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Abstract 

At present, the method based on deep learning is one of the most effective methods in 
medical image segmentation. There are more and more researches on medical image 
segmentation network models. The encoder-decoder structure has achieved great 
success. This architecture has been widely used in medical image segmentation tasks, 
but it is difficult to apply in real time due to its high computational complexity. In this 
study, we propose a real-time ultrasound fetal head segmentation method based on 
Bisenet. It has the advantages of high accuracy and short inference time. The proposed 
model has two branches, spatial path and context path, which are used to extract detailed 
information and high-level semantic information, respectively. Finally, the feature 
fusion module is used to fuse the features of the two branches to obtain the fused feature 
map for pixel-level classification. In this study, the HC18 data set was used to verify the 
good performance of the proposed method. The experimental results show that the 
proposed model has a small amount of calculation while achieving high segmentation 
accuracy, which proves that the proposed model has good clinical application prospects. 
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1. Introduction and Purpose 

Ultrasound (US) imaging has been widely used in obstetrical diagnosis due to its non-invasive, safety 

and real-time characteristics. US imaging can be used to measure fetal growth parameters such as 

head circumference (HC), biparietal diameter (BPD), etc. Accurate evaluation of fetal growth is 

crucial for the health of mothers and newborns during and after pregnancy. The extraction of the fetal 

head region in the US image is very important for the subsequent calculation and analysis of clinical 

parameters. Due to the important clinical significance of HC and BPD, a large number of US fetal 

head segmentation algorithms have been proposed[1-3]. 

However, the existing semantic segmentation network is usually accompanied by the problem of a 

large amount of parameters and a large amount of calculation in order to achieve higher accuracy. 

The following methods are commonly used to accelerate the model for real-time semantic 

segmentation: (1) Resize or crop to limit the input size to reduce computational complexity. Although 

this method is simple and effective, it will cause the loss of spatial details. (2) Reduce the number of 

channels at the cost of weakening the expressive ability of the model to increase the forward speed. 

But these methods are to increase speed by sacrificing accuracy, which is difficult to put into practice 

in engineering applications. In order to make up for the loss of spatial details, a U-shaped network is 

widely used [4]. However, the U-shape structure introduces additional calculations on the high-

resolution feature maps, which will reduce the speed of the model. 

Both low-level details and high-level semantics are necessary for semantic segmentation tasks. 

However, in order to speed up model inference, the current methods used for natural image 
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segmentation almost always sacrifice low-level details, which can lead to a significant decrease in 

accuracy. In medical image segmentation tasks, the U-net structure has been widely used due to the 

high requirements for segmentation accuracy. U-net integrates low-level feature information and 

high-level feature information through skip-connections to improve segmentation accuracy, but it 

also increases memory consumption and model inference time. Yu et al. proposes an efficient and 

effective architecture that has a good trade-off between speed and accuracy, which is called a bilateral 

segmentation network (Bisenet)[5]. The network has two branches to deal with spatial details and 

high-level classification semantics respectively to achieve high precision and high efficiency of real-

time semantic segmentation. 

2. Method 

2.1 Network Structure 

In this study, a fast fetal head region extraction method based on real-time semantic segmentation 

network Bisenet is proposed. The structure of Bisenet is mainly composed of three parts: (1) Spatial 

Path for extracting detailed information, (2) Context Path for extracting deep-level context 

information, and (3) Feature Fusion Module for fusion of two branch information. Spatial Path 

contains 3 convolutional layers and the corresponding Batch Nornalization layer and ReLU layer. 

The convolution sliding step of each convolution kernel is 2, and the output image size is 1/8 of the 

original image. Context Path includes a backbone network for feature extraction and a series of 

attention optimization modules, and it acquires sufficient receptive fields through gradual 

downsampling. At the same time, global averaging is used to reduce the amount of calculation and 

stabilize the maximum receptive field. In order to integrate global semantic information in the context 

path, global average pooling is used to capture global semantics, and attention vectors are calculated 

to optimize the output feature information at each stage and reduce computational costs. The context 

path only used two upsampling and refined features through the attention refinement module (AFM). 

 

 

Figure 1. (a) is the overall structure diagram of the network. (b) shows the composition of the 

attention refinement module, (c) introduces the details of the feature fusion module. 

 

The fusion of shallow information after upsampling can help improve the accuracy of semantic 

segmentation, but direct addition is not a good fusion method. In the context path path, the shallow 

features are first integrated and re-weighted through the ARM module, and then joined with the up-

sampled feature map, which can better integrate the features. In the ARM module, global semantic 

information is captured through global average pooling, and the output features of each stage in the 

context path are optimized, and the global high-level context information can be integrated into the 

feature map with a lower amount of calculation. 
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The spatial information captured by spatial path encodes most of the rich detailed information, and 

the output feature of context path mainly encodes semantic information. The feature maps of the two 

network branches are quite different, so the two features cannot be simply weighted, and a unique 

feature fusion module (FFM) is used to fuse these features. The FFM module first combines the 

channel dimensions of the two features, and then re-weights the different feature channels through 

the channel attention module after a layer of convolution. Finally, the fused feature map is upsampled 

8 times by bilinear interpolation to restore the image size to the original image size. 

2.2 Loss Function 

The loss function plays an important role in the model training process. Data imbalance is a common 

problem encountered in medical image segmentation tasks. There may be unbalanced categories in 

the segmentation task of US fetal head images, so dice-coefficient loss[6] is adopted as the loss 

function. In addition to the final output of the entire network being supervised by the dice loss function, 

two special auxiliary loss functions are added to supervise the training of the intermediate output of 

the context path, and the parameter α is used to balance the weights of the main loss function and the 

auxiliary loss function. 

              (1) 

Where 𝐿𝑑𝑖𝑐𝑒_𝑓𝑖𝑛𝑎𝑙  represents the final output loss of the network, and 𝐿𝑑𝑖𝑐𝑒_𝑎𝑢𝑥1  and 𝐿𝑑𝑖𝑐𝑒_𝑎𝑢𝑥2 

respectively represent the two auxiliary supervision losses in the middle of the network. 

𝐿𝑑𝑖𝑐𝑒 = 1 −
2 ∑ (𝑦𝑖�̂�𝑖)𝑁

𝑖=1

∑ (𝑦𝑖+�̂�𝑖)𝑁
𝑖=1

                           (2) 

Where 𝑦𝑖 represents the label value of the i pixel, and �̂�𝑖 represents the network predicted value of 

the i pixel. N represents the total number of all pixels in the output. 

3. Experiments and results 

To verify the performance of the proposed method, we used a transabdominal US image data set of 

the fetal head. We randomly selected 500 US images in the dataset HC18 [7]to test our algorithm 

performance, of which 400 were used to train the Bisenet model, 100 for testing. The labels used for 

model training are marked by elliptic labels. The original size of the image is 800×540. During 

training and testing, all input images are resized to 384×256 size. During training, we randomly divide 

the training set and the validation set at a ratio of 80% and 20%. 

All our experiments are implemented based on the pytorch deep learning framework. We used the 

parameter initialization method[8] proposed by He et al. to initialize the network parameters. An 

Adam optimizer with a learning rate of 0.0003 is used to train the network model. All models are 

trained for 100 epochs, and the learning rate is halved every 20 epochs after 50 epochs. In order to 

improve the generalization performance and robustness of the model, data augmentation is used on 

the training set. Including horizontal flip, vertical flip, random rotation, shift and zoom. 

In addition to the proposed method, we also trained a U-net model for comparison. At the same time, 

we also compared the performance of Bisenet under different input image resolutions. In addition to 

384×256 resolution, the performance of the model under 512×384, 256×160, and 128×64 resolutions 

was also compared. In this study, we used the following five metrics to evaluate the performance of 

all methods: Dice coefficient (DSC), Sensitivity (SE), Precision (PC), Specificity (SP), and Jaccard 

score (JS). The formulaic expression of the metrics is as follows: 

𝐷𝑆𝐶(𝑦, �̂�) =  
2|𝑦 ⋂ �̂�|

|𝑦|+|�̂�|
                             (3) 

𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                (4) 

𝑃𝐶 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                (5) 
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𝑆𝑃 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                (6) 

𝐽𝑆(𝑦, �̂�) =  
|𝑦 ⋂ �̂�|

|𝑦 ⋃ �̂�|
                               (7) 

Where 𝑦 represents the ground truth, and �̂� represents the predicted output of the network. TP, FP, 

TN, and FN represent the number of pixel samples of true positives, false positives, true negatives, 

and false negatives, respectively. In addition to the above metrics, the model parameters and floating-

point operations per second (FLOPs) of each method are also compared. The most valuable metrics 

in this study are DSC and FLOPs, which can intuitively show the accuracy of the model and the 

inference time. 

Table 1. The comparison of segmentation results 

 DSC(%) SE(%) SP(%) PC(%) JS(%) Params(MB) GFLOPs 

U-net (384×256) 97.23 97.53 98.57 97.01 94.64 8.23 24.68 

Bisenet (512×384) 97.16 98.27 98.25 96.12 94.49 11.67 7.50 

Bisenet (384×256) 97.36 97.91 98.51 96.86 94.86 11.67 4.50 

Bisenet (256×160) 95.87 99.23 96.65 92.80 92.11 11.67 1.88 

Bisent (128×64) 94.46 96.62 96.53 92.50 89.54 11.67 0.38 

 

As shown in Table 1, Bisenet greatly reduces the amount of calculation while still maintaining a 

segmentation accuracy similar to that of U-net. As the resolution of the input image decreases, the 

amount of network calculations gradually decreases. When the resolution is lowered, the performance 

of Bisenet will drop significantly due to the lack of too much high-resolution detail information. 

However, the larger the resolution of the input image, the higher the accuracy of the model prediction 

result is not necessarily higher. In our experiment, the 384×256 resolution image input can achieve 

the best results on the DSC metric. 

 

 

Figure 2. The segmentation result of the sample on the test set. From left to right, the first column is 

the original image of the input network, the second column is the true label of the corresponding 

sample, the third column is the predicted segmentation result of U-net, and the fourth column is the 

predicted segmentation result of Bisenet. 

 

Figure 2. shows the segmentation results of different methods. Since Bisenet finally performed 

upsampling by 8 times, the final edge is rougher than the U-net segmentation result. However, it can 

be seen that Bisenet can better model the context of objects, and the segmented fetal head region is 
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closer to the real label. However, because U-net does not integrate high-level semantic information 

and shallow detail information well, the prediction results will be discontinuous and missing. In the 

US image of the fetal head, due to the presence of noise, artifacts and other anatomical structures, the 

contour of the fetal head will appear missing or blurred. In this case, the model's ability to model the 

global context will greatly affect the final segmentation result. Because Bisenet's context path stacks 

multiple convolutional layers, it has a large receptive field, can learn the relationship between pixels 

at a distance, and can fuse global information through the ARM module. 

4. Discussions 

At present, the method based on deep learning is still one of the most effective methods in medical 

image segmentation applications. There are more and more researches on medical image 

segmentation. The encoder-decoder structure has achieved great success, especially the U-net 

architecture, which has inspired many architectural designs of medical image segmentation networks. 

However, in clinical applications, traditional U-net and U-net-based networks still have the 

limitations of large amount of calculation and difficulty in real-time application. In this study, we 

propose a semantic segmentation method for the fetal head based on Bisenet, which can achieve high 

segmentation accuracy and fast inference speed. As shown in the experimental part, Bisenet's dual-

branch structure has a good performance in the task of ultrasonic fetal head segmentation. And the 

best effect is achieved when the input image resolution is 384×256. In the same network model, an 

input image that is too large may cause the receptive field to be too small, making it difficult to cover 

the entire image or capture the features of large objects. An input image that is too small will lose a 

lot of details, and a lot of feature information has been lost before inputting the model. 

5. Conclusions 

In summary, we propose a lightweight fetal head segmentation algorithm, which can quickly extract 

the fetal head region in US images. This dual-branch network can well extract the features in the US 

image and segment the fetal head region, and has a good performance in extracting large-structure 

regions like the fetal head. Bisenet can maintain a small amount of calculation while achieving high 

segmentation accuracy, and has a short inference time. The proposed method can perform real-time 

US image analysis and has great clinical application prospects. 
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