitivity, and precision metrics.). 

 

Figure 10. The prediction results of the model under different loss functions. 

4.5. Discussion 

Based on the BUS2018 dataset, we use the TL method to build a FgFEU-Net model based on the 

U-Net model and compare the effects of different loss functions on model training and prediction. 

The experimental results are analyzed as follows. 

Model training loss and accuracy with different loss functions. From the loss rate change curves 

in Figure 3 to Figure 9, we can see that the influence of different thresholds on model training changes 

significantly in the use of TC Loss. In all cases where the sum of α and β is 1, the point of α=β=0.5 is 

the best, as shown in (e) in Figure 3. In this case, TC Loss is precisely Dice Loss. In contrast, the model 

performance is outstanding when the sum of α and β is greater than 1, as shown in (f) in Figure 8. 

There is no jumping phenomenon because the loss rate of model training drops relatively smoothly. 

Under other loss function settings, we can conclude that the model has the best performance under 

the Combo loss function, as shown in Figure 9 (a). 

Loss and DSC. Similarly, in the adoption of TC Loss, when α=β=0.5, the change of DSC is the 

best, as shown in Figure 4 (e). In contrast, the model’s performance is better when the sum of α and 

β is greater than 1, as shown in (f) in Figure 4. There is no jump phenomenon because the DSC rise of 

the model training is relatively smooth. Under other loss function settings, we can conclude that the 

model has the best performance under the Combo loss function, as shown in Figure 9 (b). 

Model training performance. In the adoption of TC Loss, when α=β=0.5, the performance of the 

model is the best, as shown in (e) Figure 4, Precision is almost equal to sensitivity, but it is finally 

maintained at the level of 0.93. In contrast, when the sum of α and β is greater than 1, as shown in (f) 

in Figure 4, the performance of the model is better. Because the precision of model training rose more 

smoothly and reached a maximum of 0.98, sensitivity finally remained at the level of 0.93. Compared 

with the case of (e), the model training accuracy of (f) is greatly improved. Under other loss function 

settings, through the performance curve of model training, we can conclude that the performance of 

the model under the Combo loss function is the best, the precision rises more smoothly and gradually 

approaches 1, and the sensitivity is finally maintained at the level of 0.95 as shown in Figure 9 (c). 
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Analysis of model prediction results. From the two aspects of model prediction results and 

evaluation indicators, in TC loss, when α=0.70, β=0.75, the model predicts the best results, while under 

other loss rate functions, the model predicts the best in the case of Combo loss best results. Through 

comparison, we found that the BCE loss prediction rate is 0.0161, the accuracy rate is 0.9916, and the 

Mean IoU is 0.8654, the highest prediction among all models. In the case of combo loss, the model’s 

predicted loss rate is 0.0750, the accuracy rate is 0.9903, and the Mean IoU is 0.8645, second only to 

the case of BCE loss. Among the evaluation indicators of DSC, Sensitivity, and Precision, the model 

predicted the best results in the case of Combo loss, reaching 0.9802, 0.9935, and 0.9683, respectively. 

In the case of BCE loss, the evaluation index values of DSC, Sensitivity, and Precision reached 0.9501, 

0.9690, and 0.9222, respectively, and the prediction performance was second only to the prediction 

performance of the model in the case of Combo loss. 

On the other hand, from the model-predicted breast cancer tumor lesion mask results, the model 

predicted the best DSC/MIoU/PPV performance in the case of BCE Loss reaching 

0.9555/0.8534/0.9967. The best performance of DSC/MIoU/PPV predicted by the model in the case of 

Dice loss reaches 0.9593/0.8823/0.9469. The best performance of DSC/MIoU/PPV predicted by the 

model under Combo loss is 0.9776/0.8350/0.9739. Therefore, the performance of our proposed model 

is excellent. With naked-eye visual observation, the mask predicted by our proposed model has a 

clear outline, and its height coincides with the lesion area of the original image, achieving the aim of 

breast tumor semantic segmentation. Further, Table 3 shows that our proposed FgFEU-Net model 

performs best in breast tumor segmentation experiments. 

5. Conclusion 

This paper proposes an FgFEU-Net model for tumor segmentation in breast ultrasound images 

based on TL. In the experiment, BUS2018 is used as the experimental dataset, the basic U-Net model 

as a backbone network, TC, dice, BCE, and combo loss to train and test the proposed FgFEU-Net 

model, and DSC/MIoU/Precision as the model to predict evaluation indicators. Experimental results 

indicate that the FgFEU-Net model with combo loss performs the best in model training and testing, 

followed by dice loss. The proposed method achieves 0.9802, 0.9683, and 0.9935 in DSC, precision, 

and sensitivity, respectively. In general, using the proposed model and finding a combined loss 

function can improve model prediction accuracy and be competent for small sample medical image 

segmentation without losing the model accuracy. It also solves the problem of unbalanced input and 

output of medical image segmentation. 

Furthermore, the proposed method is compared with their enhanced models with SVM, CNN, 

VGG16, VGG19, LSTM, Bi-LSTM, ResNet, and DenseNet. Experimental results indicate that the 

proposed method performs better segmentation than the traditional model and has better 

segmentation performance than the basic U-Net model. Of course, our proposed method has not been 

experimented on other datasets. This is our future work. 
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