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Title

Image synthesis with deep convolutional generative adversarial networks for

material decomposition in dual-energy CT from a kilovoltage CT

Abstract

Generative Adversarial Networks (GANs) have been widely used and

it is expected to use for the clinical examination and image. The objective of

the current study was to synthesize material decomposition images of bone-

water (bone(water)) and fat-water (fat(water)) reconstructed from dual-energy

computed tomography (DECT) using an equivalent kilovoltage-CT (kV-CT)

image and a deep conditional GAN. The effective atomic number images were

reconstructed using DECT. We used 18,084 images of 28 patients divided into

two datasets: the training data for the model included 16,146 images (20

patients) and the test data for evaluation included 1938 images (8 patients).
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Image prediction frameworks of the equivalent single energy CT images at 120

kVp to the effective atomic number images were created. The image-synthesis

framework was based on a CNN with a generator and discriminator. The mean

absolute error (MAE), relative mean square error (MSE), relative root mean

square error (RMSE), peak signal-to-noise ratio (PSNR), structural similarity

index (SSIM), and mutual information (MI) were evaluated. The Hounsfield

unit (HU) difference between the synthesized and reference material

decomposition images of bone(water) and fat(water) were within 5.3 HU and

20.3 HU, respectively. The average MAE, MSE, RMSE, SSIM, and MI of the

synthesized and reference material decomposition of the bone(water) images

were 0.8, 1.3, 0.9, 0.9, 55.3, and 0.8, respectively. The average MAE, MSE,

RMSE, SSIM, and MI of the synthesized and reference material decomposition

of the fat(water) images were 0.0, 0.0, 0.1, 0.9, 72.1, and 1.4, respectively. The
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proposed model can act as a suitable alternative to the existing methods for the

reconstruction of material decomposition images of bone(water) and fat(water)

reconstructed via DECT from kV-CT.

Keywords: Deep learning, Medical imaging, Artificial Intelligence, Dual-

energy CT, Material Decomposition
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I. INTRODUCTION

Dual-energy computed tomography (DECT) uses two different energy spectra
(low and high energy) that can be created by combining two datasets acquired
over the same region [1]. DECT can obtain different information such as the
effective atomic number, monochromatic energy CT (mCT) number, iodine-
enhanced map, bone—water (bone(water)) density images, and fat—water
(fat(water)) density images [2]. A (bone(water)) density image suppresses the
water signal and enhances the calcium signal. It is created from the DECT data
by estimating the amount of bone mineral, primarily composed of calcium, and
subtracting this from the scanned original image [3, 4]. It is used for the
diagnosis of bone marrow edema, which is a biomarker for arthritis, bone
infarction, and hidden fractures. It is difficult to identify with traditional CT
owing to the intrinsic low contrast of the involved tissues; it has been detected
with magnetic resonance (MR) imaging [5]. MR represents the gold standard
for soft tissue imaging and can provide quantitative fat-fraction measurements.
A fat(water) image enhances the fat signal and suppresses other signals such as
water and bone. Recently, Hyodo et al. reported that the DECT technique can
estimate fat quantification in the liver [6].

A GE Revolution CT scanner (GE Healthcare, Milwaukee, WI) can reconstruct
the effective atomic number, 120 kVp equivalent images, monochromatic

energy CT, iodine contrast-enhanced, and calcium-enhanced images using a
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gemstone spectral imaging (GSI) technique [7]. The disadvantages of DECT
are the increasing radiation dose, scan time, and cost.

Deep learning has been widely used for denoising applications [8, 9]. The
denoising technique has been improved using a wavelet residual network,
which synergistically combines the expressive power of deep learning and the
performance guarantee from framelet-based algorithms [10]. The improvement
of the image resolution has led to a reduction in the radiation dose.
Convolutional neural networks (CNNs) have been successfully applied to
image synthesis and image processing. Dong ef al. performed super-resolution
imaging using a CNN algorithm. Streak artifacts due to beam hardening and
photon starvation have been potentially problematic. Zhang et al. suppressed
the artifacts dramatically using the CNN-based metal artifact reduction
framework, which fuses the information from the original and corrected images.
For material decomposition, deep learning plays a significant role. Liao and
Lyu simulated pseudo-high-energy images from low-energy CT images to
improve the quality of the material decomposition with a simple U-Net
architecture [11, 12]. Clark et al. used multi-energy CT with DECT and
spectral CT for material decomposition with a U-Net-based CNN architecture
[13]. Another approach to the crossover architecture that incorporates two
material generation pathways for the bone(water) density image and water—
bone (water(bone)) density images was introduced by Zhang et al. [14]. It

used both kV-CT images at 80 and 140 kVp that used the DECT scan. These
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studies did not directly predict material decomposition images from the single
energy CT (SECT) images.

In a recent study, an image-synthesis technique of cross modality with a
generative adversarial network (GAN) was performed. GANs function by
training two different networks: a generator network synthesizes an image, and
a discriminator network distinguishes between the synthesized and reference
images [15]. Florkow et al. proposed an image-synthesis framework of MR
images to CT images with a two-dimensional (2D) CNN model [16]. For
radiotherapy, the synthesis of PlanCT-like images from Cone beam computed
tomography (CBCT) images with planning CT and CBCT datasets with GAN
to improve the image quality of the CBCT was introduced in [17].

The current study proposes an image-synthesis approach to material
decomposition images of bone(water) and fat(water) reconstructed on DECT
from the SECT of an equivalent kilovoltage CT (kV-CT) image at 120 kVp

directly using a GAN-based CNN architecture.
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Il. MATERIALS AND METHODS

A) Data acquisition

The DECT image for each patient was acquired with a Revolution DECT
scanner (GE Healthcare, Princeton, NJ, USA). The DECT scans were
performed at tube voltages of 80 and 140 kVp and exposures of 560 mA. The
other scanning parameters were a rotation time (RT) of 1.0 s, slice thickness of
0.5 mm, and field of view (FOV) of 360 mm. The material decomposition
images of bone(water) and fat(water) and equivalent kV-CT images were
reconstructed using the GSI technique. A total of 18,084 images from 28

patients were analyzed as part of an institutional review board-approved study.

B) Deep learning model

A 16-bit Digital Imaging and Communications in Medicine (DICOM) image
was converted to an 8-bit red-green-blue (RGB) portable network graphics
(PNG) image, and the output 8-bit RGB PNG image from the 2D CNN model
was converted to 16-bit DICOM images. The pixel number in the CT image
ranged from -1000 to 3079 Hounsfield units (HU). The unused pixel value was
eliminated. Subsequently, the values of the pixels in the CT images were
converted to 8-bit (0-255) images by dividing by 16, which is the value
obtained by dividing the maximum pixel value, that is, 3079 HU, by 256. The

process of radiomics analysis is presented in Fig. 1. The pixel values of the
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DECT and kV-CT images were rescaled using the RescaleSlope and
Rescalelntercept tags from the DICOM header as follows:
Image Data = (Image Data) X RescaleSlope + Rescalelntercept +
1000. (1)
Before calculating the radiomics features, we applied a medium smooth filter
to the rescaled image data. An overview of the GAN network model is
displayed in Fig. 1. This includes a generator (to estimate the material
decomposition image) and discriminator (to distinguish the real material
decomposition image from the generated image). The generator attempts to
produce realistic images that confuse the discriminator. These CNN networks
are trained simultaneously by evaluating 6 p. The generator comprised an
encoder and decoder. The encoder mapped the image from the input image of
512 x 512 resolution using a stack of eight convolutional layers, each followed
by LeakyReLU activation functions and batch normalization. The number of
convolutional filters was 64, 128, 256, 512, 1024, 1024, 1024, and 1024,
respectively, with a kernel size of 4 x 4 and stride of 2. The decoder mirrored
the encoding architecture, albeit utilizing fractionally strided convolution
(deconvolution). The number of the deconvolution filters were 1024, 1024,
1024, 1024, 512,256, 128, and 64, respectively, in the layers that utilized ReLU
activation functions. The discriminator used seven convolution layers to extract
the features from the image and generate the output image. The number of

convolutional filters was 64, 128,256, 512, 1024, 1024, and 1024, respectively,
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with a kernel size of 4 % 4 and stride of 2.

The deep learning model was a conditional GAN that required paired images
from the kV-CT and DECT images that were co-registered with voxel-wise
correspondence. The label was the kV-CT image before synthesis. The loss was

evaluated using the generator and discriminator.

Lean(G,D) = Ey[logD(y)] + Ey,[log(1 — D(G(x)] (2)

where G is the generator network, E is the expectation value dependent on
both x, the set of kV-CT images, and y, the set of target images that are DECT
images. Moreover, it included an additional loss based on the absolute
difference between the synthesized DECT image and input kV-CT image (L1

norm loss). The L1 norm loss was calculated as

L11(G) = Exy(ly = G&)l1). 3)

The adversarial loss in Eq. (1) was calculated using the binary cross-entropy
cost function. The final cost function used to optimize the network was a

weighted summation of the losses in Eq. (2) and Eq. (3):

Bgp = argminmax ( L11(G) + Lan(G,D)). 4)
¢ D

Here, hyperparameter lambda is the weighting factor for the L1 loss, which

10
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was set to 100. The proposed models were implemented using TensorFlow
packages (V1.7.0, Python 2.7, CUDA 9.0) on a Ubuntu 16.04 LTS system.
Three hundred epochs were used to operate the model on an 11-GB NVIDIA
GeForce GTX 1080 GPU. All three models were trained with instance
normalization and identical hyperparameters, except for the batch size. For
each iteration, a mini-batch of 2D images was randomly selected from the

training set.

(1 ®» conv 2x2, LeakyReLu
I ~ H rt,y ) deconv 2x2, ReLu
N RN IRTRERENICN N

‘ conv 2% 2, Sigmoid

Real Image

Fake Image

Output image
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Fig. 1 GAN framework of the material decomposition images of bone(water)

(upper) and fat(water) (lower). Given an input image in a source contrast, the

11



196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

generator learns to generate an image of similar anatomy in a target contrast
and the discriminator learns to discriminate between the synthesized and real

pairs of the material decomposition images.

C) Evaluation

The prediction accuracy of the model for the synthesized and reference
material decomposition images of bone(water) and fat(water) was evaluated
using the following five metrics: relative mean absolute error (MAE), relative
root mean square (RMSE), structural similarity index (SSIM), signal-to-noise
ratio (PSNR), and mutual information (MI). These metrics are defined as

follows:

MAE = 1 anny |r(i,j)—t(i,j)|‘ )

NxNy Lj r(i,j)

Here, r(i,j) is the value of pixel (i,j) in the planning CT image, t(i,j) is
the value of pixel (i, j) in the target image, and n,n, is the total number of

pixels. RMSE is defined as

SN e N2
RMSE = j—l " (D) 6)

nyny <'iJ r(i,j)

12
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The SSIM is computed based on consideration of the contrast, structure, and
luminance to compute a similarity score between two images.

The SSIM between two images ¥ and ¥ can be computed as [18]

S oSN (Zﬂxﬂy+cl)(20xy+cz)
SSIM(XI }’) - (#xz+ﬂx2+cl)(ax2+0y2+cz), (7)
G, = (k1Q)%,  ky=0.01, (®)
CZ = (kZQ)Zs k2 = 0039 (9)

where C; and C, are constants used to prevent a zero denominator and to
maintain the stability of the formula. Q is the maximum CT value for the
synthesized and reference images. The values of k; and k, are typically

obtained from [19]. g, is an estimate in the discrete form

1/2
: (10)

0 = (5 21 0 — 1)?)
The correlation coefficient between X and y is defined as oy, . It is
expressed as
Oy = ——= %I, (s — 1) (v — 1y (11)
where , is the mean intensity and can be expressed as
e =~ 2N, x;. (12)
The PSNR is calculated as

(MAX)?
PSNRg;, = 10 x logy, (W) (13)

13
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Here, MAE and MSE are the possible maximum signal intensity and mean
square error (or difference) of the image, respectively. MI is used as a cross-

modality similarity measure [20]. It is calculated as

(mn)
I(r:t) = Zmelr Znelt p(m,n)log (pl(omrglpr(ln))’ 14

where m and n are the intensities in the targeted monochromatic energy CT
image I and predicted monochromatic energy CT image I;, respectively. p(m,
n) is the joint probability density of /. and [, whereas p(m) and p(n) are

marginal densities. p(m, n) can be calculated as follows:

h(mmn)

ZmEIt Znelt h(m!n)’

p(m,n) = (15)

where h(m,n) is the histogram of the pixel values in the reference
monoenergetic CT image /- and synthesized monoenergetic CT image 1.
Furthermore, the difference in the synthesized and reference monoenergetic CT
numbers in the region of interest (ROI) was evaluated for several slices, from

the feet to chest, in a manually drawn ROI, as depicted in Fig. 2.

14
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252  Fig. 2 Method of measurement in the evaluation of the HU in the material decomposition images from feet to chest slice. The

253  average and SD values of the HU were measured by creating a circular ROI, 2 cm in diameter.
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I11. RESULTS

The time required to create the image synthesized model was approximately
142.2 £ 3.1 h for conversion of the kV-CT to the material decomposition
images of the bone(water) and fat(water). The rate to create the synthesized
monochromatic energy CT images using all the trained models was
approximately 7.2—8.1 images/s. The generator loss, discriminator loss, and L1

norm loss in each prediction model are displayed in Figs. 3 and 4.
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Fig. 3 Average training losses in the generator and discriminator in the CT-based prediction model for conversion of kV-CT to

the material decomposition images of bone(water).
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Fig. 4 Average training losses in the generator and discriminator in the CT-based prediction model for conversion of kV-CT to

the material decomposition images of fat(water).
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Figs. 5-10 display samples obtained by cross-modality generation for the
synthesized and reference material decomposition images of bone(water) and
fat(water). Table 1 presents the difference in HU values between the
synthesized and reference material decomposition images of bone(water). The
difference between the synthesized and reference material decomposition
images is within 5.3 HU. The difference of the monochromatic energy CT
number is within the appropriate range of the SD values in all ROIs. Table 2
indicates the HU difference between the synthesized and reference material
decomposition images of fat(water). The difference of the synthesized and
reference material decomposition images is within 20.3 HU for the fat(water)
images. The difference of the monochromatic energy CT number is within the
appropriate range of the SD values in all ROIs. The RMSE in all ROIs was 0.6
for the material decomposition image of bone(water) and 1.2 for the material

decomposition image of fat(water).

Tables 3 and 4 display the average MAE, MSE, RMSE, PSNR, and MI

computed from feet to chest slices for the material decomposition images of

bone(water) and fat(water). The MAE, MSE, and RMSE were less for the

material decomposition image of fat(water). The PSNR and MI were greater

for the material decomposition image of fat(water). There was no difference in

19
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Fig. 5 Samples obtained from a material decomposition image of bone(water)
at pelvic level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.
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Fig. 6 Samples obtained from a material decomposition image of bone(water)
at abdominal level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.

Input Synthetic Reference MAE

Fig. 7 Samples obtained from a material decomposition image of bone(water)
at chest level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.
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Fig. 8 Samples obtained from a material decomposition image of fat(water) at
pelvic level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
fat(water), and MAE is the difference between the synthesized and reference

fat(water) images.

Input Synthetic Reference MAE

Fig. 9 Samples obtained from a material decomposition image of fat(water) at
abdominal level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
fat(water), and MAE is the difference between the synthesized and reference

fat(water) images.
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Fig. 10 Samples obtained from a material decomposition image of bone(water)
at pelvic level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
fat(water), and MAE is the difference between the synthesized and reference

fat(water) images.

Table 1. Difference (A) and SD values of synthesized and reference material

decomposition of bone(water).

Bone(water)
A (HU) SD (HU)
@® 1.7 5.0
&) 0.8 115
©) 3.0 26.1
@ -1.8 52
® 22 4.1

23



® 12 11.7
@ -1.1 5.84
® 1.4 3.9
©) 2.7 4.5
© 3.0 48
@ -0.9 5.1
®@ 2.9 4.4
® 4.6 48
@ -0.1 45
® 32 5.7
® 53 6.2
@ 0.3 4.1
® 3.2 43
-0.1 44
@ 1.3 3.6
@ -4.6 143
@ 3.4 15.5
B -1.1 5.1
343
344

345  Table 2. Difference (A) and SD values between synthesized and reference

346  material decomposition of fat(water).

347
348
Fat(water)
A (HU) SD (HY)

O 5.3 9.3
® 5.0 8.2
® 7.4 7.8
@ -3.6 315
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-6.7
-8.9
-2.9
-5.9
4.0
-0.7
0.0
-3.6
-6.9
-8.1
-5.9
-3.1
-6.4
-1.7
53
-3.0
7.5
-7.0
-8.8

12.9
14.8
9.8
9.7
17.6
18.1
58.5
9.1
8.9
9.2
20.8
8.6
10.6
12.3
12.5
429
182.0
51.9
93.1
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Table 3. Average MAE, MSE, RMSE, PSNR, and SSIM computed from feet to chest slices for the material decomposition

images of bone(water).

MAE MSE RMSE PSNR SSIM MI

Average  SD Average SD Average SD Average SD Average SD  Average SD

0.8 0.7 1.3 1.2 0.9 0.7 553 15.0 0.9 0.1 0.8 0.1

Table 4. Average MAE, MSE, RMSE, PSNR, and SSIM computed from feet to chest slices for the material decomposition

images of fat(water).
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MAE MSE RMSE PSNR SSIM MI

Average  SD Average SD Average SD Average SD Average SD  Average SD

0.0 0.0 0.0 0.0 0.1 0.0 72.1 34 0.9 0.0 1.4 0.1
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V. DISCUSSION

DECT enables the separation of several additional materials including calcium,
fat, and uric acid from a single kV-CT. It provides anatomic knowledge with
functional information [21]. DECT requires post-processing to obtain material
decomposition images. It requires 5 to 10 min of additional interpretation time
after the scan [22]. Conversely, the proposed image-synthesized system can
reconstruct a DECT image within 1 min automatically. GE scanners use dual
X-ray sources; Siemens Healthiness scanners use dual X-ray sources and two
data acquisition systems [23, 24]. Thus, the dual-source scanner cost is
considerably greater than the standard SECT scanner. The Philips Healthcare
scanner acquires DECT projection data using a layered detector. The high-
energy data and low-energy data are collected by the posterior and anterior
detector layers, respectively [25]. All DECT data acquisition techniques pose
a significant burden on the CT system hardware. Zhao et al. reported that, due
to this fact, DECT scanners are not widely used in less-developed regions [26].
In addition to the increased cost and complexity of the imaging system, DECT
can also increase the radiation dose owing to the additional CT scan. The
image-synthesized approach with deep learning is expected to reduce the
scanning radiation dose and imaging cost by synthesizing the DECT from the

single kV-CT image.
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Li et al. proposed a new image-domain method for DECT decomposition that
combines conventional penalized weighted-least squares estimation with
regularization based on a mixed union of learned transforms model [27]. The
RMSE of the density image was 0.04—0.05. To compare the RMSE on the same
scale, the material decomposition image was converted to a density image with
a theoretical value. Here, the theoretical density values were 1 g/cm?® for the
water and 1.92 g/cm? for the bone used by Li. The RMSE in all ROIs was 0.55
for the material decomposition image of bone(water) and 1.2 for the material
decomposition image of fat(water). The RMSE of the density value in all ROIs
was 0.01 for the material decomposition image of bone(water) and 0.02 for the
material decomposition image of fat(water), which was significantly less than
that of Li et al. Although other studies have proposed the image synthesis of a
DECT, the accuracy of the image synthesis could not be directly compared
because there were no studies evaluating the HU value. Moreover, previous
studies used other reconstruction images such as low- and high-energy kV-CT,
multi-energy images, and virtual non-contrast images [11-13]. These models
required multiple images or additional reconstruction. The current study
proposed a prediction model of the material decomposition images of
bone(water) and fat(water) from a single kV-CT image with GAN architectures.
The HU difference between the reference and synthesized material
decomposition images of bone(water) and fat(water) were less than 5.3 HU and

20.3 HU, respectively. The material decomposition images of the bone(water)
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had a smaller MAE, MSE, and RMSE, and a greater PSNR and MI than the
fat(water). The bone was highlighted and the other organ with a similar density
to water in the material decomposition images of the bone(water), were less
prominent. For the U-Net-based CNN employed by the previous study, the
label was image-wise. Conversely, the model proposed in the current study
used the label that was pixel-wise. Although the previous study could extract
local imaging features, it was required to register the input and output images
for model training. The current study used the kV-CT and material
decomposition images reconstructed from the DECT image. No differences
were observed in the alignment of the images.

There is a possibility that certain patients could be affected by the beam-
hardening artifact. This could cause errors in the model training in the
correlation of the training of the kV-CT and material decomposition images of
the bone(water). However, these differences in each ROI were within the SD
range. The proposed model could produce highly accurate DECT images
within the noise estimations from the kV-CT images.

There are limitations to the current study. First, the current study used 120 kV-
CT images reconstructed from DECT. The difference in the image quality of
120 kV-CT images scanned via SECT and the equivalent 120 kV-CT images
reconstructed from DECT for clinical patients were evaluated by Tawfil et al.
The subjective image quality scores between the DECT and SECT groups did

not indicate a significant difference. Thus, 120 kV-CT images from the DECT
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images can be used as equivalent to the SECT images [28]. Moreover, the
patients used for the current study were randomly selected, regardless of the
presence or absence of disease. Therefore, evaluation of the lesion detectability
could not be performed. In addition to evaluating the image similarities for
complete images, we confirmed that the HU difference was within the noise in
the local region from the pelvic to the chest level. Further studies will be
performed to examine the quality of the synthesized images compared to the

original images in terms of diagnostic performance.
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V. CONCLUSION

The current study proposed an image-synthesis framework using a GAN-based
CNN architecture for kV-CT to material decomposition images of bone(water)
and fat(water) scanned by DECT. The proposed image synthesis model showed
a highly image quality and the difference of the monochromatic energy CT
number is within the appropriate range of the SD values in the local region.
Synthesized medical image generation can be a cost-effective approach for

developing automated diagnostic technologies.
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Figure captions

Fig. 1. GAN framework of the material decomposition images of bone(water)
(upper) and fat(water) (lower). Given an input image in a source contrast,
Generator learns to generate an image of similar anatomy in a target contrast
and Discriminator learns to discriminate between synthesized and real pairs of

the material decomposition images.

Fig. 2 Method of measurement in the evaluation of the HU in the material
decomposition images from feet to chest slice. The average and SD values of

the HU were measured by creating a circular ROI, 2 cm in diameter.

Fig. 3 Average training losses in the generator and discriminator in the CT-
based prediction model for conversion of kV-CT to the material decomposition

images of bone(water).

Fig. 4 Average training losses in the generator and discriminator in the CT-

based prediction model for conversion of kV-CT to the material decomposition

images of fat(water).

Fig. 5 Samples obtained from a material decomposition image of bone(water)

at pelvic level: input image is the equivalent kV-CT image at 120 kVp,
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synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.

Fig. 6 Samples obtained from a material decomposition image of bone(water)
at abdominal level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.

Fig. 7 Samples obtained from a material decomposition image of bone(water)
at chest level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.

Fig. 8 Samples obtained from a material decomposition image of bone(water)
at pelvic level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.
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Fig. 9 Samples obtained from a material decomposition image of bone(water)
at abdominal level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.

Fig. 10 Samples obtained from a material decomposition image of bone(water)
at pelvic level: input image is the equivalent kV-CT image at 120 kVp,
synthesized and reference images are the material decomposition images of
bone(water), and MAE is the difference between the synthesized and reference

bone(water) images.
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