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Abstract: Cardiac anatomy segmentation is essential for cardiomyopathy clinical diagnosis and treatment planning. Thus, accurate delineation of target volumes at risk in cardiac anatomy is important. However, manual delineation is a time-consuming and labor-intensive process for cardiologists and has been shown to lead to significant inter-and intra-practitioner variability. Thus, computer-aided or fully automatic segmentation methods are required. They can significantly economize on manpower and improve treatment efficiency. Recently, deep convolutional neural network (CNN) based methods have achieved remarkable successes in various kinds of vision tasks, such as classification, segmentation and object detection. Semantic segmentation can be considered as a pixel-wise task, it requires high-level abstract semantics information while maintaining spatial detail contexts. Long-range context information plays a crucial role in this scenario. However, the traditional convolution kernel only provides the local and small size of the receptive field. To address the problem, we propose a plug-and-play module aggregating both local and global information (aka LGIA module) to capture the high-order relationship between nodes that are far apart. We incorporate both local and global correlations into hypergraph which is able to capture high-order relationships between nodes via the concept of a hyperedge connecting a subset of nodes. The local correlation considers neighborhood nodes that are spatially adjacent and similar in the same CNN feature maps of magnetic resonance (MR) image; and the global correlation is searched from a batch of CNN feature maps of MR images in feature space. The influence of these two correlations on semantic segmentation is complementary. We validated our LGIA module on various CNN segmentation models with the cardiac MR images dataset. Experimental results demonstrate that our approach outperformed several baseline models.
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1  Introduction

Heart disease is one of the most serious causes of sudden death. The number of sudden deaths caused by heart disease increases year by year. In routine heart disease diagnosis, treatment planning and prognostic estimation, cardiologists are required to delineate the myocardium outline. However, manual delineation is a time-consuming and labor-intensive process for cardiologists and has been shown to lead to significant inter-and intra-practitioner variability. To improve efficiency and accuracy, clinicians often use computer-aided tools [1] to fulfill the segmentation task. In this regard, fully computer-aided diagnosis systems are highly desirable.

In recent years, deep convolutional neural networks (CNNs) make remarkable achievements in various computer vision tasks, such as classification [2–4], [5,6], semantic segmentation [7–9], object detection [10–13], and object tracking [14,15]. Different from the image classification task which assigns category labels for the whole image, the semantic segmentation task is required to predict the category label of each pixel in an image. Large receptive field size is a necessary factor to understand the scene context and the essential prerequisite to the success of various vision tasks. To achieve good performance, traditional CNNs generally stack pooling layers and striding convolution layers to obtain a large receptive field size. Unfortunately, the semantic segmentation task needs preserving of the spatial size, which is a natural contradiction between high-level semantic and fine space details.

More frustratingly, too many down-sampling operators will significantly reduce the spatial size of the feature map. The segmentation task requires getting a size-equal mask as the original image, so the reduction in spatial size is catastrophic. Fully Convolutional Networks (FCN) [7] popularized CNN architectures for dense predictions without any fully connected layers. It is an end-to-end network and can accept input images of different sizes without requiring all training images and test images to have the same size [16]. FCN attempts to recover the category to which each pixel belongs from the abstract features. That is, further extend the image level classification to the pixel level classification. However, each pixel is classified without considering the relationship between pixels, ignoring the spatial regularization steps used in the segmentation method based on the pixel classification, and lacking spatial consistency. Encoder-decoder architectures like U-net [8] are state-of-art methods for pixel-wise prediction tasks in the computer vision field. U-net is based on FCN and is a full-convolution network that replaces a fully connected layer with a convolutional layer. It combines the feature of each upsampling layer with the features of the corresponding downsampling layer. Both FCN and U-net can only bring about a linear growth of the receptive field size.

To gain a larger feature map spatial resolution meanwhile providing a larger receptive field size, the atrous convolution [17] was used in later CNN networks. The difference between the atrous convolution kernel and the traditional convolution kernel is that the atrous convolution introduces the concept of dilated rates into the convolution filter template. By inserting a varied number of zero values between positions of successive filter value, atrous convolution can prompt neurons to have larger receptive field sizes than traditional convolution at the same downsampling rate. It seems that using larger dilated rates can bring a larger receptive field size at the same feature map spatial resolution. This way can bring about the exponential growth of the receptive field size. Unfortunately, as the dilated rate continues to increase, especially beyond 24, the atrous convolution gradually loses its effectiveness and results in a decline in performance [18].

Graph-based methods [19,20] have attracted much attention because of their ability to directly capture the connections between objects. This allows us to alleviate the contradiction between high-level semantic and fine space details mentioned below. However, the majority of these works are based on modeling the pair-wise relationships between samples, failing to capture their higher-order relationships. Hypergraph Neural Networks (HGNN) [21] enables us to more directly implement the requirements of relation modeling across long spatial distances. The network utilizes a hypergraph structure for data relational modeling. The main difference between a traditional graph and a hypergraph is that graphs are only able to represent one-to-one node relationships via edges while hypergraphs can capture high-order relationships between nodes via the concept of a hyperedge connecting a subset of nodes. A hyperedge links one central node and its neighbors according to the similarity relationship on the graph.

In this paper, we propose an easy-to-embed module aggregating both local and global information (aka LGIA module) to capture the high-order relationship between nodes that are far apart. It can be integrated into ready-made CNN-based segmentation models to improve baseline models, such as U-Net and FCN on medical image datasets. Inspired by the recent success of CNN segmentation networks and popular graph-based methods, our LGIA module exploits hypergraph convolutional layers to capture both short-range and long-range contextual information respectively for semantic segmentation. High-level semantic information is indispensable for the correct identification of objects. To obtain higher-level information, the model adopts a larger receptive field size to make the neurons look wider and facilitates long-range interactions. The overview of our proposed method is illustrated in Fig. 1. The LGIA module is applied to the traditional CNN-based model for left ventricular myocardium segmentation. Here the traditional CNN-based model consists of an encoder and decoder. A hypergraph is constructed according to CNN encoder feature maps, and the feature maps processed by hyperedge convolutions continue to be input into the CNN decoder. The two main key contributions of this paper are as follows:

(1) We propose an easy-to-embed module (LGIA module) which can be inserted into existing CNN-based models like U-Net and FCN, and models both local and global context information efficiently to improve semantic segmentation performance.

(2) We employ HGNN to get both local and global information aggregation graph which is beneficial to semantic segmentation. Both closeness in spatial distance and feature activation distance is exploited to achieve this aggregation.
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Figure 1: Overview construction of the proposed plug-and-play LGIA module

2  Related Work

CNN-based methods have achieved extraordinary performance in numerous computer vision tasks in recent years. From AlexNet [2], VGGNet [3] to ResNet [4] and Xception [22], the object recognition score records are constantly refreshed in various classification tasks. The CNN models take advantage of convolution layers and pooling layers to continuously concentrate implicit knowledge to obtain feature maps that contain dense and abstract semantic information. With CNN architectures, models have powerful feature representation ability, can accurately identify the semantic information in the image in an end-to-end manner. Semantic segmentation is another fundamental task related to classification, but it is more challenging. Segmentation aims at producing a label mask of all pixels and therefore it can be regarded as a pixel-wise classification. More particularly, the segmentation problem can be solved by classifying each pixel of an image into different object categories.

2.1 Patch-Based Semantic Segmentation Methods

One of the popular initial deep learning approaches is patch classification where each pixel is separately classified using a patch of the image around it. The main reason to use patches is that classification networks usually have full connected layers and therefore require fixed-size images. Moreover, a single pixel only contains very limited information, especially the one-channel grayscale medical image. Consequently, many segmentation methods [23–25] use image patches instead of pixels as network input. In the training phase, several patches are extracted randomly from images, and overlap is allowed between patches. The method regards the label of the patch center pixel as the label of this patch. All the patches and the corresponding labels obtained from ground-truth are composed of training sets, which are input into the CNN network for training. In the reasoning stage, the method thinks of each pixel as a patch center, continuously and closely extracting the patches represented by all the pixels in the image. And the classification model infers the label of each patch representing a pixel for prediction on the testing dataset. The classification model generates the pixel-wise segmentation probability response map by inferring the label of each patch. Patch-based methods can only see limited local pixels and can't learn the relationship between objects from remote context information.

2.2 FCN-Based Semantic Segmentation Methods

Image-based methods are proposed to solve the drawback of pixel-based or patch-based methods. Recently advanced segmentation networks are inspired by the fully convolutional network (FCN) [7]. Compared to a patch-based CNN for segmentation, FCN takes full images as input and yields a size-equal prediction mask as the original image. This allows segmentation maps to be generated for an image of any size and was also much faster compared to the patch classification approach. This end-to-end training and testing fashion are widely adopted by later works, such as U-Net [8]. These methods have been successfully applied on many pixel-wise prediction tasks and usually consist of two parts, encoder and decoder [26,27]. The encoder adopts CNN as the backbone which cascades striding convolution layers and pooling layers to extract high-level representations from the original image. The decoder adopts transposed convolution [28] to recover precise localization information by gradually applying up-sampling. Since up-sampling is a sparse operation and always causes spatial distortion, the U-Net designs skip connection to concatenate the high-resolution but poor-semantic feature maps from the decoder to the low-resolution but rich-semantic feature maps from the decoder to learn better spatial location information. The large receptive field is the key factor to achieve high segmentation performance, hence the encoder stacks convolutional components to gain receptive fields. Unfortunately, stacked convolutional components can only lead to the linear growth of the receptive fields. DeepLab series [9,17,18,29] relieve this obstacle by adopting atrous convolutions and atrous spatial pyramid pooling (ASPP).

2.3 Graph Convolutional Networks

Many methods can utilize a graph to achieve reliable performance in various fields. Graph Convolution Networks (GCN) [19] are proposed for semi-supervised classification on graph-structured data. The graph-based method shows the promise of the modeling ability of the relationship between objects. Unlike standard convolutions, GCNs learn with a graph that can be represented using the adjacency matrix. The graph-based method CRFs [30] are proposed to apply in the image segmentation task. And the DeepLab v1 [9] also uses fully connected CRFs as a part of the model. Gadde et al. introduced a bilateral inception module [31] that can be inserted in existing CNN architectures for semantic image segmentation. Gao et al. [32] proposed Graph U-Net (GUnet) which applies an encoder-decoder architecture leveraging graph convolution and it improves on GCN by generalizing the seminal U-Net designed for Euclidean spaces to non-Euclidean spaces, allowing high-level feature encoding and receptive field enlargement through the sampling of important nodes in a graph. Different from the graph, the hypergraphs can connect multiple nodes with one hyperedge, this can represent more complex relationships than a graph. Another difference is that hypergraphs can be described by the incidence matrix which is composed of the relationship between vertexes and edges. This feature makes hypergraph easier to expand by combining multiple matrices. Yadati et al. [33] applied Hypergraph Convolutional Networks (HyperGCN) to the problem of semi-supervised learning (SSL) on attributed hypergraphs. Lostar et al. [34] proposed the Hypergraph U-Net (HUNet) architecture for high-order data embedding by generalizing the graph U-Net [32] to hypergraphs. Jin et al. [35] proposed a hypergraph induced Convolutional Manifold Networks (H-CMN) which was efficient for the large-scale dataset. They define convolutions over super-pixels by defining connectivity among them.

3  Method

In this section, we introduce our proposed LGIA module which can be easily embedded into current CNN image semantic segmentation models. Consider given gray-scale MR image 
I∈RW×H×1
as input. The segmentation model yields a prediction mask 
P∈RW×H×C
, where C is the number of categories. A prediction mask P consists of labels for each pixel in the original image I. Therefore, the segmentation task can be regarded as a pixel-wise classification task. Unlike conventional classification tasks, the relationship between long-range pixels across regions is particularly critical for segmentation. In the following sections, we elaborate on how to use the LGIA module to model this long-distance relationship by integrating hyperedge construction and hyperedge convolution on the fly.

3.1 Revisiting HGNN

In traditional graph convolutional neural network methods, the pairwise connections among data are employed [21]. However, the data structure in real practice could be beyond pairwise connections and even far more complicated. Compared with the traditional graph which only connects two nodes with one edge, the hypergraph can include more than two nodes within a hyperedge. Therefore, hypergraphs can model more complex relations among data beyond pairwise connections.

A hypergraph can be defined as 
G=(v,ϵ,W)
. Where the 
v
is vertex set, 
ϵ
is hyperedge set and W is a diagonal matrix represented the weight of each hyperedge. A hypergraph 
G
can be represented as a 
|v|×|ϵ|
incidence matrix H. Each element of the incidence matrix can be formulated by:


h(v,e)={1,ifv∈e0,ifv ∉ e
(1)

where a vertex v belongs to vertex set V, and an edge 
e
belongs to hyperedge set 
ϵ
.

With the hypergraph incidence matrix 
H∈RN×E
and the hyperedge weights matrix W can be initialized as an identity matrix. We can describe a hyperedge convolutional layer as given the initial node feature 
X(1)∈RN×C1
is operated by a learnable parameter matrix 
Θ(1)
to produce a C2 dimensional feature. Then, the node feature is multiplied by 
HT∈RE×N
to be gathered according to the hyperedge. Finally, the output node feature 
X(2)∈RN×C2
is obtained by multiplying matrix H to aggregate their associated hyperedge feature. Hence, a hyperedge convolutional layer 
f(X,H,W,Θ)
can be defined as the following formulation:


X(l+1)=σ(Dv−1/2HWDe−1HTDv−1/2X(l)Θ(l))
(2)

where the 
σ(.)
denotes the nonlinear activation function. The 
De
and 
Dv
denote diagonal matrices of the edge degrees and the vertex degrees, respectively.

3.2 LGIA Module

In our experiments, images in the dataset are all gray-scale with only a single scalar. Consequently, due to the lack of enough semantic information, it is not recommended to use information from the shallow stage as a node for hyperedges constructing. The high-level semantic features which are produced from a series of convolution layers and pooling layers are employed in our hyperedge construction strategy. As deeper layers gain greater receptive field size, the output feature maps contain more advanced abstractions in both feature dimensions and spatial dimensions. The reduced size feature map encodes the hidden information of the original large size image, which not only provides a reliable basis for us to find the similarity among nodes but also facilitates the modeling of the relationship between objects across a distant range.

Our proposed LGIA module is illustrated in the middle of Fig. 2. There are two hyperedge construction schemes are adopted, local and global. Each node is selected as the central node (yellow block) in both schemes, then K nodes (red block) closest to it are found to form a hyperedge. In the local scheme, the K nodes are chosen from the 8-connected coordinate space. In the global scheme, the K nodes are selected from all feature maps in one batch of feature space. The LGIA module consists of two hyperedge convolution layers, and each convolution layer is followed by a nonlinear activation function and a dropout. The first hyperedge convolution layer takes C1 channels as input which equals the channel of CNN feature map, and output feature maps with C2 channels which are defined as the dimension of the hidden layer. And the second hyperedge convolution layer takes feature maps with C2 channels then produces C3 channels which are required by the following CNN layers.
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Figure 2: Overview of CNN segmentation architecture with embedded LGIA module

The LGIA module takes a batch of feature maps with the shape of 
X∈RB×C×H×W
as inputs, where the B, C, H, W denote Batch Size, Channel, Height, and Width, respectively. Owing to the hyperedge convolution layer required data with shape 
X∈RN×C
, where N and C denote the number of samples and channels of each sample, respectively. We reshape a batch of feature maps as 
X∈RN×C
at the beginning of processing, where the N = Batch Size × Height × Width. Next, we pass features through two hyperedge convolutions layer and obtain new feature maps have been experienced by information aggregation. Finally, we restore spatial dimensions from flattened features shape to meet the needs of CNN layers with the shape of 
X∈RB×C×H×W
.

3.3 Local and Global Information Aggregation

Traditional CNNs focus only on local features and ignore global region features, which are both important for pixel classification and recognition [36]. Hypergraph allows a more direct way to model these local and global connections. In this method, we use hypergraph to integrate local and global correlation in coordinate space and feature space straightforwardly. Each node contains its own attributes, and each hyperedge contains numerous nodes with some correlation according to the correlation between each other. K Nearest Neighbors (KNN) is one of the most commonly used methods for building hyperedge. In this way, a hyperedge will contain the most similar K nodes of the central node on a kind of measure. The correlation between nodes will be enhanced by the information aggregation of hyperedge.

In our proposed method, there are two modes of hyperedges constructing methods, they are the relationship in local coordinate space and the relationship in global feature space. These two modes of hyperedges could be represented as two hypergraph incidence matrixes which are subsequently concatenated to one incidence matrix 
H∈RN×E
.

3.3.1 Neighbors in Local Coordinate Space

Because of the local self-similarity of images, pixels adjacent to one pixel are quite potential belong to the same category of object. The adjacent context information around the center pixel can be used to infer the current category. Local similarity theory exists in both low-level and high-level feature maps. Therefore, we need to model the local similarity relationship.

To achieve this goal, an 8-connected nearest neighbor relationship in coordinate space is adopted. Each hyperedge contains eight nodes that are connected to the central node horizontally, vertically, and diagonally. This natural spatial neighborhood information of objects is conducive to the correct classification of objects. Note that the nodes on the four boundaries of the image have incomplete adjacent nodes, and there are only three adjacent nodes of the four corners nodes. With the flexibility of hyperedge, a varying number of nodes can be connected.

3.3.2 Neighbors in Global Feature Space

The relationship between objects in long-distance is the key to success for correct segmentation which can be considered as pixel-level classification.

To explore the association between objects in the global scope, we introduce the similarity on the whole batch of feature maps. In general, KNN is often used to select nodes with similar features. The feature maps operated by convolution filters repeatedly have fewer noisy and higher semantic. Furthermore, the size of reduced feature maps can characterize high-resolution features with dense information. In this manner, each hyperedge contains Kglobal nearest neighbor nodes from each feature map in one batch, and the similarity is measured by Euclidean distance between the central.

4  Implementation Details

4.1 LGIA Module

The plug-and-play module we proposed consists of two hyperedge convolution layers. The first hyperedge convolution layer takes features with the input dimension as the output of the upper layer CNN and turns out a feature map with the acceptance dimension of the latter CNN layer. The last hyperedge convolution layer takes the output feature map of the previous layer as input. In order to reduce overfitting, we use a drop layer with p = 0.2 to follow each hyperedge convolution layer. To obtain nonlinearly, we choose Leaky ReLU [37] as the activation function for each hyperedge convolution layer.

4.2 Experimental Settings

In our experiments, U-Net [8] and FCN [7] with three times downsampling are selected for the control experiments. We replace the proposed LGIA module with the shallow, deep, and bottleneck layers of the CNN segmentation network to explore its impact on performance with the position. During the training phase, Adam optimizer [38] with a base learning rate value of 5e−3 is used to minimize the Cross-Entropy loss function. The proposed method is implemented with the PyTorch library [29] and trained from scratch for 300 epochs. Then test on randomly selected 10% of the datasets.

5  Experiments

To illustrate the effectiveness of our proposed method, we conduct experiments of different methods on the same dataset with equivalent experimental conditions and same post-processing. Comparison methods include advanced CNN-based segmentation models U-Net and FCN.

5.1 Dataset

5.1.1 CMR Dataset

Our dataset contains Cardiac Magnetic Resonance (CMR) images from 80 different patients with cardiomyopathy. All images are 2D short-axis native T1 mapping CMR images [39]. The spacing size of those images is range from 1.172 × 1.172 × 1.0 mm3 to 1.406 × 1.406 × 1.0 mm3. The original spatial dimension of those images is 256 × 218 × 1 pixels.

5.1.2 Data Pre-Processing

In order to ensure the isotropy of data in each dimension, we use the interpolation method to re-sample the spacing size to 1.0 × 1.0 × 1.0 mm3. Because a CMR image contains a wide scan range of chest, we crop and resize the image to 80 × 80 based on the consideration of computational efficiency and space utilization. Since the large range of grayscale in the CMR image, we normalize each CMR image to ensure intensities range of [−1.0, 1.0] for efficiently processing by the deep model.

5.2 Evaluation Metrics

In order to evaluate the network performance objectively and quantitatively, we investigated a variety of evaluation indicators. And Dice Similarity Coefficient (DSC) [40] is widely used to evaluate the accuracy of segmentation methods. The DSC is defined as Eq. (3):


DSC(Y,P)=2×|Y∩P||Y|+|P|
(3)

where 
|Y|
and 
|P|
are the cardinalities of the ground-truth and model prediction, respectively.

5.3 Ablation Study

In this part, we conduct several sets of ablation studies about our proposed LGIA module and considering four scenarios: 1) which position of CNN segmentation network will LGIA module be embedded in; 2) K value in the hyperedge construction strategy should be chosen; 3) how many hyperedge convolution layers does LGIA module consist of; 4) how the performance varies with only the local block and only the global block. Then, different CNN segmentation networks are adopted for further experiments to verify the effectiveness and reliability of the proposed LGIA module.

5.3.1 Embedded Position of LGIA Module

CNN repeatedly stacks the pooling layers and striding convolution layers to obtain a larger receptive field size, which results in a progressively shrinking size of feature maps. The shallow layers in CNNs are more concentrated on learning low-level features, like object edges and curves. The feature maps in shallower layers are richly detailed but poorly semantic. Instead, the feature maps in deeper layers are richly semantic but poorly detailed. Feature maps in different network stages contain various information, so the hypergraphs constructed above are not identical. In order to explore the impact of this difference on the segmentation performance, we conduct experiments that use dissimilar feature maps from different network stages as LGIA module inputs. Feature maps with the too-small resolution are count against to hypergraph construction, so we adopt 3 max-pooling layers in U-Net and FCN to avoid oversized resolution reduction caused by excessive downsampling operations. Therefore, the size of feature maps is reduced by up to 8 times compared with the original image size.

For the convenience of description, we number different possible embedded locations in the original CNN network. In U-Net experiments, we embed the LGIA module in the shallow and deep stages of the encoder, and the deep stage of the decoder respectively. We define shallow encoder embedded location (position 1) as in front of the first pooling layer, the shape of the feature maps fed in LGIA module here is (Batch Size, 1, 
Height1,Width1
). The deep encoder stage (position 2) is behind the third pooling layer, the shape of the feature maps fed in the LGIA module here is (Batch Size, 256, 
Height8,Width8
). The deep decoder stage (position 3) is in front of the last classifier layer, the shape of the feature maps fed in the LGIA module here is (Batch Size, 64, 
Height1,Width1
). Then, we insert and replace the first two convolutional layers with the LGIA module in defined locations for research.

The results of embedded positions are illustrated in Tab. 1. In this embedding position experiment, the number of hyperedge convolution layers is 2, and the Kglobal value is 9. The observations support that the segmentation performance improvements achieved by embedding the LGIA module in the deep stage of the CNN model. From the results in the table, we can further investigate that when embedded in the shallow encoder layer (position 1), deep encoder stage (position 2) and deep decoder stage (position 3) of U-Net, 85.74% ± 2.87%, 89.26% ± 2.53% and 87.52% ± 2.80% DSC values are obtained respectively. The worst results are obtained when embedded in the shallow encoder layer (position 1) because the input images of the LGIA module in this layer are not smooth enough and contains a lot of noise, which will result in an inaccurate hypergraph being created. The best results are obtained when embedded in the deep encoder stage (position 2) because the input feature maps of the LGIA module in this stage are noise-free and richly semantic. In addition, it is easier to model long-distance relationships by constructing a hypergraph in these reduced feature maps.
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5.3.2 K Value in Hyperedge Construction Schemes

For the ordinary graph, each edge connects two nodes. This can be formed by selecting one node as the central node and then looking for another node that is most similar to it. But for hypergraph, one of the most significant differences is that each edge in hypergraph (called hyperedge) will link more than two nodes. A hyperedge consists of one selected central node and its K nearest neighbors.

In our experiments, two hyperedge construction schemes are adopted, local and global. The local hyperedge construction strategy according to the 8-connected in coordinate space of each central node. In this mode, each hyperedge connects eight nodes, the Klocal = 8. For the global hyperedge construction strategy, the K nearest neighbors are selected by the similarity with the central node in feature space. In practice, we choose the most similar first k nodes. In order to explore the influence of Kglobal in global hyperedge construction strategy on the performance, we conducted experiments that adopt 5, 7, 9, 11, 13 and 15 layers when choosing the most similar first k nodes.

[image: images]

The results of the influence of the Kglobal value are shown in Tab. 2. In this Kglobal value experiment, the embedding position is 2, and the number of hyperedge convolution layers is 2. Detailed results are that adopt 5, 7, 9, 11, and 13 of the Kglobal value in global hyperedge construction strategy, 88.31% ± 4.03%, 88.42% ± 2.41%, 89.26% ± 2.53%, 87.77% ± 2.91%, 88.87% ± 2.44% and 88.46% ± 3.25% DSC values are obtained, respectively. We can observe that as the Kglobal value increases from 5 to 9, the model reports better results, but as the Kglobal value continues to increase, the performance has declined. The best result was obtained at Kglobal = 9.

5.3.3 The Number of Layers of the LGIA Module

The deeper CNN has stronger representation capabilities. But the problem of the vanishing gradients once hindered the development of technology and the improvement of performance until the appearance of ResNet [4]. Features can be performed node-edge-node transformed by hyperedge convolution operation, with a hypergraph structure that can perform better aggregate information and refine features. Using fewer hyperedge convolutional layers will result in weak describing ability. But stacking too many hyperedge convolutional layers can cause the gradient to disappear. The excessive propagation on hypergraph will reach the state of over-smoothing, which will eventually lead to the convergence of the graph vertices features [41]. Like most state-of-the-art GCNs, models generally have no more than 4 layers [42].

In order to explore the influence of the number of hyperedge convolutional layers in the LGIA module on the performance, we conducted experiments that adopt 1–4 layers in the LGIA module.

The results of the influence of hypergraph convolution layers are shown in Tab. 3. In this number of hyperedge convolution layers experiment, the embedding position is 2, and the Kglobal value is 9. We can notice that adopt 1–4 hyperedge convolutional layers in LGIA module, 87.71% ± 2.87%, 89.26% ± 2.53%, 88.49% ± 2.74% and 88.62% ± 3.77% DSC values are obtained, respectively.
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When there is only one hyperedge convolutional layer in the LGIA module, the model reported a poor score. Because it is not powerful enough in parameter quantity and representation ability. The best results are brought out by the two layers of the LGIA module. At this point, the network has enough parameter quantities to fit data patterns, and it can also effectively perform information aggregation. However, when the LGIA module depth continues to increase to 4, the performance will not increase but will decrease slightly. This is consistent with previous researches that too deep a network structure is likely to lead to vanishing gradients.

5.3.4 Effectiveness of Local or Global Aggregation

In order to explore the performance of the local or global block in the LGIA module on the performance, we conducted experiments that adopt local block only and global block only in the LGIA module.

The results of the influence of local and global blocks are shown in Tab. 4. In this local and global block experiment, the embedding position is 2, the number of hyperedge convolution layers is 2, and the Kglobal value is 9. We can notice that adopt local and global blocks only in the LGIA module, 89.03% ± 2.32% and 89.08% ± 2.45% DSC values are obtained, respectively. When we adopt the LGIA module which contains local and global blocks, the DSC value is 89.26% ± 2.53%.

[image: images]

5.4 Experimental Results

In this part, we present our segmentation performance comparisons with vanilla CNN-based segmentation models and the models after the insertion of our proposed LGIA module. In these controlled experiments, the network configuration and experimental conditions are all the same except whether the LGIA module is embedded or not.

5.4.1 Qualitative Results

In order to visually illustrate the effectiveness of our proposed LGIA module, we visualized the error analysis map of the segmentation masks.

In Fig. 3, there are three examples of the qualitative segmentation error analysis results are shown. Columns from left to right: original MR images, ground-truth, segmentation results by U-Net, segmentation results by U-Net + LGIA module. The color representation of the last two columns: blue: correct pixels, red: unidentified pixels, green: misidentified pixels. According to the color identifications in the figure, we can observe that the segmentation masks have a more correctly segmented area and less mistakenly segmented pixels after applying the LGIA module. Thus, compared to vanilla U-Net, the model with embedded LGIA module archive better results, which are closer to manual ground truth.

[image: images]

Figure 3: Examples of qualitative segmentation comparison

5.4.2 Quantitative Results

The performance of our approach has been qualitatively illustrated through error analysis maps. To make a more precise and objective demonstration of the effectiveness of our proposed method, we compare baseline models and the models after the insertion of our proposed LGIA module in terms of the DSC metric with the same training set.

The comparison results are shown in Tab. 5. We compared U-Net and FCN after embedding the LGIA module. Average scores with standard deviation on the testing set are reported. After using our proposed LGIA module, the modified models reached about 1% increasing compared to the original models.
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6  Conclusions

In this paper, we proposed an easy-to-embedded block to improve segmentation performance based on the hypergraph neural network. The fundamental idea is to model the global context in the segmentation task. Most traditional CNN networks are trying to increase the receptive field size by stack string layers or using dilated Convolution. Unfortunately, this is an inefficient way because the receptive field size grows slowly. In addition, there is a contradiction that excessive downsampling operations will also cause loss of resolution, while the segmentation task requires models of product equal-sized masks.

Our proposed LGIA module takes advantage of the hypergraph to achieve local and global information aggregation. Beyond that, our approach as a stand-alone module can be embedded into existing segmentation networks without pain.
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Table 1: Performance comparison of embedding LGIA module 1 different locations in CNN model

Method Position DSC

U-Net + LGIA module 1 85.74% + 2.87%
U-Net + LGIA module 2 89.26% =+ 2.53%
U-Net + LGIA module 3 87.52% + 2.80%
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Table 3: The influence of the ditferent number of hyperedge convolution layers in the LGIA module on

performance

Method Layers DSC

U-Net + LGIA module 1 87.71% + 2.87%
U-Net + LGIA module 2 89.26% = 2.53%
U-Net + LGIA module 3 88.49% % 2.74%
U-Net + LGIA module 4 88.63% + 3.77%
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Table 4: Performance comparison of the local block and the global block

Method DSC
U-Net + local block 89.03% + 2.32%
U-Net + global block 89.08% £ 2.45%

U-Net + LGIA module

89.26% =+ 2.53%
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Table 2: Performance comparison of the effect of different Kjopa values

Method Kaiobal DSC

U-Net + LGIA module 5 88.31% = 4.03%

U-Net + LGIA module 7 88.42% £ 2.41%

U-Net + LGIA module 9 89.26% =+ 2.53%
U-Net + LGIA module 11 87.77% + 2.91%

U-Net + LGIA module 13 88.87% + 2.44%

U-Net + LGIA module 15 88.46% = 3.25%
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Table 5: Quantitative segmentation comparison

Method

DSC

U-Net

U-Net + LGIA module
FCN

FCN + LGIA module

88.31% £ 3.72%
89.26% £ 2.53%
61.42% £ 5.91%
62.56% £ 4.67%
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