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Abstract: The aim of this project is to recognize features in ultrasound breast images. And an improved DSA-U++ model is 
proposed based on the image classification task, the traditional U-Net++ in the encoder part in the face of ultrasound images 
there is a lack of feature extraction, to solve this problem we use Resnet50 as the backbone of the extraction, in order to further 
enhance the ability of the feature learning, we also introduced the ASPP module, to help capture contextual information at 
different scales, and a module R-AS is designed to enhance the model multi-scale perception ability. information to enhance the 
model's multi-scale perception ability and a module R-AS. the output of R-AS after five stages is used as the encoding part of 
U-Net++, and the feature information extracted by the encoder is reconstructed and enhanced in the decoder part. In order to 
reduce the computational complexity and the number of parameters, and to maintain a certain feature extraction ability, we 
replace the traditional convolution in the decoder part of U-Net++ with a depth-separable convolution, which is experimentally 
validated on the AI Algorithm Elite Challenge dataset, which consists of ultrasound breast images with four features, namely, 
orientation, edges, calcifications, and shapes, and is trained with the DSA-U++ model. After the DSA-U++ model is trained, it 
improves on several indexes, not only improving the recognition ability of subtle features in ultrasound breast images, but also 
effectively improving the performance of image classification. 
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1. Introduction: 
In 2021, breast cancer has surpassed lung cancer as the 

most frequently diagnosed cancer worldwide, and globally, 
especially in women early detection and accurate diagnosis 
are important to improve patient survival [1]. And the World 
Health Organization's International Agency for Research on 
Cancer has released shows that it is expected to be increasing 
by 2070 [2, 3]. Among the many imaging methods, ultrasound 
imaging has become an important tool for the detection of 
breast diseases due to its noninvasiveness, real-time nature, 
and good discriminatory ability for dense breast tissue. 
However, due to the inherent limitations of ultrasound images 
themselves and the complexity of breast anatomy, its 
application in breast tumor detection and diagnosis still faces 
many challenges. 

First, the quality of ultrasound images and the complexity 
of anatomical structures greatly affect the accuracy of 
detection. The quality of ultrasound images is constrained by 
a variety of factors, such as the depth of acoustic wave 
penetration, the density of the breast, and the scattering of the 
acoustic beam. Breast tissue consists of a variety of 
components such as fat, glands, and fibers, and its complex 
anatomical structure is prone to form shadows, artifacts, and 
unclear structures in the image, which makes accurate 
detection and localization of tumors extraordinarily difficult. 
Secondly, surrounding tissues, shape, margin contour, lesion 
boundaries, and posterior acoustic features are important 
factors to be considered in classifying a lesion [4]. The 
morphology of breast tumors may vary from individual to 
individual; for example, some tumors are extremely small and 
irregularly shaped, while others may be highly similar to the 
surrounding tissue. The accuracy for identifying tumors of 
different sizes also varies [5], and this diversity not only 
increases the difficulty of tumor detection in ultrasound 

images, but also puts higher demands on the robustness of the 
model. In addition, the similarity of benign and malignant 
breast tumor characteristics further exacerbates the diagnostic 
complexity. Certain benign and malignant tumors may 
present similar morphological features in ultrasound images, 
such as clear boundaries or homogeneous internal echoes, etc., 
which poses a great challenge to accurately differentiate 
benign and malignant tumors. Finally, noise and artifacts in 
ultrasound images are not to be ignored. False-positive or 
false-negative results often appear in ultrasound images due 
to interfering factors such as instrument noise, artifacts, and 
patient motion artifacts, leading to misdetections or missed 
detections. 

Deep learning can learn more image features from a large 
amount of image data, which is of great significance in the 
field of image processing [6]. It has been widely used in fields 
such as computer vision [7, 8] and natural language 
processing [9, 10]. However, traditional ultrasound image 
diagnosis based on texture and morphological features of its 
images, which are manually analyzed by experienced doctors 
[11], shows some limitations in the recognition of breast 
lesions. With the rapid development of deep learning 
technology, many remarkable results have been achieved in 
the research of medical image processing [12, 13]. 

U-Net++, as a classical convolutional neural network 
architecture for image segmentation tasks, significantly 
enhances the network's ability in multi-scale feature fusion 
and detail recovery by introducing nested bar hopping 
connections and dense hopping connection structure on the 
basis of traditional U-Net. It is widely used due to its finer 
structure and excellent segmentation performance. In this 
project, we apply it to an image classification task to capture 
richer and more diverse features using its dense connections. 
However, U-Net++ is in the encoder part, and its feature 
extraction capability is insufficient when facing complex and 
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detail-rich images. We design an R-AS encoder module that 
employs Resnet50 as its backbone network, which utilizes its 
deep residual structure to enhance the feature extraction 
capability while effectively solving the problem of gradient 
vanishing. In addition, we also introduce a null-space pyramid 
pooling module for enhancing the model's ability to perceive 
features at different scales. The high computational 
complexity of the structure of U-Net++ leads to slow 
inference, especially when applied on resource-limited 
devices. In order to reduce the computational complexity and 
improve the inference efficiency, we replace some of the 
traditional convolutions in U-Net++ with depth-separable 
convolutions. 

2. Related Work: 

2.1. Data Sources: 
The dataset in this paper is derived from the AI Algorithm 

Elite Challenge competition dataset, which is labeled with the 
assistance of professional physicians to ensure the accuracy 
of data labeling. The breast feature dataset contains four types 
of features: orientation, edge, calcification and shape, and 
each type of feature is represented by a binary label (0 and 1), 
where 0 indicates benign features and 1 indicates malignant 
features. As shown in Table 1. 

 
Table 1. Demonstration of breast characterization dataset 

 direction boundary calcification shape 

benign 

  

malignant 

  

descriptive 

Parallel: The long axis of 
the mass is parallel to the 

skin, i.e. horizontal position. 
Non-parallel: the anterior-
posterior diameter of the 
mass is larger than the 

transverse diameter, i.e., 
vertical position. 

Luminescence: the mass has 
well-defined borders and 

there is a distinct mutation 
between the lesion and the 

surrounding tissue. 
Unglossy: the mass has 

blurred borders and may 
exhibit a hyperechoic halo, 

angularity, microfoliation, or 
burr-like appearance. 

Calcification: localized 
areas of highlighting 
(calcified spots) are 

visible in the ultrasound 
image 

No calcification: no 
visible areas of 

highlighting in the 
ultrasound image. 

Regular: the mass is 
round, oval or large 

lobulated. 
Irregular: the shape 
of the mass is neither 

round nor oval. 

2.2. Data Pre-processing 
The images of different sizes of feature training set are 

adjusted to 224*224 before the experiment to facilitate the 
training and reduce the amount of computation at the same 
time. And all the image values are normalized to improve the 
algorithm accuracy and accelerate the convergence speed of 
the algorithm. The images are randomly rotated by 90°, and 
then some of the images are vertically flipped and 
horizontally flipped. It helps to enhance the diversity of the 
data and reduce the overfitting caused by different 
orientations. 

2.3. Network Model DSA-U++ 
We propose an improved deep learning model based on 

ResNet [1] and UNet++ [2] for feature classification of 
ultrasound breast images. Specifically, the DSA-U++ model 
first uses the R-AS module instead of the original encoder of 
U-Net++ for feature extraction, and the R-AS module 
employs ResNet50 as well as the ASPP module to adequately 
extract the multi-scale features of the image. Resnet is a 
network model that has been applied to visual tasks such as 

image classification and semantic segmentation. Its multiple 
stacking by a special residual module can avoid the situation 
of gradient vanishing or gradient explosion, but also can learn 
deep features in a short time. The R-AS module is shown in 
Fig 1. 

The R-AS module contains 1 convolution block, 4 residual 
blocks, and 5 outputs. The convolution block is composed of 
1 convolutional layer of size 7×7, batch normalization layer, 
activation layer, and 3×3 maximum pooling layer. The 
convolutional residual blocks are all composed of 
convolutional kernels of size 1 × 1, 3 × 3, and 1 × 1. The 
residual formula is shown in (1). 

          ( ) ( )H x F x x                 (1) 

In the formula: F( )x   denotes the output of the 
convolutional layer and represents the output obtained after 
convolution; x  is the input to the residual block, from the 
feature map of the previous layer; ( )H x  are the outputs of the 
residual blocks.R-AS2, R-AS3, R-AS4, and R-AS5 are 
obtained from the outputs of 3, 4, 6, and 3 residual blocks, 
respectively.  
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Fig 1. R-AS module 

 
In our model DSA-U++, R-AS1 is rich in spatial detail 

information due to its inclusion. So, the output feature map R-
AS1 is obtained after multi-scale feature extraction by 
applying the null-space convolutional pooling pyramid, 
together with the output of the four feature maps R-AS via 
four residual blocks, respectively, constitutes the encoder part 
of U-Net++. Subsequently, in the decoder part, we improve 
the network based on the U-Net++ architecture by replacing 
some of the traditional convolution operations with depth-
separable convolutions, thus effectively reducing the number 
of model parameters and computational complexity while 
maintaining the feature expression capability. Five feature 
maps of different sizes R-AS replace the original encoder 
output of U-Net++, which is then decoded. ,i jX   is a 

convolutional unit. i   denotes the i-th downsampling layer, 
j represents the jth convolutional layer in the current jump-

connected layer, Suppose ,i jx   is the output of the 

convolution ,i jX .The output ,i jx of each convolutional unit 

in Fig. 2 can be expressed by equation (2): 
1,

,

, 1 1, 1
0

( ( )), 0

0([( ) , ( )]),

i j
i j

i k j i j
k

H D x j
x

jH x U x



  


   
     (2) 

In the formula: ( )D   denotes the current node, ( )H  

denotes the convolution operation and the activation function; 
denotes the upsampling operation; [ ]   denotes the feature 

map splicing operation. When 0j   , the node receives only 
inputs from the previous downsampled layer; when 0j   , 
the node receives 1j    inputs, including jump connections 
and the upsampled layer as inputs. 
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Fig 2. SA-U++ network model 

 
We also replace some of the traditional convolution blocks with depth-separable convolutions in the DSA-U++ model. 
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Its effectively reduces the computational and parametric 
quantities of the model by splitting the standard convolution 
into depth convolution and point-by-point convolution, while 
retaining the important feature extraction capabilities. The 
output image of the decoder part goes through a fully 
connected layer for the classification task. With this improved 
design, especially in the case of ultrasound images where 
lesions are usually small and of low contrast, this optimization 
not only enhances the computational efficiency of the model, 
but also improves the classification accuracy to a small extent. 

2.4. Depthwise Separable Convolution 
Depthwise separable convolution was first proposed by 

howarda [1] and others. It is shown to be divided into two 
main processes, channel-by-channel convolution and point-
by-point convolution. Channel-by-channel convolution 
differs from ordinary convolution in that its convolution 
kernel adopts a single-channel mode, where each channel of 
the input image is convolved to obtain an output feature map 
with the same number of channels as that of the input, which 
extracts the spatial features of the input image. Point-by-point 
convolution makes up for the shortcomings of channel-by-
channel convolution that does not effectively utilize the 
feature information of different channels, using a 1*1 
convolution kernel, and outputs a feature map after all 
channels are aggregated. 

 

1C W H
1 W HC K K 

11 1 C 

2C
2C

 
Fig 3. Depthwise Separable Convolution 

 
First, channel-by-channel convolution convolves its input 

image using convolution kernels with the same number of 
channels 1C  respectively, and 1C  feature maps are obtained 

after convolution: 1W W HHC K K   ,However, the feature 

information between the channels was not utilized in the 
meantime. Thus, in point-by-point convolution, using 

11 1 C    convolution kernel for channel-by-channel 

convolution to get 1C  feature maps for inter-channel feature 

information fusion, to get 2C  number of channels of feature 

maps as the output, the computational volume of its 
convolution is: 1 2WHC C . The computational effort of using 

depthwise separable convolution is: 1 1 2W W HHC K K WHC C   . 

The computational effort to obtain 2C  output feature maps 

using conventional convolution of input convolution with 
channel number 1C  and size HWK K  is : 1W W HHC K K  . The 

ratio of the computational effort of the two is : 
2

1 1

W HC K K
  . 

The convolution kernel size W HK K  used in this experiment is 

3x3. It can be seen that the computational effort of depth-
separable convolution is about 1/9th of that of conventional 
convolution. 

2.5. Atrous Spatial Pyramid Pooling 
The ASPP module is used to enhance the capability of 

convolutional neural networks in processing multi-scale 
information, especially in image segmentation tasks. ASPP 
was firstly applied in the DeepLab [1] family of models, 
aiming to enhance the model's ability to perceive features at 
different spatial scales through the introduction of null 
convolution at different scales and global average pooling. By 
capturing the contextual information of an image at different 
scales, the model's ability to distinguish between objects and 
backgrounds is improved, especially in images with complex 
structures and fuzzy boundaries. 

Null convolution, i.e., inserting nulls in the convolution 
kernel to increase the size of the perceptual field without 
increasing the amount of computation or pooling operations. 
In the ASPP module of this experiment, cavity convolution 
with expansion rates of 6, 12, and 18 is used, which enables 
the model to perceive the features of the image at different 
scales and thus capture both local and global information. It 
is also capable of expanding the receptive field, thus 
increasing the model's ability to perceive larger regions. 

 

Input
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3x3 Conv
rate 6

1x1 Conv

Upsample

Output

1x1 Conv

 
Fig 4. ASPP 

 
The module consists of multiple parallel branches that 

capture features at different scales in the image by using 3x3 
null convolution with different expansion rates. The 1x1 

ordinary convolution, null convolution is spliced with the 
image obtained after global average pooling via 1x1 ordinary 
convolution and up adoption again. And further feature fusion 
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is performed by a 1x1 ordinary convolution to output multi-
scale features. This enables the model to capture both local 
features and global information in the image, thus improving 
the robustness and accuracy of the model. As shown in Fig. 4. 

3. Experiments and Results 

3.1. Experimental Environment 
This experiment experiments Pycharm as compiler, using 

Python-3.10.15 as compiler, the experimental framework is 
Pytorch. the hardware environment is 12th Gen Intel(R) Core 
(TM) i7-12700H 2.30 GHz, graphics card is NVIDIA 
GeForce RTX3060 Laptop GPU, 64-bit Windows operating 
system. 

3.2. Evaluation Indicators 
In this experiment, the accuracy Accuracy, F1 value was 

used to evaluate the result of ultrasound breast image feature 
recognition and the formula was calculated as follows: 

N

+

F
P N

P N P

T T
Accuracy

T T F


  
 (3) 

P

P N

T
Recall

T F



 (4) 

P

P P

T
Pr

T F
ecesion 


 (5) 

1

2 Pr Re

Pr Re

ecision call
F

ecision call

 



 (6) 

In the formula: PT   refers to the number of correctly 

categorized positive samples, which are predicted to be 
positive and are actually positive; PF  refers to the number of 

negative samples incorrectly labeled as positive samples, 
which are actually negative samples predicted to be positive; 

NT   refers to the number of correctly categorized negative 

samples, which are predicted to be negative and are actually 
negative; and NF   refers to the number of positive samples 

incorrectly labeled as negative samples, which are actually 
positive samples predicted to be negative. 

3.3. Experimental Results 
In this experiment the DSA-U++ model is compared with 

known image classification models and modified image 
segmentation models. These models include Resnet34, U-Net, 
U-Net++, Vgg16 [1], and Msa2Net [2]. The experimental 
results are shown in the table. 

 
Table 2. Accuracy, F1 value results for each model 

model 
Accuracy (%)

mAcc(%) mF1(%) 
direction boundary calcification shape

U-Net 84.5 78.9 87.7 88.7 84.9 68.2
U-Net++ 84.8 81.6 84.2 89.6 85.0 67.4
Vgg16 84.1 80.6 86.7 89.7 85.2 68.8 

Msa2Net 84.1 80.4 83.3 89.1 84.2 68.8 
DSA-U++ 85.4↑ 79.8↑ 87.1 89.8↑ 85.5↑ 67.5

As shown in Table 2, the improved algorithm based on 
Resnet-U-Net++ for image classification is also effective and 
accurate. Compared to the common image classification 
algorithm Vgg16, there is also some improvement. 

3.4. Conclusion 
In this paper, we propose a deep learning model, DSA-U++, 

based on ResNet34 and U-Net++ improvement for feature 
classification of ultrasound breast images. The model 
employs ResNet34 as an encoder to efficiently extract 
multiscale features in the image, and also introduces the R-
AS module designed by the convolutional pooling pyramid in 
the null space to enhance the representation of multiscale 
contextual information. Subsequently, in the decoder part, 
based on the improved DAS-U++ model, we replace part of 
the traditional convolutional blocks with depth-separable 
convolutions, which not only reduces the number of model 
parameters and the computational complexity while 
maintaining the feature expressiveness, but also preserves the 
detailed information of the image more adequately. The dense 
hopping connections of U-Net++ also help to fuse the 
different levels of features, enabling the model to can utilize 
more contextual information. 

With the above improved design, the DSA-U++ model is 
able to capture subtle lesion features in ultrasound breast 
images more comprehensively and achieve accurate 
classification based on multi-level feature fusion. The 
experimental results show that the model also improves in 
classification accuracy compared to the traditional model, 

which verifies the effectiveness of the proposed method in 
medical image feature extraction and classification tasks. 
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