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Abstract

Although computed tomography (CT) and magnetic resonance imaging (MRI)

produce high-resolution images, during surgery or radiotherapy, only low-resolution

cone-beam CT and low-dimensional X-ray images are usually obtained. Further-

more, because the duodenum and stomach are filled with air, it may be hard

to accurately segment their contours, even on high-resolution images. Although

denoising and image enhancement can be used to assist in the segmentation and

reconstruction of 3D images, some regions of organs may remain difficult to de-

tect. To approach this issue, we propose a graph convolutional network (GCN)

to reconstruct organs that are hard to detect on medical images. The method

uses a framework to transform an initial template into an estimated shape of

the patient’s organs based on previous information attainted from different de-

tectable organs from different patients. To overcome the inaccurate estimation

results of triangular surface mesh data with the GCN, we propose a method to

add internal vertices and edges, which has the effect of improving the calcula-

tion accuracy by enhancing the topological structure of the mesh data. In this

study, the organ data of 124 patients who underwent pancreatic tumor treat-
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ment were used to verify the predictive effect of the proposed method. The 3D

organ contours were defined by board-certified radiation oncologists and used as

the ground truth surface meshes. For 100 randomly selected detectable feature

vertices, the average Euclidean distance error of the liver was 3.72 mm. The

topological enhancement proposed in this study reduced the prediction error of

the liver by an average of 0.84 mm.

Keywords: abdominal organs, mesh data, GCN, shape reconstruction

1. Introduction

Three-dimensional (3D) medical imaging technologies such as computed

tomography (CT) and magnetic resonance imaging (MRI) play a major role in

the visualization of human structures for diagnosis, surgery, and radiotherapy.

However, for radiotherapy, patients may undergo multiple treatments over the

course of several weeks, and changes in their abdominal anatomy may occur

over such periods. Because CT equipment is not portable and repeated CT

imaging increases the patient’s radiation exposure (Islam et al., 2006), CT im-

ages are generally only obtained for the initial planning (Miao et al., 2016; Kan

et al., 2008), with the daily images being obtained using low-dimensional X-ray

or low-resolution cone-beam CT (CBCT). However, some organs such as the

stomach, duodenum, and pancreas cannot be clearly resolved because of miss-

ing sections or artifacts that often appear in CBCT images (Nakao et al., 2021).

Furthermore, because the stomach and duodenum are filled with air, images of

these organs may not be very clear, even on CT. The shape and location of

these organs also vary from person to person (Nakamura et al., 2021) (Rigaud

et al., 2018), further complicating the process of organ detection. To obtain a

precise contour of such internal organs from the CBCT image, an experienced

doctor needs to spend considerable time on manual contouring. If this work

could be assisted by computers, it would greatly reduce the workload. Occa-

sionally, certain regions of the target organ are detected but the entire region is

difficult to segment. Therefore, we consider it meaningful to estimate the shape
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of the undetected region from the detectable one. Statistical shape modeling

based on prior knowledge has been widely used to obtain accurate organ shapes

from medical images (Nakamura et al., 2019; Jia, 2019). Unlike physics-based

modeling (Fuerst et al., 2014; Nakao & Minato, 2010), statistical modeling is a

data-driven approach that does not explicitly describe the elasticity and physical

conditions of organs. Statistical modeling methods such as principal component

analysis (PCA) and other PCA-based modeling methods have been proposed

for parameterizing organs and analyzing their movements and changes in shape

(Rigaud et al., 2018; Cootes & Taylor, 2001; Heitz et al., 2005). However, PCA

is a linear model, which results in considerable errors in shape reconstruction

(Nakao et al., 2021). There are also shape reconstruction methods based on

partially observed data that do not suffer from inter-patient limitations. Some

researchers have proposed methods to reconstruct an organ’s 3D shape from a

single image (Tong et al., 2020; Wang et al., 2019; Wu et al., 2019). However,

it is not easy to segment the stomach and the duodenum on 2D X-rays, and

the methods have limitations for organs that cannot be completely detected

on 2D images. Although kernel-based statistical modeling (Nakao et al., 2021;

Yamamoto et al., 2021) has been proposed for estimating the shape of flexible

organs that are easily deformed, if there is no method to create associations be-

tween the detectable and undetectable regions it is difficult to complete the pre-

diction of the undetectable ones. Therefore, it remains a challenge to estimate

the shape of the remaining part from the limited organ data provided. This

study proposes a framework combining a Graph Convolutional Network (GCN)

with a topological mesh update to calculate the undetectable shape of organs

based on partially-detectable features. We use surface meshes to represent the

3D shapes of abdominal organs. Compared with other 3D representations such

as point clouds, surface meshes define 3D geometry and topological structures

that are important for calculating deformations (Holzinger, 2014). The GCN is

a deep learning framework for graphs with nodes and edges (Kipf & Welling,

2016), and has mainly been used for classification tasks in non-Euclidean space

(Zhou et al., 2020), although there are also studies applying GCNs to mesh-
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based shape reconstruction (Wang et al., 2020) and surface mesh segmentation

(Tang & Qiu, 2021). Herein, we extend the application of a GCN to the pro-

cessing of mesh data to calculate the deformation from a template mesh to

the patient-specific shape of an organ according to its detectable part. In the

GCN, the information transfer between points is particularly critical. We over-

come the problem of weak correlation information between distant vertices by

adding internal vertices. We incorporate a k-means clustering algorithm into

the GCN to enhance the connection between distant vertices to further reduce

the Euclidean distance error of the shape prediction.

In this study, the 3D-CT images of 124 patients with pancreatic cancer

who underwent radiotherapy at Kyoto University Hospital were used to verify

the accuracy of the proposed method.

2. Related Work

There are three main aspects to the work. The first subsection covers the

application of the GCN to 3D reconstruction. The second part is related to

research on the 3D reconstruction of organs. The last subsection explains the

contribution of this research.

2.1. Graph convolutional network for 3D reconstruction

The GCN is a neural network used mainly in non-Euclidean space and for

classification tasks (Yao et al., 2019; Zhang et al., 2019). Because 3D mesh data

are also a kind of graph, there has been recent research on applying GCNs to

3D reconstruction. One such application of GCNs involves the reconstruction

of 3D shapes from 3D point clouds. Luo et al. proposed a method that took the

point cloud and triangular section as input and decided whether the tetrahedron

was inside or outside the output to create the surface of an object (Luo et al.,

2021). However, a premise of such a method is to have information on all the

vertices, whereas, for undetectable organs, the corresponding vertex informa-

tion is unknown. Another application of GCNs to 3D reconstruction involves
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reconstructing an object in three dimensions from the original 2D images. Ci et

al. proposed a GCN-based method for 3D human pose estimation from a single

image. Their method included two steps: the first was to estimate the 2D pose

from the image, and the second was to estimate the corresponding 3D pose.(Ci

et al., 2020). However, predicting an entire graph from a part of a 3D graph is

still a challenge.

2.2. 3D reconstruction of organs

In this subsection, we give an overview of some related medical 3D re-

construction research. A large number of methods are used to generate two-

dimensional medical images, including CT, X-ray, ultrasound, and MRI. Three-

dimensional reconstruction is used to visualize the anatomical information ob-

tained by these digital imaging technologies, and computer-generated three-

dimensional visualization effects have high clinical value. There are already

methods proposed to reconstruct abdominal organs, such as PCA-based and

kernel-based statistical modeling. Rigaud et al. (Rigaud et al., 2018) generated

a PCA model of the cervix and bladder to extract the dominant deformation

modes. Heitz et al. (Heitz et al., 2005) also proposed a method to produce a

statistical model using PCA, and created a model of the lower cervical vertebrae

to verify the accuracy, compactness, and generalization ability of their method.

However, PCA may not be a good solution for complex and non-linear inter-

patient differences in organ shape. When large differences in shape are present,

such as between patients with large individual differences or with soft organs

with large deformation potential, PCA-based approaches are subject to limita-

tions. Ehrhardt et al. (Ehrhardt et al., 2010) constructed a four-dimensional

statistical model of the lung, which is a spatiotemporal model, using a statis-

tical mean displacement model. Nakao et al. (Nakao & Minato, 2010; Nakao

et al., 2021) and Nakamura et al. (Nakamura et al., 2021) extracted the mean

shapes and displacements of organs from multiple patients’ 3D images and built

a statistical deformation modeling to estimate the movement of the pancreatic

tumor with respiratory motion. There has also been research on 3D reconstruc-

5



tion from a single X-ray image. Tong et al. (Tong et al., 2020) proposed a

framework combining a Convolutional Neural Network (CNN) and GCN to re-

construct a patient’s liver from a single X-ray image. However, some abdominal

organs, such as the stomach and duodenum are unclear on X-ray images.

2.3. Contributions of this study

Medical 3D reconstruction is mainly based on tasks completed on multiple

2D medical images, but there are generally unclear parts of organs on various

two-dimensional images. Therefore, it makes sense to estimate the undetectable

part from the detectable part. However, limited data availability is an unavoid-

able problem in medical research; it is difficult for a traditional GCN to obtain

accurate estimation results when dealing with triangular surface meshes with a

small number of samples and simple topological structures. This study, there-

fore, proposes a method that can complete the estimation of the undetectable

regions from the detectable ones. There are two main contributions of this

paper.

• A proposed method to improve the accuracy of GCN shape estimation by

enhancing the topology of mesh data.

• Analysis of shape reconstruction performance in the estimation of unde-

tectable regions from detectable regions under different conditions and for

different organs.

3. Methods

3.1. Problem setting

X-ray, ultrasound, CT, and MRI images are widely used in clinical medicine.

However, no medical imaging modality can clearly detect all organs. For exam-

ple, it is usually difficult to completely determine the contour of the stomach

on CT images because of the presence of air, although the partial shape may

be easily defined. Figure 1 (a) shows the contours of four abdominal organs
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on CT images. It can be seen that part of the contour of the stomach is clear,

but another part is difficult to distinguish. If the shape of the undetectable

regions can be estimated from the detectable regions, as shown in Figure 1 (b),

it will not be necessary to manually segment the organ contour, improving the

efficiency of organ detection.

(a) (b)

Figure 1: Shape reconstruction for undetectable regions of organs. (a) Abdom-

inal CT slice with manually-defined organ contours. A Complete definition of

the stomach contour is difficult because of air, (b) detectable and undetectable

regions of an organ in our problem setting.

3.2. Dataset and preprocessing

The dataset consisted of 3D-CT images from 124 patients who under-

went intensity-modulated radiotherapy for pancreatic cancer at Kyoto Univer-

sity Hospital. The clinical data were collected with the approval of the Kyoto

University Graduate School and Faculty of Medicine Ethics Committee, and

with the consent of the patient regarding the use of their anonymized data

for academic research. In each image, the 3D contours of the liver, stomach,

duodenum, and pancreas were manually defined by board-certified radiation on-

cologists, and the original tetrahedral mesh data were generated from these 3D

contours. The original tetrahedral meshes differ in their number of vertices and
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structure because they were independently generated from different CT images.

One case was randomly selected to be the initial template mesh and its surface

was resampled to a new mesh with the same number of vertices and triangles.

Then, we used deformable mesh registration (DMR) (Nakao et al., 2021) to

deform the template to the organ of an individual patient to obtain registered

meshes with point-to-point correspondence. The DMR process is shown in Fig-

ure 2. In this way, each organ from the different patients had the same number

of vertices and faces. The liver model comprised 500 vertices and 996 faces, and

the stomach model of 400 vertices and 796 faces. Figure 3 shows the registered

surfaces and templates of the liver and stomach. A standardized number of

vertices and faces resulted in a similar topology, allowing the shape to be easily

calculated within our framework.

Figure 2: The DMR process. The liver template with 500 vertices and 966 faces

is deformed through registration to the target shape with different topologies.

3.3. Proposed framework

The framework proposed in this study can reconstruct the organ shape of

different patients (inter-patient) using a mean organ shape as the initial tem-

plate. After deformable mesh registration (DMR) processing, the same organ
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(a) (b)

(c) (d)

Figure 3: Registered surfaces and templates of abdominal organs, (a) patient-

specific liver surfaces, (b) liver template, (c) patient-specific stomach surfaces,

and (d) stomach template

in different patients is represented by the same number of vertices and faces.

The standardized topology makes it possible to calculate the mean shape. We

define the coordinates of the vertices of the template as:

v̄i = (v̄xi, v̄yi, v̄zi), i ∈ n. (1)

where n is the number of vertices.

Figure 4 shows the architecture of the proposed framework. The liver is

an abdominal organ with a large volume and a special shape, and it is therefore

relatively easy to detect more features, so we set the liver as the first research

object to analyze the influence of different factors on the prediction results.

In Figure 4, the initial template is a mean shape of the liver and the input

feature is the detectable region of an individual patient’s liver. After adding

internal vertices automatically, the GCN deforms the mesh to the final output.
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The output is the liver shape corresponding to the individual patient. Each

component of the framework will be explained in detail.

Figure 4: The architecture of the proposed framework.

3.3.1. Topological update for surface meshes

The information transfer of the GCN is delivered along the edge, which

will be described in detail in 3.3.2. Therefore, there will be a problem if there

are too many edges between the detectable vertices and the target vertices of

the prediction, which will cause a substantial drop in the correlation between

the two, greatly reducing the prediction capabilities. To approach this issue,

our framework can add internal vertices and build new edges among the surface

vertices and internal vertices. We use the k-means algorithm (MacQueen et al.,

1967) to calculate cluster centers on the vertices of the template and these cluster

centers become the added internal vertices. Then, new edges are built between

the added internal vertices and surface vertices belonging to the same cluster.

As new edges are generated, the adjacency matrix in the GCN is also updated.

Figure 5 shows the addition of vertices and edges with different numbers of

clusters.

3.3.2. GCN-based shape reconstruction

The detectable region of the proposed framework is defined by the coor-

dinates of the vertices corresponding to the clinically detectable region, which

10



(a) (b)

(c) (d)

Figure 5: Added vertices and edges with different numbers of clusters. (a)

clusters=2, (b) clusters=4, (c) clusters=6, (d) clusters=8.
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are defined as

vi = (vxi, vyi, vzi), i ∈ n, (2)

the coordinates of the remaining undetectable region are set as (0, 0, 0). The

final input fed into the framework for calculation is the relative displacement

between the detectable region feature and the template, which is described as

X(1) = [u1, u2, · · · , un]
T , (3)

where X(1) is the feature of vertices before the first convolution layer, ui =

vi − v̄i, i ∈ n, which is indicated by the blue arrows in Figure 6 (a).

The GCN generalizes the convolution operations from traditional data

(such as images) to graph data. The core idea is to learn a function through

which a node in the graph can aggregate its features and its neighbors’ fea-

tures to generate a new representation of the node. Our mesh model is a graph

G(V,E), where V is the set of vertices and E is the set of edges. The mesh is de-

formed by updating the coordinates of the vertices. The information that caused

the deformation is delivered along the edges. In our framework, each layer is

defined following the description by Kipf and Welling (Kipf&Welling, 2016)

X(l+1) = σ(D̂− 1
2 (A+ I)D̂− 1

2X(l)W (l)), (4)

where X(l) is the feature of vertices before convolution, X(l+1) is the feature

of vertices after convolution, and l is the number of layers. A ∈ Rn×n is the

adjacency matrix, I ∈ Rn×n is an identity matrix, D̂ ∈ Rn×n is the degree

matrix of A + I, n is the total number of vertices, W is the trainable weight,

and σ is the activation function. Black arrows in Figure 6 (a) indicate the

displacement caused by the GCN, which makes undetectable vertices move close

to the target position. Figure 6 (b) shows how information is delivered into the

GCN. In the first layer, detectable vertices deliver their information to their one-

hop neighbors. In the second layer, one-hop neighbors deliver information to

their one-hop neighbors, which is equivalent to the detectable vertices delivering

information to their two-hop neighbors. As the number of layers increases,
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the delivery range is extended. However, with a triangular surface mesh, it

is difficult to complete the information transfer between the farthest vertices

by increasing the number of layers, and we therefore add internal vertices to

the triangular surface mesh to enhance connectivity of distant vertex pairs,

consequently turning the mesh into a tetrahedral mesh.

(a)

(b)

Figure 6: Deformation process in the GCN. (a) Input displacement and dis-

placement caused by the GCN, (b) information delivery path in the GCN

3.3.3. Loss Function

This section will introduce two loss functions used in the proposed frame-

work to obtain accurate and smooth organ shapes.

Positional loss

Positional loss is used to minimize the distance between the corresponding

predicted shape and the ground truth shape vertices and is defined as:

Lpos =
1

n

n∑
i=1

∥vi − v̂i∥22, (5)
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where n is the number of vertices, vi is the ground truth vertex, and v̂i is

the predicted shape vertex. This function acts to move the vertices on the

template to the corresponding position on the ground truth. This will cause the

overall shape to stretch, translate, rotate, and twist. These kinds of movements

will result in a rough surface, so we also need a loss function to maintain the

smoothness of the surface.

Laplacian loss

To maintain a smooth surface, we used a discrete Laplacian loss function.

This discrete Laplacian is defined below for vertex vi

L(vi) =
1

N(vi)

∑
j∈N(vi)

(vi − vj), (6)

where N(vi) is the number of adjacent vertices of one ring connected by vertex

vi and the edge, and vj is the neighboring vertex of vi. The discrete Laplacian

value of a vertex represents the curvature of the surface at that vertex. Keeping

the curvature consistent can ensure that the surface of the calculated shape is

smooth. Therefore, the discrete Laplacian loss is defined as,

Llaplacian =
1

n

n∑
i=1

∥L(vi)− L(v̂i)∥22, (7)

where L(vi) is the discrete Laplacian of the ground truth, and L(v̂) is the discrete

Laplacian of the predicted shape. The Laplacian loss function restricts the

deformation permitted by the positional loss function.

The total loss is the weighted sum of the two loss functions

Ltotal = Lpos + λlaplacianLlaplacian, (8)

3.3.4. Evaluation value

We introduce the Euclidean distance error DEuclidean (ED) to evaluate

the distance error between the prediction result and the ground truth. The

Euclidean distance error is defined as

DEuclidean =
1

n

n∑
i=1

√
(vi − v̂i)2, (9)
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where n is the number of vertices, vi represents ground truth vertices, and v̂i

represents predicted shape vertices. DEuclidean represents the distance error

between the corresponding vertices.

To determine the weight of the Laplacian loss, we used cosine similarity (CS)

to measure the surface difference between the output and the ground truth. CS

calculates the cosine value of the angle between the normal vectors of the two

corresponding triangle planes. The closer the value is to 1, the higher the

similarity of the planes. The average CS of all planes is used to measure the

surface quality of the entire shape. We compared the performance using 0, 0.001,

0.01, 0.1, and 1 as Laplacian loss weights, and obtained the results shown in

Table1. When the weight was 0.1, the Euclidean distance error was the smallest

and the surface cosine similarity was the highest. Therefore, in the experiment

in this paper, we used: λlaplacian = 0.1.

λlaplacian ED(mm) CS

0 8.7 0.957

0.001 8.7 0.957

0.01 8.6 0.957

0.1 8.6 0.960

1 9.4 0.963

Table 1: Evaluation of outputs under different Laplacian loss weights

In order to intuitively observe the surface smoothness, we also visually in-

spected the output.

4. Experiment

The following four experiments were conducted in this study. The frame-

work was implemented in TensorFlow-GPU with a single NVIDIA Geforce RTX

2070 GPU. The network was trained using an Adam optimizer with 1 × 10−4

learning rate, 5 × 10−6 weight decay. We visualized the average training er-
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ror and validation error for the 1000-step training, as shown in Figure 7. The

validation error stabilized around 500 epochs, so we set the number of training

epochs to 500. Given the limited number of samples, the batch size was set to

1. In our experiments, data from 100 patients were used for training, and data

from 24 patients were used for testing.

Figure 7: Learning curve. Euclidean error became stable at around 500 epochs.

4.1. Experiment 1: Number of detectable vertices and layers

To evaluate the effectiveness of the GCN for organ shape estimation within

the proposed framework, we set the number of layers of the GCN to 0, 2, 4,

6, and 8 for repeated experiments. The 0-layer GCN consists of a simple fully

connected network that also deforms the initial mesh based on detectable fea-

tures. Detectable features are coordinates of detectable vertices. Trials were

performed using from 10 to 500 detectable features in step 10. The detectable

features were randomly selected and incrementally added to ensure that the

previously selected random vertices were all the same and that only the newly

added ones differed. The experimental results are shown in Figure 8. Compared
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with the black curve representing no GCN layer, the test errors represented by

the other curves are smaller. Within the selected range, as the number of layers

increased the test error showed a decreasing trend, and the smaller the number

of detectable features, the greater the error difference. In practical applica-

tions, the most important thing to focus on is those cases where the number of

detectable features is low. Therefore, from the results of this experiment, we se-

lected the test results with 100 detectable features for visual analysis, as shown

in Figure 9. We chose the estimated shapes with the smallest and largest errors

with the number of layers set to 8, and also show the results for the same cases

with the number of layers set to 0. Both the error data and the visualization

results demonstrate that the GCN layer played a major role in the shape esti-

mation task. As the number of layers was increased, the difference between the

estimation errors became smaller, but when the number of detectable features

was in the range of 10 to 150, the performance of the 8-layer GCN was better

than the other settings. Therefore, we chose eight layers for the following GCN

experiments.

4.2. Experiment 2: Detection of the region in different directions

In reality, a centralized distribution in one location is more common than

a random distribution of detectable features. Therefore, in this experiment, we

set the centrally distributed regions as detectable features. We took detectable

features in order along the z-axis and divided them into ascending and descend-

ing order for detecting features. We define the following coordinate axes for the

human body, x: left-right, y: anterior-posterior, and z: head-foot. Correspond-

ingly, the detectable parts were the bottom of the liver or the top of the liver.

Figure 10 shows the error change curves for random addition, ascending order,

and descending order of detectable features when the number of GCN layers was

0 and 8, respectively. It can be concluded from the graph that the detectable

features from different directions do not affect the GCN. The estimation effect

with GCN layers was much better than without GCN layers. The estimation

accuracy was the highest when the detectable features were random, followed
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Figure 8: The relationships between test ED error, number of detectable fea-

tures, and number of layers.

by descending order, then ascending order, which showed the lowest accuracy.

When the detectable features were in ascending order, the feature vertices were

clustered together and the feature information was relatively concentrated be-

cause the shape of the liver was wide at the top and narrow at the bottom,

which is potentially the reason for the large error. In contrast, the randomly

selected detectable features had the widest distribution, and the detectable fea-

tures obtained in descending order had a wider distribution range on the x- and

y-axes.

4.3. Experiment 3: Topology enhancement

From the results of Experiment 2, under the condition that the detectable

features are taken in ascending and descending order along the z-axis, the shape

estimation error is relatively large, and it is, therefore, necessary to reduce it

further. In the experiments in this section, we selected 100 detectable features
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(a) (b)

(c) (d)

Figure 9: Visualization of the best and worst prediction results for different

network layers. Green mesh represents the ground truth, red mesh the estimated

shape (a) Case with minimum ED error and layer=8, (b) case with maximum

ED error and layer=8, (c) the same case ID as (a) with layer=0 and (d) the

same case ID as (b) with layer=0.

in descending order and added different numbers of internal vertices to verify

the feasibility of the method to enhance the topology. We set the number of

clusters from 0 to 20 for the experiments and the number of GCN layers to 4 as

a control. The results are shown in Figure 11. Compared with the case where

the number of clusters was 0, the error did not decrease after adding internal

vertices. After the number of vertices added internally was greater than 6, the

estimation error started to oscillate. When the number of clusters was 16, the

average ED error reached a minimum of 8.32 mm. Compared with the average

error with 0 clusters for the same 24 cases, which was 9.16 mm, the average error
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Figure 10: Influence of detectable features from different directions on the esti-

mation results.

was reduced by 0.84 mm. At the same time, considering the calculation time,

we set the number of clusters to 6 for specific experimental analysis. Figure 12

shows the ED error of the test data of the 24 cases under the above experimental

conditions. The mean ED error of all test cases was 8.57 mm. Compared with

the average error of 9.16 mm for these 24 cases with 0 clusters, the average error

was reduced by 0.59 mm. Case 17 had the lowest error of 5.89 mm, whereas

case 20 had the highest error of 17.59 mm. These cases are shown in Figure

13 At the same time, because the number of experimental samples was limited,

we adopted a 5-fold cross-validation method, which divided 124 patients into

five groups of 25, 25, 25, 25, and 24 to verify the stability of the method by

cross-validation. The result of the 5-fold cross-validation was 8.18 ± 2.23 mm

(mean ED ± standard deviation).

20



Figure 11: Relationship between ED error and the number of clusters.

Figure 12: ED error for the liver in the 24 test cases
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(a) (b)

Figure 13: Visualization of the liver. Green mesh is the ground truth, and the

red mesh is the estimated shape (a) Case 17 with the lowest error, (b) case 20

with the highest error

4.4. Experiment 4: Another organ

The liver has a special shape and a larger volume than the stomach, and

therefore the estimated effects are likely to differ between the two organs. In this

section, the stomach was set as the experimental object so that the difference in

estimation results could be compared between the stomach and the liver under

the same conditions. Section 4.2.3 specifically analyzed the situation with 8

network layers, the detectable features arranged in descending order along the

z-axis, 100 detectable features, and 6 clusters. These parameter settings were

maintained for the experiment on the stomach, and the following results shown

in Figure 14 were obtained. The mean Euclidean distance error of all test cases

was 12.77 mm. Case 4 had the lowest error of 6.12 mm, whereas case 20 had

the highest error of 25.47 mm. A visualization of the cases with the highest

and lowest errors is shown in Figure 15. The large error with case 20 may be

due to two reasons. On the one hand, the detectable features were concentrated

in the top part and had a little constraint on the lower end, whereas, on the

other hand, the shape of the stomach was quite different from that in the other

cases. Compared with the liver, the estimation error for the stomach was much

larger under the same conditions, and shape detection for the stomach remains

a challenging problem.
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Figure 14: ED error for the stomach for the 24 test cases

(a) (b)

Figure 15: Visualization of the stomach. Green mesh is the ground truth, red

mesh is the estimated shape. (a) Case 4 with the lowest error, (b) case 20 with

the highest error
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5. Conclusions and future work

This paper proposes a GCN-based method for estimating undetected or-

gan regions using the information from detectable organ regions. A GCN-based

method to enhance the data topology is proposed to obtain more accurate es-

timation results. We evaluated the effectiveness of the proposed method under

different conditions using abdominal 3D-CT images from 124 patients who re-

ceived radiation therapy. This study theoretically challenges the prediction of

organ shape between patients with large individual differences. In practice, it

could assist doctors in their work, providing reference information and improv-

ing work efficiency.

In the experiments, we demonstrated the role of the GCN in accomplishing

the estimation task. With 100 randomly set detectable vertices, the estimation

error has an average Euclidean distance as small as 3.72 mm. Through the

experiments, we confirmed that the methods for setting the detectable features

can greatly affect the estimation results and that the method for enhancing the

topology structure proposed in this study can reduce the estimation error to

a small value. We also showed that although the performance of our method

differed between the liver and stomach, it was feasible for both organs.

Because the estimation accuracy did not reach clinically acceptable ac-

curacy (which is within 5 mm) under many conditions in the experiment, it is

necessary to continue to improve the method in the future, so that it can achieve

higher accuracy. The experimental samples were all from Kyoto University Hos-

pital, and because of this we cannot study the influence of differences between

different populations. However, despite this homogenous dataset, the error still

failed to meet the clinical requirements. We need to further pursue the gen-

eralizability of our method and improve its robustness. In addition, we intend

to extend this intra-organ estimation framework to an inter-organ estimation

framework in the future.
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