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Abstract

We propose a new segmentation method for separating parts of a mechanical assembly in a CT volumetric image. Part segment-

ation is generally based on edge detection with gradient norms of the CT volumetric image, which often fails when parts made

of the same material come into close contact. This is because an image is blurry between the parts with low gradient norms and

indistinct edges. In order to enhance weak edges at such faded part boundaries, our idea is to enhance the gradient norm in a

CT volumetric image. To find such faded boundaries, auxiliary information needs to be introduced. In this paper, two practical

cases of the faded boundaries in plastic and welded assemblies of sheet metal parts are studied. For the former case, CAD mesh

models of target parts are used. The faded boundaries are found in blurred regions on the CAD mesh boundaries. For the latter

case, the thickness value of the sheet metal parts used, and it is assumed to be constant. The faded boundary can be located at

the distance of the thickness from the outer surface of the part. By enhancing the gradient norms in those faded boundaries, the

assembly of parts made of the same material can be segmented. The algorithms are implemented, and experimental results are

demonstrated.
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1 CT volume segmentation for mechanical assemblies

Industrial X-ray CT scanners are widely used because they can, non-destructively, take a 3D volumetric image for an object.

Dimensional X-ray CT scanners allow accurate shape measurement and have recently been applied to reverse engineering. We

are interested in reverse engineering of assembly of several mechanical parts by scanning the assembly as a whole and then

segmenting the CT volumetric image of the assembly to separate all parts. This study deals with the segmentation problem, in

which assemblies, consisting of multiple parts, are scanned and reconstructed with a CT scanner. The data for each part are

compiled in a volumetric image.

Several studies explored volumetric image segmentation. The iso-surface of CT value [1], i.e., the volumetric image value,

is a simple method that selects a CT value, and uses its voxels as the part surface. Although this method is plain, the part

shape will collapse depending on data disturbance. The Canny edge detector was proposed to solve the iso-surface problem [2].

This method calculates a volumetric image gradient and detects the gradient’s local maximum points. Edges are detected by

comparing gradients of local maximum points to upper and lower thresholds and checking other edge voxels. On the other

hand, the Canny detector is sensitive to noise and the detected edge depends on the thresholds. Another widely used method

is Meanshift [3][4]. This method compares each voxel to its adjacent voxels and sets the same label if their values are similar.

Although meanshift does not require thresholds while it excessively divides a volumetric image, it causes excessive segmentation

in actual CT volume. Dou et al. conducted the 3D segmentation of medical CT volumetric image by applying a Convolutional

Neural Network [5]. However, the industrial CT deals with a lot of objects and materials. Thus, it needs vast learning data to

segment any volumetric image.

2 Segmentation of contact parts made of the same material

This study aims at segmenting parts made of the same material. When such parts are in contact with each other or assembled with

a small gap, their boundary cannot be observed clearly in a CT image. This is referred to as a faded boundary in this paper. The

faded boundary is a well known problem, which makes the segmentation difficult by using any of the segmentation algorithms

introduced above.

The methods for segmenting such faded boundaries are proposed for the following two typical cases:

(1) assembly of plastic parts and

(2) welded structure of sheet metal parts

Fig. 1 shows an example of the first case, where two plastic parts are assembled with a very small gap. Fig. 2 shows the second

case, where a few sheet metal parts are superposed. In a region such as the CT image, the part’s boundaries are blurred or even

missing.
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(a) (b)

Blurry regions

Figure 1: (a) Photo of plastic assembly. (b) The boundary between parts of the same material forms a blurry region in their CT

image.

(b)(a) (c)

Figure 2: (a) Photo of car body. (b) CT scanned volumetric image of the beam in the red box in (a). (c) Slice image of the

volumetric image.

The segmentation method proposed in this article is based on the image’s gradient norms [6]. The gradient norm at the faded

boundary is too small to be used for segmentation. This problem can be solved by a forcible enhancement of gradient norms

using some auxiliary information. For the plastic assembly issue, boundary mesh models of the target parts are used, while for

the sheet metal problem it is the thickness value of the sheet metal parts. By using such information, the gradient norms in the

faded region are enhanced to be large enough for segmentation.

The gradient norm gi at voxel i is calculated by Eq. 1.

gi =

√

(

∂vi

∂x

)2

+

(

∂vi

∂y

)2

+

(

∂vi

∂ z

)2

(1)

where vi is the CT value of voxel i. Fig. 3 shows a slice of the CT volumetric image and the gradient norm. The gradient norm is

proportional to the change of voxel values. Fig. 4 illustrates gradient enhancement by scaling gi up. The key issue is how to find

regions of the faded boundary, where gradient norms need to be enhanced while keeping the gradients of other regions of the CT

image. Section 3 and section 4 present algorithms for segmenting the faded boundaries using CAD models and thickness of the

sheet metal for the abovementioned two problems, respectively.

3 CAD mesh-guided gradient enhancement

3.1 Adjusting CAD mesh to CT volume

For finding the faded boundary of the plastic assembly, it was decided to use boundary mesh models of the parts, which can be

obtained from the 3D CAD models of target parts. They can also be extracted through CT scanning of each disassembled target

part (referred to as CAD meshes in this paper). Fig. 5 shows the proposed method’s flowchart.

By aligning such CAD meshes to the CT volume of the assembly, the contact area of parts in this CT volume, which forms

the faded boundary, can be identified. However, the shapes of CAD meshes are not same as those of the actual parts due to a

manufacturing error, assembly deformation, or something else. The CAD meshes must be adjusted to the parts’ CT volume in

order to find the enhanced region correctly. To solve this problem, this study uses a CT mesh generated from the volumetric

image’s segmentation boundary outside the faded regions. The CAD mesh is fitted to the CT mesh to eliminate the effect of such

errors. Finally, the fitted CAD mesh is used for finding the faded region.

In this paper, the volumetric image is denoted as V , and the value of voxel i is denoted as vi. V involves the whole assembly made

up of N parts. The CAD mesh corresponding to k-th part k = 1,2, . . . ,N is denoted as Mk. Mesh MA is generated to represent

the assembly’s whole surface boundary in the CT volumetric image. MA is called CT mesh hereafter. Each of CAD mesh Mk is

aligned to the CT mesh MA by the ICP algorithm [7]. Note that the faded boundaries cannot be captured by MA.
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Figure 3: (a) CT volumetric image. (b) Gradient norm of CT image and (c) an enlarged view.

Figure 4: Enhancement of gradient norms.
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Figure 5: Flowchart of CAD-guided gradient enhancement.
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Algorithm 1 Gradient enhancement

for all voxels i do

calculate σi
2

end for

decide variance threshold θσ2 by Otsu’ method

for all voxels i do

if di < dmax and σi
2 < θσ2 then

update g′i
end if

end for

(a) (b)

Figure 6: Example of distance field. (a) Part boundary (white lines) and (b) distance field of the part boundary.

3.2 Gradient enhancement guided by CAD mesh

The next step is finding voxels in the faded region, at which the gradient norm must be enhanced. It should meet the following

two conditions:

(1) it should be in a blurred neighborhood, and

(2) it should be near two CAD mesh boundaries.

The first condition means that the voxel must be on the part boundary of CAD meshes, while the second condition requires that

its neighborhood is blurred. Simply speaking, the faded boundary refers to the blurred regions on the boundaries of CAD meshes.

By enhancing the weak gradient norms of the voxels only in the faded region, the other boundaries of parts are not affected.

Algorithm 1 shows the algorithm to find voxels in the faded boundaries by checking these two conditions. First, variance σi
2 in

the neighborhood of voxel i is calculated to check blurriness by

σi
2 =

1

|Wi|
∑

k∈Wi

(vk − v̄i)
2
. (2)

Wi represents a window of size w×w×w centered at voxel i. The threshold is determined automatically by Otsu’s method, and

voxels are discriminated satisfying Condition 1.

Second, a distance field of the CAD mesh boundaries is computed in order to identify voxels near part boundaries. Fig. 6

shows an example of the distance field. Each voxel i in the distance field has distance dk
i to CAD meshes Mk. The area

required by gradient enhancement is located between two parts near the two CAD meshes. Such voxels are selected so that

∃p,q : d
p
i ≤ dmax ∧d

q
i ≤ dmax for Condition 2, where dmax is the distance threshold. Since it is needed to check only the distance

values up to dmax, the distance transform is suppressed for the region with distance over dmax.

The gradient norm gi of voxel i is upgraded so that it satisfies both Conditions 1 and 2 inside the boundary defined when

generating the CT mesh by Eq. 3.

g′i = gmax ·
dmax −di

dmax

(3)

However, the gradient norm of faded boundary is not occasionally updated near the background depending on the threshold. We

dilate the upgraded region in such a case.

3.3 Mesh fitting based on volumetric image

Before computing the distance transform of the CAD meshes, they have to be fitted to the scanned volumetric image of the real

assembly by being deformed. Fig. 7(a) shows the mesh fitting concept. Mk is aligned to MA by using ICP algorithm. Since the

ICP is a rigid transformation which cannot accommodate the deformation of the mesh, we deform the Mk in two steps. First we

move vertices pi of Mk to their nearest vertex ai of MA if pi is sufficiently near to MA. In Fig. 7(b) white circles represent such
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Fit mesh to volume dataEnhanced regions shift 𝑀𝐴
𝑀𝑘 𝑀𝑘

Original CAD mesh Fitted CAD mesh

(a) (b)

𝒑𝑖 𝒂𝑖

CT mesh 𝑀𝐴
aligned

CAD mesh 𝑀𝑘

faded

boundary

Figure 7: (a) Concept of CAD mesh fitting. (b) Vertices near to MA and faded boundary.

(a) (b)

Figure 8: Photos of (a) Assembly 1 and (b) Assembly 2.

vertices of Mk. Some of the vertices pi of Mk do not have such near vertices on MA particularly if they are in the faded boundary

because MA has no surface there. In the figure, they are represented by grey circles with black displacement arrows. To move

each of those vertices, we find its nearest vertex of Mk which is moved onto MA and move them by the same displacement (red

arrows in the figure).

By such greedy deformation mentioned above, the CAD mesh can be distorted. In order to heal the distortion, the Laplacian

mesh deformation method [9] is applied to recover the shapes of the aligned CAD mesh Mk before deformation. The Laplacian

is defined at a vertex pi of Mk as follows.

L(pi) = pi − ∑
qk∈Ni

qk

|Ni|
(4)

Ni is a set of adjacent vertices qk of pi. As L(pi) corresponds to the local curvature of the mesh, by minimizing the change of the

Laplacian in the deformed mesh M̄k the distortion can be decreased. It can be done by minimizing the energy defined by Eq. 5.

arg min
{p′′i }

(∑
i

∥L(p′′
i )−L(pi)∥

2 +λ ∑
j

∥p′′
i −p′

i∥
2) (5)

where p′
i and p′′

i are vertex positions of M̄k and those of undistorted, fitted mesh to be computed respectively. λ is weight of

suppress deformation. This minimization problem can be solved by the least square method using normal equation to obtain the

fitted mesh. We compute the distance field discussed in section 3.2 by using these fitted meshes.

3.4 Experimental results of CAD-guided segmentation

For the purpose of this experiment, two assemblies were scanned. Assembly 1 was a game pad with close contact. Assembly 2

was a screw bottle, made by a 3D printer, and scanned by a CT scanner with a cap closed. Table 1 shows the imaging conditions

Table 1: Imaging conditions for each assembly

Assembly 1 Assembly 2

Material Resin Gypsum

Volume size [voxels] 693 x 673 x 883 799 x 917 x 750

Resolution [µm] 194 96

Tube voltage [kV] 150 150

Tube current [mA] 0.60 0.62

Spot size [µm] 90 93

Variance fliter size [voxels] 9 x 9 x 9 9 x 9 x 9

dmax [µm] 387 385

λ 100 100

Calculation time of segmentation [sec] 418 752
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(a) (b) (c) (d) (e) (f)

Figure 9: (a) Volumetric image of the contact zone between two plastic parts, together with (b) the corresponding gradient norms

and (c) conventional segmentation result. (d) Image with overlaid CAD meshes (e) enhanced gradient norms, (f) segmentation

result.

(b)(a) (c) (d)

Figure 10: (a) Generated mesh on the segmented boundary of Assembly 1 and (b) its enlarged view. (c) Generated mesh on the

segmented boundary of Assembly 2 and (d) its enlarged view.

for each assembly while Fig. 8 shows each assembly. Both assemblies had contact areas of parts and conventional segmentation

methods failed to generate part boundaries.

Fig. 9 shows the segmentation result by applying the proposed method to Assembly 1. Because the volumetric image is blurred

in the contact region of parts, as shown in Fig. 9(a), the gradient norm is small as shown in Fig. 9(b). Thus, the conventional

method failed to generate a part boundary. By adding boundary information to the contact region and enhancing the gradient

norm, as shown in Fig. 9(e), the proposed method succeeded in segmenting each part, as shown in Fig. 9(f). Fig. 10 shows each

part mesh based on generated boundaries. It was confirmed that the proposed method could conduct the segmentation without

large effects to the part shape. However, the generated meshes had fine roughness in the divided selection of enhanced regions,

as shown in the enlarged figure, because the layer of air is thinner than the resolution of the voxel. Moreover, Otsu’s method was

used to determine the variance threshold, which also had an effect.

4 Thickness-guided gradient enhancement

In the case of a welded structure of sheet metal parts, their thickness information is used to find the faded boundary by assuming

that the sheet metal parts are of uniform thickness. A sheet metal part consists of a pair of top and bottom surfaces. The distance

between those two surfaces is its thickness t. When two sheet metal parts are welded, as shown in Fig. 11, the bottom surface

of the upper part is mated to the top surface of the lower part. Therefore, the bottom surface of the upper part is in the faded

boundary, which must be at distance t from the top surface of the upper part. By finding the top and bottom surfaces of the sheet

metal parts, it is possible to identify their corresponding bottom and top surfaces respectively. If they are in a blurred region, this

region can be considered the faded boundary, where gradient norms must be enhanced.

Fig. 12 shows the overview of the thickness-guided edge enhancement. There are two key issues: to find the top/bottom surfaces

and to find positions at distance t from these surfaces. For the former, the Harris corner detector is used; for the latter, a distance

transform is conducted.

4.1 Surface extraction by Harris corner detector

3D Harris corner detection[10] is used to judge whether the featured voxel is a surface. Harris corner detection calculates matrix

H by using Eq. 6, and it calculates the eigen values of H.

H(x,y,z) = ∑
l

∑
m

∑
n

w(l,m,n)





g2
x gxgy gxgz

gygx g2
x gygz

gzgx gzgy g2
z



 (6)

w(l,m,n) is a Gaussian window and gx,gy,gz are gradients of each of x,y,z directions. Further, the score R is calculated in Eq. 7.

R = λ1λ2λ3 − k · (λ1 +λ2 +λ3)
3

= det(H)− k · trace(H)3
(7)

where k is some constant. Fig. 13 shows the relationship between voxel characteristics and the eigen values of H. Voxel i is at a

corner or an edge when score R ≫ 0 and it is in the background or inside when R ≈ 0. Voxel i is on the surface when R ≪ 0, so

voxels with small R are identified.
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(a) (b)

Figure 11: (a) Photo of welded two sheet metal parts and (b) volumetric image.

Distance field

Gradient norm

Enhanced 

gradient norm

Volumetric image

Extracted surface

Figure 12: Overview of the thickness-guided gradient enhancement.

4.2 Distance transform for finding the faded boundary

The top/bottom surfaces of the welded sheet metal parts are extracted, and all the voxels, which are located at the distance of

thickness t are identified. This can be done by a distance transform. The distance transform is the process that sets each voxel

value to the distance from extracted surfaces. The vector distance transform method [11] is used, and Fig. 14 shows the outline

of the vector distance transform for the case of 2D. 3D distance transform shares the same principle. In the vector distance

transform, the initial distance value of voxels is set first. The voxel value ui of voxel i is set by Eq. 8.

ui =

{

0 (Corresponding to extracted sur f ace)

∞ (Otherwise)
(8)

Further, the new voxel value ui is calculated for all voxels by Eq. 9.

ui = min(ui,uad +dad) (9)

The adjacent voxel value is denoted as uad , and the distance between voxel i and the adjacent voxel is denoted as dad . Fig. 14(a)

shows the mask used to calculate the voxel value. The distance transform calculates voxel value ui along four paths to calculate

the distance efficiently. On the first path, the distance between each voxel and its adjacent voxels is calculated from the upper

left to the lower right. Similarly, the second path is from the upper right to the lower left. On the other hand, the third path is

from the lower right to the upper left and the fourth path is from the lower left to the upper right. Fig. 14(b) shows an example of

vector distance transform. The vector distance transform repeats the calculation of voxel values along four paths until all voxel

values converge. As a result, the extracted surface’s distance field is obtained.

The positions of the faded boundary can then be located at the distance of t in the distance field. On the other hand, for the

purpose of finding a boundary between the two sheet metal parts, the distance must be measured in the surface normal direction.

However, the vector distance transform calculates the distance isotropically, and the faded boundary may be distorted. The

vector distance transform is modified as follows. The normal of the extracted surface is first estimated by using the eigen vector

of H corresponding to the largest eigen value. In the process of the distance transform, it selects the adjacent voxel in this

eigen vector’s direction, as shown in Fig. 15(a) and takes the inner product between the Eigen vector and the direction vector

to this voxel as the distance value. In this way, this algorithm can calculate the distance perpendicular to the surface. Fig. 15

compares the distance fields generated by the conventional and proposed methods. The proposed method calculates the distance

perpendicular to the surface. Note that the orientation of the eigen vector cannot be determined, so some voxels at distance t from

the extracted surface can be outside the sheet metal parts. The volumetric image boundary is calculated and used for choosing

inside voxels, with the gradient enhancement in Eq. 10 applied to those voxels.
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Background : 𝑹 ≈ 𝟎

Surface : 𝑹 ≪ 𝟎

Corner : 𝑹 ≫ 𝟎
Figure 13: Harris corner detector: three kinds of features with their eigen vectors of characteristic matrix M.
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Figure 14: (a) Mask used to calculate voxel value in 2D vector distance transform. (b) Example of vector distance transform.

g′i = gmax ·

(

1−η ·
|t −ui|

t

)

(10)

η is a parameter related to the change of the distance field.

4.3 Experimental results of thickness-guided segmentation

4.3.1 Experiment with simulation data

The volumetric image is generated through CT simulation software and the proposed segmentation was conducted. Fig. 16

shows the assembly model of CT simulation, which consists of four parts. Table 2 shows the conditions of segmentation for the

simulated assembly.

Fig. 17 shows the proposed segmentation result. The proposed method generated segmentation boundaries in enhanced regions,

divided each part, and also generated the part mesh as shown, in Fig. 17(c).

4.3.2 Experiment with real CT data

The CT scanned volumetric image is segmented, and a slice image of the volumetric image is shown in Fig. 2. In this data,

there are some areas where two metal plates are in close contact, and there are other areas where three metal plates are close

Table 2: Conditions of segmentation for each assembly

Simulation data Real CT data

Volume size [voxels] 375 x 375 x 377 291 x 444 x 155

Resolution [mm] 0.619 0.600

Gaussian window size of surface extraction [voxels] 9 x 9 x 9 7 x 7 x 7

Filter size of direction matrix [voxels] 13 x 13 x 13 15 x 15 x 15

Thickness [mm] 3.20 4.50

Calculation time [sec] 1507 527

k 0.005 0.005

η 0.0001 0.01
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(a) (d)(c)

Calculate the distance 

to this voxel only

Extracted surface

(b)

Figure 15: (a) Selection of the adjacent voxel that matches the normal vector direction. (b) Extracted surface from volumetric

image. (c) Distance field generated by the vector distance transform. (d) Distance field generated by the proposed method.

Figure 16: (a) CT volume of welded assembly of sheet metal parts. (b) Slice image of CT volume.

to each other. However, segmentation with the gradient norm, calculated from original data, was challenging because the metal

plate was thin, and voxel values were small. Thus, the proposed method was applied to the binarized volumetric data as well as

the Gaussian filter. The Gaussian filter size in segmentation is 3 x 3 x 3. Moreover, in mesh generation after segmentation, we

calculated to the gradient norm with the Gaussian filter whose size is 9 x 9 x 9 to reduce jaggies of the generated mesh. Table 2

also shows conditions of segmentation for real CT data.

Fig. 18 shows the result of the segmentation divided by the proposed method. The proposed method divided the area where two

metal plates are in close contact, as shown in Figure 18(a). However, it could not divide the area where three metal plates were

close, and the generated mesh had a lot of defects, as shown in Fig. 18(f). This is why the edge of the part where the three

metal plates overlap changed gradually. Also, there were jaggies on the mesh surface, which occur when the volumetric image

remained binarized until mesh generation.

5 Conclusion

This paper proposed a new segmentation method based on design information with the aim of generating part boundaries in

enhanced regions where two parts made of the same material are in contact. CAD-based boundary information is used to create

a distance field and minimize the area updated using a variance filter. To eliminate the effects caused by manufacturing errors,

the CAD mesh is adjusted to match the volumetric image more closely while maintaining its shape by conserving the Laplacian.

Moreover, thickness information is used to estimate blurry regions of the metal plates’ volumetric image. The surface is extracted

by means of the Harris corner detector, and the distance field is generated from the extracted surface.

Future work will consider the determination of enhanced regions. Although only one threshold for the dispersion filter is cur-

rently determined by Otsu’s method, a method for determining an appropriate threshold will be considered. In thickness-guided

segmentation, the proposed method could segment assemblies with the same thickness and material. Finally, the plate’s segment-

ation will be considered with different thickness and material, as well as a more sturdy surface extraction method.
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Figure 17: (a) Volumetric image of the contact zone between two metal plates, together with the corresponding gradient norms

and (b) enlarged view. (c) Generated mesh on segment boundary.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 18: (a) The generated boundary that divides two metal plates and (b) an enlarged view. (c) The inner part of the assembly

(red area) and (d) the generated mesh of the inner part. (e) The generated boundary that divides three metal plates and (f) an

enlarged view. (g) The middle plate of the assembly (red area). (h) The generated mesh of the middle plate.
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