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Abstract: UNet and its various variants are commonly used methods in medical image segmentation tasks; however, many 
network parameters, complex calculations, and slow usage are problems that need to be overcome. These problems hinder the 
specific application of fast image segmentation in real-time tasks. At the same time, the lesion area has problems such as small 
size, irregular shape, and blurred edges, which makes the network feature extraction difficult and the segmentation accuracy 
needs to be improved. At the same time, medical image segmentation provides a variety of effective methods for the accuracy 
and robustness of organ segmentation, lesion detection, and classification. Medical images have fixed structures, simple 
semantics, and diverse details, so integrating rich multi-scale features can improve segmentation accuracy. Given that the density 
of diseased tissue may be comparable to that of surrounding normal tissue, both global and local information are crucial to 
segmentation results. To this end, we propose an image segmentation method (SC -UNe X t) based on edge feature extraction 
and multi-scale feature fusion of convolutional multi-layer perceptron (MLP). The network is a deeply supervised encoder-
decoder network, in which the encoder and decoder pass through a series of nested, multiple jump paths to reduce the semantic 
gap between the feature maps of the encoder and decoder sub-networks.; Multi - scale feature fusion is introduced based on the 
UNe Finally, we evaluate our model approach on the LIDC dataset public dataset. Experiments have proven the effectiveness of 
this method. Our model's similarity coefficient and intersection ratio reached 86.44% and 90.86% respectively. Compared with 
UNet and UNe X t, the network proposed in this article has improved in accuracy, intersection ratio of real values and predicted 
values, similarity coefficient, and segmentation effect. 
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1. Introduction  
Skin diseases often occur in daily life and cause great 

trouble to patients. Doctors need to diagnose the diseased 
areas during their work to help patients recover as soon as 
possible. At the same time, lung inflammation is a serious 
disease that may be caused by long-term living habits and 
genetic mutations. Lung lesions initially manifest as 
inflammation, but over time, the accumulation of many 
diseases in the lungs may manifest as inflammation, so the 
initial diagnosis of pulmonary nodules is very important. 
When diagnosing pulmonary nodules in the early stage, the 
large number of patients usually leads to excessive fatigue of 
doctors. Therefore, doctors are required to repeatedly check 
CT images to better determine the area of pulmonary nodules 
and ensure that the diagnosis results are correct. In recent 
years, with the continuous development of deep learning, this 
technology has been widely used in clinical diagnosis to assist 
doctors in quickly detecting CT images and reducing 
misdiagnosis rates. However, due to the small size and 
irregular shape of the lesion area, traditional methods have 
certain limitations when segmenting images. They may not be 
able to accurately locate the nodule position, resulting in low 
model segmentation accuracy, and may even increase with the 
network model layer. Deepening loses some information, so 
that more features cannot be effectively obtained. 

To this end, this paper proposes a lesion image 
segmentation method based on UNe X t combined with multi-
scale feature fusion and attention mechanism. First, we 
introduce a multi - scale feature fusion mechanism based on 
the UNe An attention mechanism is introduced based on X t; 
finally, we use a joint loss function to improve the sensitivity 
of the network model to edge features. 

2. Related Work 
Previous researchers have tried to build an extremely 

accurate, effective, and automatic lesion area segmentation 
system that can help doctors detect lesion areas. These 
attempts are divided into two broad categories: image 
processing -based models and deep learning-based models. 
Image processing models including morphological operations, 
region growing algorithms and energy optimization 
techniques are the most commonly used methods. In the 
morphology-based approach, researchers used morphological 
opening operations and connection component selection 
methods to remove vessels attached to nodules. However, it 
is challenging to use fixed-size morphological templates to 
isolate lesions that have extensive contact areas with other 
lesion regions. As a result, more complex morphological 
processes incorporating shape assumptions are introduced. 
Kuhnigk et al. 8 found that vessel radius decreased as it 
evolved toward the lung periphery. Furthermore, they 
recommended the combined use of rolling ball filters and 
rule-based pleural nodule analysis. Selection of 
morphological template size is a significant challenge for 
morphological methods because it is difficult to identify 
appropriate templates for morphology of different nodule 
sizes. Zhou et al12 introduced a fully automated lung 
segmentation method for parapleural nodules. Nonlinear 
anisotropic diffusion filtering method is used to reduce image 
noise. The chest region is extracted using thresholding, 2D 
hole filling and maximum connected component search 
methods. Lung parenchyma was separated using fuzzy c-
means algorithm, region growing algorithm and dynamic 
programming method. Abbas et al21 proposed a method to 
segment pulmonary nodules in CT images. Preprocessing 
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techniques such as unsharp energy masking and discrete 
wavelet transform have been used to enhance images. The 
proposed system has an area overlap measure (AOM) of 95%, 
a combined equal importance (CEI) of 92%, a Hausdorff 
distance (HDD) of 91%, and a Hamoud distance (HMD) of 
87%. Long et al.22) developed a fully convolutional neural 
network (FCN) for semantic segmentation. The fully 
connected layers of the CNN are removed and 
deconvolutional layers are introduced to make the output 
dimensions the same as those of the input image. Skip 
connections are introduced, which combine coarse and fine 
layers to make dense predictions possible. Ronneberger et 
al.23 modified and extended FCN and designed a new U Net 
architecture for biomedical segmentation -. UNet is unique in 
that the network can perform accurate segmentation with 
fewer training images. 

UNeXt is a paper released by Johns Hopkins University in 
2022. It uses convolutions in the early stages and MLP in the 
latent space stage. The convolutional features are labeled and 
projected through a tokenized MLP block, and the 
representation is modeled using the MLP. UNeXt is an 
important improvement direction for lightweight 
segmentation. The network adopts overlap-tile strategy, data 
enhancement, and weighted loss technology, which can be 
applied to real-time fast image segmentation with simple 
calculation and fast speed. 

The most obvious difference between UNet and UNe to 
further improve performance, we recommend shifting the 
input Channel when inputting mlp in order to focus on 
learning local dependencies. Using tokenized MLP in the 
latent space reduces the number of parameters and 
computational complexity while producing better 
representations to aid segmentation. The network also 
includes skip connections between encoders and decoders at 
all levels. Test results show that compared with the current 
state-of-the-art medical image segmentation architecture, 
UNeXt reduces the number of parameters by 72x, reduces 
computational complexity by 68x, increases inference speed 
by 10x, and also achieves better segmentation performance. 
Experiments on different data sets have proven that the 
segmentation effect of the UneXt network needs to be further 
improved to meet the requirements of instant diagnosis, 
accuracy and efficiency of medical pathology images. 

Although the above methods have improved traditional 
deep learning methods, satisfactory results cannot be obtained 
by improving only one method or targeting a certain structure 
of the model. To this end, this paper proposes an image 
segmentation method (SC-UNeXt) based on UNeXt that 
combines edge detection, feature fusion and attention 
mechanisms to improve the segmentation of lesion areas. 

3. Method 

3.1. SC-UneXt Network Architecture 
In the research, in order to better realize the accurate real-

time segmentation task and avoid the problem of losing local 
low-dimensional features through direct large-area 
upsampling, which leads to the loss of too many features on 
the segmentation boundary and the inability to restore 
complete edge information, only through features The graph 
superimposes feature information in the channel dimension to 
retain feature information. This will cause the last few layers 
of feature maps to be too bloated, causing the model to require 
a large amount of calculations. Based on these problems, we 

adopt a multi-branch feature fusion network for medical 
image segmentation. We first propagate contextual 
information to higher-resolution layers through progressive 
upsampling to obtain preliminary low-level semantic features. 
We avoid superimposing feature information in the channel 
dimension of UNet's series of related models, and choose the 
method of feature map multiplication to fuse features ; 
therefore, most of the feature information is well preserved, 
and boundary information can be effectively obtained , 
effectively reducing the number of failures. The designed skip 
link uses more detailed low-dimensional feature information 
as a supplement to feature fusion to ensure that the accuracy 
is slightly better than UNet (Zhou et al., 2018, 2020), 
ResUNet++ (Jha et al., 2019) and other networks run much 
faster than other models; it also has the advantages of high 
training efficiency and strong generalization ability. 

 

 
Figure 1. SC-UneXt structure 

 

Overall framework Our network consists of three parts: 
encoder, multi-scale cross-skip connection and decoder. In 
order to better integrate semantic and scale- inconsistent 
features and further improve the segmentation effect, we 
propose a cross-joint attention-guided Multi-scale fusion 
scheme, which solves the problems that arise when fusing 
features of different scales.  

3.2. Convolutional Attention Modules 
Convolutional Block Attention Module (CBAM) consists 

of channel attention and spatial attention. Among them, 
channel attention strengthens the connection between features 
in different channels by using maximum pooling and average 
pooling to pay attention to the information between different 
channels; spatial attention improves the spatial connection of 
the network by paying attention to space. Combining the 
channel and spatial attention mechanisms, adaptive feature 
extraction can be achieved. The CBAM model structure is 
shown in Figure 2. 

 
Figure 2. CBAM module 

 
CBAM can be expressed by the following formula: 

ᇱܨ ൌ ⊗ሻܨ஼ሺܯ  (1)                      ܨ

ᇱᇱܨ ൌ ᇱሻܨ௦ሺܯ ⊗  ᇱ                    (2)ܨ
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Among them, F is the feature map, ܿܯand ܯ௦represents 
channel-based and spatial-based attention respectively, 
⊗ represents element-wise multiplication, ܨᇱ and 
 ᇱᇱrepresents the output feature map after channel attentionܨ
and spatial attention respectively. Since the input and output 
sizes of the CBAM module are the same, it can be inserted 
anywhere in an existing model. 

3.3. SC Jump Link Module  
segmentation network contain more fine-grained 

information, which facilitates the segmentation of small 
lesions. Deep segmentation networks can extract more high-
level semantic information, thereby improving segmentation 
accuracy. In addition, rich multi-scale information integrates 
the characteristics of different receptive fields, which is 
beneficial to the segmentation of multi-lesion areas. The skip 
connection is redesigned to aggregate features of different 
semantic scales on the decoder subnetwork to form a highly 
flexible feature fusion scheme. The SC skip connection is an 
operation that connects simple and effective deep and shallow 
information fusion. In SC - UNeXt; Jump link takes the first 
layer as an example: 

ଵݖ ൌ ݂ሺሾሺ2ݔ, ൅ݖଶሻ ⊗ ଵሿݔ ൅  ଶሻ         (3)ݖ
Z3 feature information fed back by the jump link is fused 

with the Z4 advanced semantic features obtained by the 
convolution operation and the upsampling operation, and then 
the upsampling operation is performed. 

3.4. PFM Pyramid Feature Fusion Module 
In order to make the network capable of multi-scale 

detection, the article uses deconvolution to expand feature 
layers at different levels to the same size, and then adds them 
at the element level. The fused feature layer has richer multi-
scale features. 

3.5. Joint Loss Function 
The joint loss function is composed of a mean square error 

loss function and an edge loss function. The complex, diverse 
and unclear edge contours of lesions have a great impact on 
the segmentation effect of the lesion area. Therefore, 
increasing the weight of edge feature information samples is 
of great significance to the segmentation effect, for this we 
use the edge loss function. The joint loss function is defined 
as:  

Mean squared error loss function (MSE): 

L൫ܻห݂ሺݔሻ൯ ൌ
ଵ

௡
∑ ൫Y୧ െ fሺx୧ሻ൯
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Edge feature loss function Edge loss: 
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Joint loss function Loss (total) : 
ሻ݈ܽݐ݋ݐሺݏݏ݋ܮ ൌ ሻܧܵܯሺݏݏ݋ܮ ൅  ሺ݁݀݃݁ሻ    (6)ݏݏ݋ܮ

Increasing the edge feature semantics in the sample weight 
in the joint loss function can better optimize edge information. 

4. Experimental Settings 

4.1. Dataset  
in the experiment. The NIH Chest X-ray Dataset contains 

112,120 disease-labeled X-ray images from 30,805 unique 
patients. There are 15 categories (14 diseases and " none 
found "). Images can be grouped into " no findings " or one 
or more disease categories, showing 14 common chest 
pathologies. The NIH chest X-ray dataset itself does not 
contain lung field labels. We randomly selected 2785 samples, 

and doctors marked the lung fields of the images. We call this 
new dataset Haut. The TeHaut dataset contains some severely 
blurred, occluded, and distorted chest X- rays. The Haut data 
set contains 1647 normal people and 1138 CXR lung field 
mask patients, including 193 cases of infiltration, 111 cases 
of atelectasis, 78 cases of effusion, 65 cases of nodules, 54 
cases of masses, 43 cases of pneumothorax, and heart disease. 
There were 37 cases of enlargement, 37 cases of pleural 
thickening, 34 cases of pleural thickening with fibrosis, 25 
with consolidation, 21 with emphysema, 11 with edema, 10 
with pneumonia, 2 417 had a hernia and 417 suffered from 
multiple medical conditions (including any two or more of the 
above). To use Efcientnet-b4, as a preprocessing step, the 
image is downsized to 256×256 pixels. 

To bring our experiments as close as possible to point-of-
care imaging, we chose the International Skin Imaging 
Collaboration (ISIC 2018) to benchmark our results. The ISIC 
dataset contains camera-acquired skin images and 
corresponding skin lesion region segmentation maps. The 
ISIC 2018 dataset consists of 2594 images. We resized all 
images to a resolution of 512 × 512. 

4.2. Experimental Settings 
We use the Adam optimizer with a learning rate of 0.0001 

and a momentum of 0.9. We also used a cosine annealing 
learning rate scheduler with a minimum learning rate up to 
0.00001. The batch size is set to 8. We trained UNeXt for a 
total of 400 epochs. We perform an 80-20 random split three 
times on the dataset and report the mean and variance. 
Evaluation indicators, we use IoU, Dice Segmentation index 
to quantify the segmentation ability of SC-UneXt, Dice 
Similarity Coefficient (DSC), Dice coefficient is a set 
similarity measure, I O U is used to evaluate the degree of 
similarity between predictions and true values. Semantic 
segmentation can be viewed as pixel-level classification. True 
Positive (TP): The model prediction is a positive example, 
that is, a positive example. False positive (FP): The model 
predicts a positive example, but it is a negative example. False 
Negative (FN): The model prediction is a negative example, 
but it is a positive example. True Negative (TN): The model 
prediction is a counterexample, it is a counterexample. 

݁ܿ݅ܦ ൌ
ଶ்௉

ଶ்௉ାி௉ାிே
                (7) 

ܷܱܫ ൌ
்௉ା்ே

்௉ା்ேାி௉ାிே
                (8) 

Dice is usually used to calculate the similarity of two 
samples. The value range is 0 - 1. The best segmentation result 
is 1 and the worst value is 0. I OU is calculated as the ratio of 
the intersection and union of the two sets of real values and 
predicted values. The larger the ratio, the higher the similarity 
between the real value and the predicted value, the better the 
segmentation effect. 

5. Experiment 

5.1. Experimental Results 
The network frameworks used in our comparative 

experiments include the most advanced CNN-based networks, 
such as U-Net, U-NeXt, and SC-UneXt. Below we will 
quantitatively and qualitatively compare the test results. 
analyze. Furthermore, the number of parameters in each 
network is kept to two decimal places. Evaluation of 
dermatology datasets. Quantitative result analysis, the 
quantitative comparison results of the data set using different 
methods are shown in  
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Figure 3. Skin disease segmentation effect 

 
The following table SC-UneXt is the segmentation 

evaluation indicators Dice, Iou, parameter amount and 
computing power consumption: 

 
Table 1. Segmentation evaluation index 

Method FLOPS Parameters Dice IOU 

U-Net 
25.06 

GFLOPs 
9.04 MB 84.84% 76.37%

ResUNet++ 19.31GFLOPs 7.67 MB 85.73% 77.12%

UNext 0.10 GFLOPs 247.62 KB 86.64% 78.71%

SC-UNeXt 0.13 GFLOPs 243.63 KB 87.12% 79.13%

 
We noticed that the IoU and Dice of SC -UNeXt are 2.74% 

and 2.76% higher than U-Net respectively, 0.48% and 0.42% 

higher than U- NeXt respectively, and 1.39% and 2.01% 
higher than ResUNet++. We noticed, compared with U-Net's 
9.04 M parameters, SC -UNeXt's 243.63 KB parameters are 
also relatively low, roughly the same as UNext. While 
retaining the lightweight, simple calculation, and fast 
characteristics of unext, the segmentation effect has been 
significantly improved from the dice coefficient and IOU 
coefficient. Regarding the computational power consumption 
of the model, that is, in terms of flops, it consumes less than 
Unet, which ensures the lightweight of the model and saves 
the consumption of computing power. 

5.2. Ablation Experiment _ 
In actual situations, if a model is to be put online, the model 

needs to be repeatedly debugged to prevent the model from 
performing better only on known data sets and performing 
poorly on unknown data sets. That is to ensure the 
generalization ability of the model, which refers to the 
adaptability of machine learning to fresh samples. Only by 
ensuring the generalization ability of the model can the 
construction of the model be meaningful. Therefore, cross-
validation is particularly important throughout the modeling 
process. Use training set/test set splitting and cross-validation 
methods to avoid this situation. As shown in the figure below, 
split the data set into training set/test set, and perform cross-
validation on the training set to obtain the best model 
parameters., thereby obtaining the score of the model on the 
test set. 

This experiment adopts five-fold cross-validation and 
conducts cross-validation experiments on SC-UneXt in three 
directions: jump link, feature fusion, and joint loss function. 
The experimental results are as follows: 

 
Table 2. Ablation experiment 

Model DSC evaluation index 
ISIC 207 data set 

Val :24 
Data volume train: 9 6 Val :24 

5 fold cross validation Fold-1 F old-2 F old -3 F old -4 F old -5 mean variance 

UNeXt 82.61% 84.66% 91.47% 87.61% 83.08% 85.89% 0.14% 

SC_UNext( edge_loss ) 85.10% 85.53% 88.51% 86.69% 86.84% 86.14% 0.03% 

SC_UNext (skip) 85.73% 85.90% 90.68% 82.46% 83.75% 86.53% 0.13% 

SC_UNext (fuse) 87.17% 85.07% 90.58% 85.59% 84.92% 86.17% 0.10% 

SC_UNext(edge loss+skip) 85.90% 87.98% 90.22% 85.79% 89.14% 86.90% 0.05%
SC_UNext (edge_loss+fuse) 87.98% 80.14% 90.50% 86.48% 88.03% 86.98% 0.20%

SC_UNext 
(skip+fuse) 

82.90% 88.62% 88.60% 84.90% 87.30% 85.90% 0.07% 

SC_UNext(edge_loss+skip+fuse) 85.89% 88.11% 89.02% 86.11 % 87.22% 87.29% 0.08%

Through the comparison of ablation experiments, it was 
found that jump links, feature fusion, and joint loss functions 
all have an impact on segmentation accuracy. Only under the 
combined effect of S C-UNeXt at the same time, the DSC 
evaluation index is the highest and the segmentation effect is 
good. 

6. Discussion 
In this article, our purpose is to make the network better 

learn effective features and obtain more accurate lesion 
segmentation results. We propose an improvement that uses 
feature fusion and increases the proportion of edge features in 
the total sample features. network architecture. This network 
is not only better than other methods in terms of evaluation 
indicators, but is also cost-effective enough to better help 

doctors better diagnose the details of these histological 
images. Future research topics in medical image segmentation 
will be deep learning to automatically select features from 
different resolutions, or consider using adversarial training 
including test images to exploit features in test images 
without annotations. It achieves high-precision segmentation 
while also achieving instant feedback and lightweight 
operations, which plays a role in assisting diagnosis and 
treatment in the medical process. 
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