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Abstract. With the improvement of living standards, people pay more and more attention to the 

aesthetics and health of the body, and subcutaneous fat is one of the most important fat storage 

areas in the human body, so its segmentation and quantitative analysis are of great clinical 

significance. Subcutaneous fat CT image segmentation is an important research direction in the 

field of medical image processing. In this paper, image segmentation of the fat part of CT images 

is performed based on the TransUNet model, and the accuracy and IoU of segmentation are 

calculated.The results show that the prediction error of the model decreases gradually, and the 

accuracy reaches 96.2% and the IoU reaches 89.62, which indicates that the model has learnt the 

patterns and features in the dataset, and is able to accurately predict the new data. This paper 

provides an effective method for subcutaneous fat CT image segmentation, which is expected to 

play an important role in clinical applications. The subcutaneous fat CT image segmentation 

method proposed in this study has high accuracy and reliability, and is of great significance in 

both clinical applications and medical research. 
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1.  Introduction 

Subcutaneous fat CT image segmentation is an important research direction in the field of medical image 
processing. With the improvement of living standards, people pay more and more attention to body 
aesthetics and health, and subcutaneous fat is one of the most important fat storage areas in the human 
body, so its segmentation and quantitative analysis are of great clinical significance [1]. However, the 
similarity in density, complex texture and diverse morphology between subcutaneous adipose tissue and 
surrounding tissues make it very difficult to segment it [2]. 

In recent years, deep learning algorithms have been widely used in the field of medical image 
processing and have achieved remarkable results. Deep learning algorithms can automatically learn 
feature representations from a large amount of data and achieve efficient and accurate image 
segmentation by constructing a multilayer neural network model. In subcutaneous fat CT image 
segmentation, deep learning algorithms can use models such as convolutional neural networks (CNNs) 
to train and optimise the image end-to-end to achieve accurate segmentation of subcutaneous fat tissue 
[3,4]. 

The research significance of subcutaneous fat CT image segmentation is to provide a fast and 
accurate quantitative analysis tool for clinicians. By segmenting and quantitatively analysing 
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subcutaneous adipose tissue, the body fat content, distribution and change trend of patients can be 
assessed, providing an important reference basis for clinical diagnosis and treatment [5]. In addition, 
subcutaneous fat CT image segmentation can also be applied in the fields of body shape assessment and 
fitness guidance to help people's health management [6]. Subcutaneous fat CT image segmentation is a 

challenging and widely applied research direction in the field of medical image processing. Deep 
learning algorithms, as one of the important technical means, play an important role in achieving 
efficient and accurate image segmentation [7]. In the future, with the continuous development of deep 
learning algorithms and medical image processing technology, subcutaneous fat CT image segmentation 
will be studied in a more refined and personalised way, and provide more useful information for people's 
health management. 

In this paper, based on the subcutaneous fat CT image dataset, the improved Trans-Unet image 
segmentation model is applied to segment subcutaneous fat, which provides the basis for further research. 

2.  Introduction to the dataset 

The dataset used in this paper is selected from the hospital clinical data, including a total of 9397 CT 
images of 131 patients and 9397 corresponding ground truth. each image is anonymised with the 
patient's personal information, and some of the CT images are shown in Fig. 1, and the corresponding 

ground truth is shown in Fig. 2. 

 

Figure 1. Selected data sets. 

(Photo credit: Original) 

 

Figure 2. Ground truth. 

(Photo credit: Original) 

3.  TransUNet 

TransUNet is a novel medical image segmentation network proposed by the German Max Planck 
Society, which combines the advantages of two classical models, Transformer and UNet, and can 
effectively segment medical images [8]. It employs Transformer's self-attention mechanism to capture 
global information, while using UNet's encoder-decoder structure to preserve image detail information. 

The model principle of TransUNet mainly consists of two parts: Encoder and Transformer-
Decoder.The Encoder part adopts the encoder structure similar to that of UNet, which continuously 
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downsamples the input image and extracts features. The difference is that TransUNet uses ResNet as 
the backbone network and adds an attention mechanism (SE-Block) after each downsampling layer to 
enhance feature representation [9]. 

The Transformer-Decoder part is the core component of TransUNet, which employs the self-

attention mechanism in the Transformer model for global information interaction and feature fusion [10]. 
Specifically, the Transformer-Decoder consists of multiple Transformer Encoder layers and a simple 
decoder layer. Each Encoder layer consists of multi-head self-attention, forward propagation network, 
and residual connections, which can effectively capture global information and reduce information loss. 
The decoder layer, on the other hand, fuses the encoder outputs with the outputs of the Transformer 
Encoder layer through upsampling and convolution operations to improve the segmentation 
accuracy.The model structure of TransUNet is shown in Fig. 3. 

 

Figure 3. TransUNet structure. 

(Photo credit: Original) 

The advantage of TransUNet is that it can make full use of Transformer's self-attention mechanism, 
while retaining the encoder-decoder structure of UNet. This combination makes TransUNet not only 

able to capture global information, but also able to preserve image details. In addition, TransUNet can 
balance the model complexity and performance by adjusting the number of Transformer Encoder layers 
and heads. Therefore, TransUNet has a wide range of application prospects in the field of medical image 
segmentation. 

4.  Experiments and Results 

The machine CPU used in this experiment is Intel(R) Core(TM) i7-7700 CPU @ 3.60GHz, GPU is 
NVIDIA GeForce GTX 1080 and 32G of RAM. 

After importing the dataset, the dataset is divided into a training set and a test set, 9002 images are 
used for training and 395 images are used for testing. The loss changes during model training were 
recorded, and the models were evaluated using Accuracy, Recall, Precision, and IoU. Accuracy refers 
to the proportion of samples correctly predicted by the classification model; Recall refers to the 
proportion of samples correctly predicted as positive cases by the classification model; Precision refers 

to the proportion of samples predicted as positive cases by the classification model that are the 
proportion of true positive cases; IoU (Intersection over Union) is a commonly used evaluation metric 
in target detection, indicating the degree of overlap between the detection frame and the true frame. 

Trans-Unet is used to train 50 epochs, the batch size is set to 16, and the learning rate is set to 0.0002. 
Train 50 epochs, record the value of loss in each epoch and plot the loss curve, the result is shown in 

Fig. 4. 
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Figure 4. Loss. 

(Photo credit: Original) 

In machine learning, a loss curve is the trend of the loss function with the number of training sessions 
during model training. The loss function is an indicator used to measure the difference between the 
model's predicted results and the real results, and generally speaking, we hope that the model's loss 
function is as small as possible. Therefore, by observing the loss curve, we can understand how the 
model performs in different training stages. As can be seen from Fig. 4, the loss curve gradually 

decreases and converges, and the prediction error of the model is decreasing and is close to the optimal 
state. This means that the model has learnt the patterns and features in the dataset and can accurately 
predict new data. 

The model was tested using a test set, where four subcutaneous fat CT images were input with their 
corresponding ground truth, and the model was evaluated using Accuracy, Recall, Precision and IoU, 
and the results are shown in Table 1. 

Table 1. Model evaluation parameter. 

Accuracy Recall Precision IoU 

96.2 95.26 84.48 89.62 

 
As can be seen from Table 1, the accuracy of the model reaches 96.2%, in addition, the IoU reaches 

89.62, the model segmentation is very good, and it can segment the subcutaneous fat portion relatively 
accurately. The segmentation results of the test set are output and compared with the GROUND TRUTH, 
and the results are shown in Fig. 5. 

  

Proceedings of the 2nd International Conference on Software Engineering and Machine Learning
DOI: 10.54254/2755-2721/74/20240483

242



 

 

Figure 5. The segmentation results. 

(Photo credit: Original) 

5.  Conclusion 

Subcutaneous fat CT image segmentation is an important research direction in the field of medical image 

processing. With the improvement of living standards, people are paying more and more attention to 
body aesthetics and health, and subcutaneous fat is one of the most important fat storage areas in the 
human body, so its segmentation and quantitative analysis are of great clinical significance. 

In this study, we imported a dataset containing 9002 images for training and 395 images for testing. 
We divided the dataset into a training set and a test set and used TransUNet for subcutaneous fat CT 
image segmentation. By adjusting the model parameters through continuous iteration, we obtained the 
loss curve and found that the loss curve gradually decreased and converged. This indicates that the 
prediction error of the model is decreasing and is close to the optimal state. This means that the model 

has learnt the patterns and features in the dataset and can accurately predict new data. 
By testing the model, we found that the accuracy of the model reached 96.2%, in addition, the IoU 

reached 89.62. this shows that our proposed method can segment the subcutaneous fat portion relatively 
accurately. This result has important implications for clinical medicine. Firstly, it can help doctors to 
more accurately assess the body composition and health status of patients, and then develop more 
scientific and effective treatment plans. Second, it can also provide strong support for medical research, 
such as for exploring the differences in subcutaneous fat storage among different populations and the 

relationship with related diseases. 
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In conclusion, the subcutaneous fat CT image segmentation method proposed in this study has high 
accuracy and reliability, and is of great significance in both clinical applications and medical research. 
In the future, we will continue to optimise the algorithm to improve the model performance and apply 
it to a wider range of medical image processing fields. 
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