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Abstract 
Extracting each part of an assembled object from a CT volume is important for analyzing the assembled parts, e.g., evaluating 
part deformation, measuring the clearance between different parts, and checking the relative positions of the parts. However, 
separating parts sharing narrow gaps is difficult because the changes in the CT values across narrow gaps are too small to detect 
using conventional methods, e.g., peak detection of the gradient norms of the CT values. In this study, a method used in detecting 
a narrow gap whose size is comparable to the voxel-size is proposed. The proposed method is based on peak detection of the 
Hessian eigenvalues of the CT values. Combining the proposed method with a conventional gradient-based method, we 
developed a system to segment an assembly composed parts made of the same material. 
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1  Introduction 
Currently, X-ray computed tomography (CT) scanning is used to accurately obtain the entire geometry of assembled parts. Three-
dimensional (3D) shape extraction from a CT volume is important in industrial CT applications. Detecting the peak points of 
gradient norms [1] is the most popular method in defining the boundary of a shape. This method is robust against CT artifacts 
when extracting accurate boundary positions and has been successfully employed in CT volume-processing software [2, 3, 4]. 
Such methods work well when the target object is composed of a single part. However, if we need to extract the 3D shape of 
each part in an assembled object, which is an effective CT scanning application, the gradient-based method sometimes fails to 
separate parts that share narrow gaps. 

Therefore, we propose a Hessian-based method to detect narrow gaps between parts made of the same material. Even though a 
CT volume analysis using a Hessian matrix to obtain the orientations of fiber structures has been well established [5], using the 
Hessian for shape segmentation is not a popular approach. The motivation of our approach is illustrated in Figure 1. If the gap 
size is comparable to the voxel size, the CT values do not change considerably across the gap (Figure 1(a)) because of partial 
volume effects. Therefore, the peak value of the gradient norm is not sufficiently strong to detect the gap (Figure 1(b)). 
Conversely, the Hessian eigenvalues demonstrate a salient peak value at the gap (Figure 1(c)), which makes gap detection easy. 
We were able to extract each part of an assembled object from a CT volume by employing Hessian-based gap detection after 
gradient-based shape extraction.  
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 Figure 1: (a) Computed tomography (CT) values, (b) the gradient norm, and (c) Hessian eigenvalues across a narrow gap. Although only 
a small peak appears between the parts with gradient norms, there is a salient peak between the parts with Hessian eigenvalues. 
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2  Part Segmentation Algorithm 

2.1 Segmentation 
To achieve CT volume segmentation of an assembly composed of parts made of the same material, we perform the following 
steps (Figure 2). 
1. Extraction of the assembly as a single object (Figure 2(b)). 
2. Separation of the assembled parts (Figure 2(c)]. 

In the first step, we employ our previously developed software [4], which is based on gradient-based segmentation with a 
hierarchical structure. The hierarchy is constructed via iterative region merging of a Morse complex with an associating function, �� = ‖∇�‖ , where � represents the CT values and the gradient operator ∇ is discretized by the central differences using the CT 
volume grid. The user first adjusts the level of detail in the hierarchy and then selects a region in the target assembly. 

In the second step, we compute the Hessian of the CT values � = ∇岫∇�岻� and calculate the three eigenvalues represented by �� (� = 1, 2, and 3). Subsequently, another hierarchical structure for a Morse complex is constructed using the associating function �� = ∑ ��. Function �� has a salient peak at the narrow gaps (Figure 1); therefore, the assembly can easily be separated into its 
individual parts using the hierarchical structure based on ��. 
 

2.2 Polygonization 
To generate a polygon mesh of each separated component from an assembly composed of parts (with sub-voxel level accuracy), 
we apply an algorithm to create boundary surfaces between different components according to the state of segmentation. Because 
an assembly is separated with a Morse complex with two types of associating functions, �� and ��, we create polygon meshes 
with different equations for each as follows: 

1. For the boundary of a segmentation with ��, the positions of the mesh vertices are determined by finding the maxima of �� 
along the direction �� = ∇� ‖∇�‖⁄  [1], namely, by solving Equation (1). This means that the directional derivative of �� 
along �� is zero. ������  = 0 

(1) 
 

2. For the boundary of a segmentation with ��, we first calculate the three eigenvectors represented by ��  (� = 1, 2, and 3) , 
each of which corresponds to ��  and represents its direction. Then, a vector field � = ∑ ����  is generated. Finally, the 
positions of the polygon mesh vertices are determined by finding the maxima of �� along the direction �� = � ‖�‖⁄ , 
namely, by solving Equations (2). This means that the directional derivative of �� along �� is zero. ������ = 0 

(2) 

(a) Input CT volume   (b) First segmentation   (c) Second segmentation 
Figure 2: The proposed two-step segmentation approach. 
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3  Experiments 

3.1 Evaluation of the detectable gap sizes 
To validate the improvement in the quality of segmentation using our proposed Hessian-based method compared to the 
conventional gradient-based method, we contrived a specialized evaluation method for our algorithm. We created a benchmark 
for the detectable gap size versus the voxel size of the CT volume of an assembly using the following process. 

1. We first designed a measurement phantom and printed it in 3D using Agilista by the KEYENCE Corporation(Figure 3 (a)).  
2. Then, we scanned it using a CT scanner several times while changing the voxel size slightly (Figure 4).  
3. The bottom of the digitalized shapes of the phantoms with various voxel sizes was eliminated, resulting in our desired 

shape, which is composed of 10 non-touching and equally spaced plates made of the same material. 
4. We applied both our proposed method and the conventional method to the same set of data with various voxel sizes to 

check if segmentation was possible. 
We conducted an experiment to evaluate the minimum detectable gap size compared to the voxel size of the CT volume obtained 

by scanning an assembly. We checked if segmentation was possible for each CT volume of the phantom, which had various 
voxel sizes, with each segmentation method. 
 Table 1 shows the result. Using our proposed method, CT volume segmentation is possible if the ratio of the gap size to the 
voxel size is up to 70%; however, using the conventional method, CT volume segmentation is only possible if the ratio is up to 
120% as shown in Figure 5. The blue lines in the slices of the CT volumes represent the boundary surfaces from the hierarchical 
structure along which we conducted the segmentation; as a result, different components are colored differently. This result clearly 
illustrates that our proposed method makes it possible to conduct segmentation on narrower gaps provided that the voxel size is 
constant.  
 
 
 

 
 

 

(a) The design of our phantom  (b) 3D printed phantom  (c) CT scanning and its modification 
Figure 3: Our phantom for evaluation of segmentation 

Figure 4: CT scanning conditions for various voxel sizes and slices of scanned volume data 

Table 1: Evaluation of the detectable gap size 
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3.2 Segmentation results 
Some results of the segmentations of the CT volumes of assemblies which is made of the same material with narrow gaps are 
shown in this section.  
 

3.2.1 Toy car 
Figure 6 shows the result of the segmentation of the parts of a toy car, the scanning condition of which is shown in Table 2. This 
toy is composed of eight components made of plastic. The entire assembly shape is extracted in the first step, and then, each 
component is separated in the second step. However, some components touch each other in areas where a segmentation error 
ultimately occurred. In the figure, the segmentation error is shown as a red area lies over the green and yellow components as 
opposed to a straight blue line drawn between the two components. 
 

3.2.2 Light appliance 
Figure 7 shows the result of the segmentation of the parts of a light appliance, the scanning condition of which is shown in Table 
2. This is an assembly composed of two tightly adhered components made of plastic. The figure illustrates that the segmentation 
between such components is mostly achieved using the two steps of our algorithm. However, there are some areas that have 
segmentation errors. 

 

(a) Conventional gradient-based method (voxel size/gap width is 120%)               (b) Proposed Hessian-based method (the ratio is 70%) 
Figure 5: Examples of successful segmentations of our measurement phantom 

Figure 6: Segmentation result for a toy car 

Table 2: Conditions of CT scanning in segmentation experiments 
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4  Conclusions and Future Work 
We proposed a Hessian-based method to detect narrow gaps between parts made of the same material. We used a two-step 
segmentation algorithm to extract each part of an assembled object from a CT volume by employing a Hessian-based gap 
detection after a gradient-based shape extraction. The new evaluation approach results in a smaller detectable gap size compared 
to the voxel size of a CT volume.  
 As a result of an experiment on the evaluation of detectable narrow gaps, the improvement in the quality of the segmentation 
with our proposed Hessian-based method compared to the original gradient-based method is validated. It is also shown that 
narrower gaps between the same-material components can be detected using our proposed algorithm in segmentation 
experiments; however, components that are too tightly adhered result in a segmentation error. 
 As a future work, further impovements in the quality of segmentation are required. After the complete segmentation of 
assemblies becomes possible, polygon meshes of each component should be validated with high accuracy.  
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Figure 7: Segmentation result for a light appliance 


