
Simulation-Based Detectability Estimation for Artificial

Defects on X-ray CT Volume of Metal Components

Ryosuke TOKUNAGA1, Hiromasa SUZUKI1, Yutaka OHTAKE1, Tatsuya YATAGAWA1

1Department of Precision Engineering, The University of Tokyo; Tokyo, Japan

E-mail: tokunaga19971221@gmail.com, suzuki@den.t.u-tokyo.ac.jp,

ohtake@den.t.u-tokyo.ac.jp, tatsy@den.t.u-tokyo.ac.jp

Abstract

Computed tomography (CT) images of metal components are often degraded due to artifacts

associated with X-ray scattering within dense materials. Such artifacts reduce the image con-

trast and complicate the detection of tiny defects in the low-contrast regions. To ensure the

detectability of such defects using X-ray CT, artificial defects are often embedded in a sample

component, which is made equivalently with the real one in its shape and radiological property.

Such samples are technically considered a representative quality indicator (RQI). The artificial

defects must be embedded at the regions where the contrast in a CT image is low. To determine

such low-contrast regions, CT scans have to be repeated, either real or simulated, by changing

the positions of artificial defects. The repetition of CT scans is too expensive to justify in prac-

tice. More seriously, when using real samples, we need to rework them to correct the positions of

artificial defects. Therefore, it is difficult to obtain appropriate positions of the artificial defects.

To address this problem, this study introduces an efficient simulation-based approach to recom-

mend the positions of artificial defects by identifying the low-contrast regions. Specifically, we

used the contrast-to-noise ratio (CNR) as an indicator to show the detectability of defects and

recommend to locate artificial defects at the regions with low CNR values. Our method cal-

culates a CNR value at every voxel using a computer-aided design (CAD) mesh model of the

sample without artificial defects. We first compute a CT volume consisting of three compon-

ents, primary, scatter, and noise and then calculate the contrast value for each voxel. Second, we

compute another CT volume that only consisted of noise component. Finally, a CNR value is

computed by dividing the contrast by the noise magnitude at each voxel. We tested the proposed

method with real metal pieces made by additive manufacturing. By comparing the positions of

artificial defects with the ones defined by human engineers in several template models, we found

that the proposed system suggested comparable positions.
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1. Introduction

Metal components made by casting or additive manufacturing (AM) techniques often suffer

from internal defects, such as cracks and pores. The internal defects are often detected and in-
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spected by X-ray computed tomography (CT) scanning. The CT scanning process begins with

capturing a series of transmission images. Subsequently, a volumetric image, that is, a tomo-

gram of the target object, is reconstructed computationally. Although we can see even inside

of a target object in the reconstructed volumetric image, the image contrast is often reduced by

noise and various artifacts due to the high density of metals. Thus, the detection of internal de-

fects in metal components is difficult. To guarantee the detection of defects at the low-contrast

regions, a physical sample with artificial defects is manufactured and scanned on X-ray CT.

Artificial defects are embedded to the sample by some metal processing methods. In the case of

AM, they are embedded by defining the defects on a computer-aided design (CAD) mesh model

of the component. Using X-ray CT to scan the sample with artificial defects, human engineers

check to see if each artificial defect can be detected despite the reduced image contrast. In the

quality assessment of components using radiographic systems, such a physical sample with ar-

tificial defects can be considered a representative quality indicator (RQI) [1]. Different from

the image quality indicator (IQI) used for the similar purpose, an RQI has similar geometry and

radiographic property to the real component.

The problem here is to determine where to embed artificial defects. Currently, they are de-

termined based on engineer’s experience, although X-ray scattering caused by complicated

physics is difficult to be estimated only with engineer’s experience. Computational CT sim-

ulations [2, 11, 14] are helpful to determine where to embed the artificial defects. Once we

prepare a CAD mesh model of the target sample with artificial defects, a CT volume can be

obtained for that through computational CT simulation. Then, we can check to see if the de-

fects can be detected in the CT volume even under scattering artifacts and reduced contrast. In

this way, we can evaluate whether the positions of artificial defects are appropriate. However,

the simulation needs to be repeated several times by changing the positions of artificial defects.

Unfortunately, simulating X-ray scattering is computationally expensive due to the necessity of

a careful Monte Carlo simulation of X-rays [10]. Even by using a simplified model [6], long

computation times due to repetition remain.

1.1 Overview

To address the aforementioned problem, we propose an approach with only a couple of CT sim-

ulations required. Figure 1 shows an overview of our system. Our system obtains the contrast-

to-noise ratio (CNR) as a metric for the detectability of defects. In the context of radiographic

inspection, the CNR is often used to characterize the ’humans’ ability to detect defects in ra-

diographic images. Indeed, the Rose model [15], among the most traditional models for this

purpose, leverages the CNR, which is calculated with the contrast between a defect region and

the background and noise component based on photon statistics [18]. Our system first com-

putes the “total” CT volume comprised of three components (i.e., primary, scatter, and noise)

using a CAD mesh model of the target component without artificial defects. We also compute

the “noise-only” CT volume comprised only of the noise component. A contrast value at each

voxel is then calculated using the total CT volume. Subsequently, a CNR value at each voxel is

calculated by dividing the contrast by the magnitude of the noise computed from the noise-only

CT volume. Finally, our system visualizes the distribution of the voxel-wise CNR values as a
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Figure 1: The workflow of our detectability estimation system. Using a CAD mesh model

without artificial defects, our system estimates CNR values at every voxel through a couple of

CT simulations. In this figure, we use the following acronyms: fASKS, fast adaptive scatter

kernel superposition; FDK, Feldkamp–Davis–Kress algorithm; CNR, contrast-to-noise ratio;

and SD, standard deviation.

detectability map to show the regions with low CNR values as appropriate places of artificial

defects.

In this way, the CT simulation need not be repeated by changing the positions of artificial de-

fects. Furthermore, the computational cost for a single CT simulation is reduced by using the

scattering estimation methods based on image convolution [4, 13, 16, 17]. Because the charac-

teristic frequency of the scattering component in a CT volume is low, these lightweight methods

will be sufficient for estimating how much the image contrast is reduced by X-ray scattering.

2. Methods

In Fig. 1, each step of the workflow is indexed by (1), (2), . . ., (8). We explain each of them in

this section individually. We assume the target object (i.e., the metal component) is made of a

single material. The X-ray simulation in our system is designed for cone-beam CT but will be

applied to other types of CT projections, such as parallel beam and fan-beam projections.

2.1 Simulating X-ray detection with scattering and noise

CT scanning begins by taking X-ray transmission images (i.e., radiography) of the object. The

following steps involve computing a transmission image that includes scattering and noise.

Step 1. Transmission length: Suppose that the surface of the target component is defined

with polygons in a CAD mesh model. Our method begins with calculating the transmission

lengths of X-rays traveling through the target object. The X-ray simulation assumes that an

X-ray goes straight from a focus spot of the X-ray source to a detector pixel, and no scattering



occurs. We will calculate the effect of X-ray scattering by the convolution-based method in step

4.

Because an X-ray intersects a manifold mesh (i.e., a closed surface with no boundary) an even

number of times, we can collect a set of vertices v1, . . . ,v2k by standard ray casting. Sub-

sequently, the transmission length L(u, v) for each detector pixel (u, v) can be calculated as a

sum of distances between every two consecutive vertices:

L(u, v) =
k

∑

j=1

∥v2j − v2j−1∥.

Step 2. X-ray attenuation: We assume that the target object is made of a single material

having a uniform density distribution. Therefore, the attenuated intensity Ip(u, v) of an X-ray

can be associated with transmission length L(u, v) using Lambert–Beer’s law:

Ip(u, v) = I0 exp(−µL(u, v)), (1)

where I0 is the intensity of the X-ray cast from an X-ray source. The symbol µ is the linear

attenuation coefficient of the object, which is constant over the object’s body when the object is

made of a single material and the X-ray is monochromatic. Here, Ip(u, v) is a primary intensity,

that is, the intensity of an X-ray that is not scattered but attenuated while traveling straight to a

detector pixel.

Step 3. Scatter intensity: Among the scattering estimation methods based on image convolu-

tion, we employ the fast adaptive scatter kernel superposition (fASKS) algorithm [17], a variant

of the scatter kernel superposition (SKS) algorithm [13]. The SKS algorithm assumes that the

X-ray with a longer transmission distance can be scattered more significantly. The fASKS [17]

algorithm is an extension of the SKS and estimates the amount of scattering when the transmis-

sion length for a detector pixel is different from those for nearby pixels. Specifically, the fASKS

algorithm obtains the scatter intensity Is(u, v) at pixel (u, v) as follows:

Is(u, v) = (1− γL(u, v))I1 + γI2,

I1(u, v) =

∫∫

D

Ip(u
′, v′)K(u, v, u′, v′)du′dv′,

I2(u, v) =

∫∫

D

L(u′, v′)Ip(u
′, v′)K(u, v, u′, v′)du′dv′,

K(u, v, u′, v′) = c(u′, v′)g(u− u′, v − v′),

where D is the convolution domain on the detector. In this formula, the product c(·)g(·) is a

scatter kernel, where c(·) is an amplitude factor, g(·) is a form function, L(·) is a penetration

length, and γ is a constant empirically determined for materials with different densities. We

refer the readers to the original article [17] for more details.



Step 4. Scattered projection: Now, an attenuation image with X-ray scattering is obtained

by summing Ip and Is. To evaluate the CNR values for the projection image, we convert the

sum to the “scattered projection,” which we denote as Pp+s by applying an inverse function of

Lambert–Beer’s law in Eq. (1):

Lp+s(u, v) = − log

(

Ip(u, v) + Is(u, v)

I0

)

.

Step 5. Shot noise: To compute the CNR, we also calculate a set of noise-only projection

images. Although the CT scanning process can be affected by various sources of noise, we

consider here only the effect of the shot noise because other noises (e.g., electronic noise of a

detector) depends on hardware properties and cannot be determined consistently. In contrast, the

behavior of the shot noise can be described stochastically using a probability density function

for the number of photons emitted from an X-ray source.

The standard deviation (SD) of the shot noise σ(u, v) on a detector pixel (u, v) is known to be

proportional to the number of photons (see p. 236 of the book [7]). Therefore, a detector pixel

with high X-ray intensity is deviated more strongly by the shot noise. Particularly, the SD of

the intensity of a projection image I is approximately the square root of the intensity [3] (i.e., it

equals to
√
I−1). The projection value for a noise component follows the normal distribution:

Pn(u, v) ∼ N

(

0,
1

√

Ip(u, v) + Is(u, v)

)

,

where N(µ, σ2) is a normal distribution with mean µ and SD σ. We generate the projection

image of the noise, Pn(u, v), at each pixel (u, v) by sampling a random number individually

from the normal distribution.

2.2 CNR on the reconstructed CT volume

After computing projection images described earlier from a sufficient number of viewing direc-

tions, we reconstruct several three-dimensional CT volumes using the Feldkamp–Davis–Kress

(FDK) algorithm [5].

Step 6. CT reconstruction with scattering and noise: For each view, we obtain scattered

projection Pp+s+n with noise by adding the noise projection Pn to the scattered projection Pp+s,

i.e., Pp+s+n = Pp+s+Pn. Once Pp+s+n is computed for each view, we reconstruct a CT volume

fp+s+n, which includes the primary, scattering, and noise components, using the FDK algorithm.

For the sake of brevity, we describe the equation of the FDK reconstruction as follows:

fp+s+n(x, y, z) = FDK[Pp+s+n],

where Pp+s+n is the collection of Pp+s+n for all the viewing directions and (x, y, z) represents

the three-dimensional coordinates of a voxel in the CT volume.



Step 7. Level of noise: We also apply the FDK algorithm to a set of noise-only projections

Pn and reconstruct the CT volume fn of the noise component:

fn(x, y, z) = FDK[Pn].

The level of noise at voxel (x, y, z) is usually evaluated by the SD of image intensities of neigh-

boring voxels. We calculate the SD of noise σ(x, y, z) for fn as follows:

σ2(x, y, z) = Var
(x′,y′,z′)∈Nz(x,y,z)

{fn(x′, y′, z′)},

where VarS{·} is the variance of the values for entries of the set S and Nz(x, y, z) is the set of

neighboring voxels in zth slice of the CT volume.

Step 8. CNR ratio: Although various definitions of image contrast are used in different situ-

ations, we use the simplest one with the difference of maximum and minimum image intensities.

Remember that we assumed the target object is made of a single material. Therefore, an intens-

ity of the CT volume will be roughly the same with either the linear attenuation coefficient of

the material ρm or that of the air ρ0. Because ρ0 is approximately zero, we can represent the

contrast by ρm(x, y, z)− ρ0(x, y, z) ≈ ρm(x, y, z) ≈ fp+s+n(x, y, z). Eventually, the CNR can

be defined as follows:

CNR(x, y, z) =
fp+s+n(x, y, z)

σ(x, y, z)
.

We refer to the map of the CNR distribution in the CT volume simply as the detectability map

in the following explanations.

3. Experiments

To evaluate the plausibility of recommendations by our system, we used CAD mesh models

of two components (i.e., Star Artefact and Prismatic Part) and prepared physical samples by

metal AM. In these samples, the positions of artificial defects are defined by human engineers.

Our experiment processed the CAD mesh model by our system. In the experiments shown in

the following, we used a computer equipped with Intel® Xeon® E5-2680 v3 @2.50GHz CPU,

256GB of RAM, and NVIDIA GeForce RTX 3080 GPU. The total computation time needed

to obtain the CNR values was approximately 40 min for both samples. For taking the real X-

ray CT volumes, we used the Baker Hughes Phoenix v|tome|x c450. While this scanner obtains

transmission images with 2024×2024 pixels, we downscaled them to 1012×1012 pixels by 2×2
pixel binning before CT reconstruction.

3.1 Star Artefact (Inconel)

The first sample is Star Artefact defined by the ISO/ASTM DTR 52905 document [8], in which

various CAD mesh models are provided with artificial defects with different sizes and locations.



Table 1: Scanning conditions for Star Artefact

SDD1 1167 mm

SOD2 502 mm

tube voltage 450 kV

detector pixel size 0.22 mm2

number of views 800

volume size 1012×1012×1015 voxels

voxel size 84.83 µm3

1SDD: Source to Detector Distance, 2SOD: Source to Object Distance

(a) CAD mesh model (b) physical sample (c) scanning setup

Figure 2: (a) Computer-aided design model of ISO ASTM DTR 52905 Star Artefact (IN-S2-

XXX, 14178 faces). (b) Physical sample made by a metal AM process with Inconel. The

approximate diameter of the sample is 70mm. (c) Setup for the computed tomography scan

with the Baker Hughes Phoenix v|tome|x c450, where the sample is placed on a base made of

blue Styrofoam.

In this experiment, we used two CAD mesh models. One is IN-S0-XXX without internal de-

fects, and the other is IN-S2-XXX with internal defects. The CAD mesh model of IN-S2-XXX

is shown in Fig. 2(a). For both of them, we prepared two physical samples corresponding to the

CAD mesh models by metal AM based on the powder bed fusion. The material used to make

the physical samples was Inconel (i.e., a nickel–chromium superalloy). The physical sample

for IN-S0-XXX is shown in Fig. 2(b). Subsequently, we scanned the physical sample using the

CT scanner. As shown in Fig. 2(c), we placed the sample horizontally to attach its bottom to

the table top of the CT scanner. Detailed scanning conditions are provided in Table 1. The CT

volumes obtained for two CAD mesh models are used as references to evaluate our system.

In contrast to the process of scanning physical sample, our system processes the CAD mesh

model without artificial defects (i.e., IN-S0-XXX). As described in the previous section, we

simulate the CT scanning process to obtain transmission images. The scanning conditions used

in the simulation are determined based on those in Table 1. Figure 3(a) and 3(b) shows an real

transmission image and that given by the simulated transmission for IN-S0-XXX, respectively.

In addition, Fig. 3(c) shows the scattering components computed by the fASKS algorithm [17].
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(a) real transmission image
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(b) simulated transmission image
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(c) scattering component simulated by fASKS

Figure 3: For each of the (a) real transmission image, (b) simulated transmission image, and

(c) scattering component simulated by the fast adaptive scatter kernel superposition (fASKS)

algorithm, the image itself is shown in the left, and the intensity profile on a yellow line in the

image is shown in the right.

For each of them, a yellow line is depicted on the transmission image, and the intensity profile

on that is shown to the right. By comparing with the real transmission image in Fig. 3(a), we

find that the simulated image in Fig. 3(b) is sufficiently precise. Note that the small size of the

sample in Fig. 3(a) is due to the large detector of an X-ray CT scanner.

Using a set of transmission images, we reconstructed the total CT volumes. We compare the

real and simulated CT volumes of IN-S0-XXX in Figure 4(a) and 4(b). Their intensity profiles
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Figure 4: For each of the (a) real computed tomography (CT) volume and (b) simulated CT

volume, the slice itself is shown in the left, and the intensity profile on a yellow line in the slice

is shown in the right.

low high

(a) artificial defects (b) detectability map

Figure 5: (a) Artificial defects on a slice of the primary volume (w/o scattering) for IN-S2-XXX.

Five defects are highlighted by colored circles and indexed by the numbers from 1 to 5. (b) The

detectability map visualizing the contrast-to-noise ratio distribution using a color map shown at

the bottom for the same slice of (a).



Table 2: Scanning condition for Prismatic Part

SDD 1167 mm

SOD 702 mm

tube voltage 450 kV

detector pixel size 0.22 mm2

number of views 1600

volume size 1012×1012×1027 voxels

voxel size 1183 µm3

(a) CAD mesh model (b) physical sample (c) scanning setup

Figure 6: (a) Computer-aided design model of Prismatic Part (706224 faces). (b) Physical

sample made of titanium. The approximate diameter of the sample is 100mm. Some of the

artificial defects are highlighted by magenta frames. (c) Setup for the CT scan with the Baker

Hughes Phoenix v|tome|x c450. The sample is placed using a jig, which is designed by Ito et

al.’s method [9], to reduce scattering artifacts.

on yellow lines are also shown to the right. These results show that the slices of the CT volumes

in the figure are sufficiently similar, and thus, the CT simulation used in our system is accurate

enough to reproduce real CT volumes.

Finally, we calculate CNR values to show the detectability of artificial defects. Figure 5(a)

shows the artificial defects that are highlighted by colored circles on a slice of the primary CT

volume of IN-S2-XXX. Figure 5(b) shows the detectability map for the same slice and visualizes

the CNR distribution using a color map shown at the bottom. Specifically, a pixel with high

detectability is reddish, whereas that with low detectability is bluish. The detectability map

implies that artificial defects near the apices of the star shape and those beside the pentagonal

hole are difficult to detect. Looking at the positions of artificial defects defined for IN-S2-XXX,

we find that the one indexed with 1 is at a high-contrast region, although the other ones are

located at the regions with comparatively low detectability. This result suggests that human

engineers are prone to add artificial defects at geometrically characteristic regions, while such

regions do not always have low image contrast.



(a) slice of real CT volume (b) slice of simulated CT volume

Figure 7: Side-by-side comparison of the (a) slice of the real computed tomography (CT)

volume and (b) slice of the simulated CT volume.

low high

(a) slice #1: artificial defects (b) slice #1: detectability map

low high

(c) slice #2: artificial defects (d) slice #2: detectability map

Figure 8: (a, c) Artificial defects on two slices of the primary computed tomography volume.

The defects are enclosed by magenta frames with their enlarged images. (b, d) The detectability

maps for these slices. The regions with low detectability are highlighted by yellow circles in (a)

and (c).



3.2 Prismatic Part (titanium)

The second sample is Prismatic Part. Its CAD mesh model is shown in Fig. 6(a). The physical

sample is shown in Fig. 6(b) where some of the artificial defects are highlighted in magenta

frames. The positions of the defects are determined by human engineers based on their experi-

ence and technical considerations. The sample was placed on the table of the CT scanner using

a jig, as shown in Fig. 6(c). The jig is designed by Ito et al.’s method [9], which can reduce

scattering artifacts by holding the sample at an optimal orientation computed using the CAD

mesh model. Detailed scanning conditions are shown in Table 2.

A slice of the real CT volume and one of the simulated CT volume are shown in Fig. 7(a) and

Fig. 7 (b), respectively. These two images are visually very similar. Note that the proposed

system processed the CAD mesh model with artificial defects because a model without artificial

defects was not available. However, the effects of the tiny artificial defects were considered

negligible for the results of the CT simulation.

In Fig. 8(a) and Fig. 8 (c), we show artificial defects on two slices of the primary CT volume.

Four artificial defects embedded in this sample are highlighted by magenta frames. They are

enlarged and shown in the insets. In Fig. 8(b) and Fig. 8 (d), the detectability maps for these

slices are shown. The regions with lower detectability are indicated by yellow circles in the

left images (a) and (c). The detectability is particularly low at the internal regions, and the four

defects are appropriately located there. On the other hand, considering the size of regions with

low detectability is rather large, we may need to add more artificial defects to this sample to

ensure that defects everywhere on this sample can be detected. Thus, our system will be helpful

in assisting human engineers to discuss where the appropriate positions of artificial defects are.

4. Conclusion

This study introduced a simulation-based method to estimate the detectability of artificial de-

fects of metal components. Our system uses only a CAD mesh model without artificial defects

and requires only two times of CT simulations to obtain the primary and noise-only CT volumes.

By processing these volumes, we can calculate the CNR values at every voxel, which are used

as an indicator to show the detectability of defects.

In the experiments, we tested two sample components (i.e., Star Artefact and Prismatic Part).

For Star Artefact, most of the artificial defects are located at geometrically characteristic re-

gions (e.g., apices and valleys), and our system suggested that most of them are appropriate in

terms that they are located at low-contrast regions. In contrast, our system also suggested that

defects at geometrically characteristic regions are not always difficult to detect in terms of the

magnitude of the CNR values. For the Prismatic Part, which has a more complicated shape than

Star Artefact, our system suggested that more artificial defects should be added, whereas most

artificial defects are embedded appropriately in low-contrast regions. Although the CNR works

well as an indicator for the detectability of defects, we also need further investigation to reveal

the necessity of defects that are placed at high-contrast regions by human engineers.

A possible future research direction is to update our system to consider other sources of artifacts.

To consider the image quality degradation when using lower energy X-rays, it would be neces-



sary to incorporate beam hardening effects. We may also be able to improve scatter estimation

using recent methods based on deep neural network [12]. Corresponding to the improvement,

we also need to reconsider the CNR computation. Another direction is to improve the simu-

lation method by considering factors related to the size of the defect, such as blurring caused

by the size of the focus. Our system cannot currently determine the optimal size of defects,

although the artificial defects with different sizes are often embedded into a single component.
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