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[Abstract]

Reducing the radiation dose during CT scanning can lower the risk of radiation exposure, but not only
does the image resolution significantly deteriorate, but the effectiveness of diagnosis is reduced due to the
generation of noise. Therefore, noise removal from CT images is a very important and essential processing
process in the image restoration. Until now, there are limitations in removing only the noise by separating
the noise and the original signal in the image area. In this paper, we aim to effectively remove noise from
CT images using the wavelet transform-based GAN model, that is, the WT-GAN model in the frequency
domain. The GAN model used here generates images with noise removed through a U-Net structured generator
and a PatchGAN structured discriminator. To evaluate the performance of the WT-GAN model proposed in
this paper, experiments were conducted on CT images damaged by various noises, namely Gaussian noise,
Poisson noise, and speckle noise. As a result of the performance experiment, the WT-GAN model is better
than the traditional filter, that is, the BM3D filter, as well as the existing deep learning models, such as
DnCNN, CDAE model, and U-Net GAN model, in qualitative and quantitative measures, that is, PSNR (Peak
Signal-to-Noise Ratio) and SSIM (Structural Similarity Index Measure) showed excellent results.
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I. Introduction
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Wavelet Transform

Fig. 3. General architecture of WT-GAN
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3. PatchGAN Discriminator Model
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Fig. 5. PatchGAN discriminator structure
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IV. Performance experiment and
results
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2. Experiment results
2.1 Qualitative Comparison
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Fig. 8. Experiment results for Gaussian noisy image
in Fig. 6(b)
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Fig. 9. Experiment results for Poisson noisy image
in Fig. 6(c)
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Fig. 10. Experiment results for Speckle noisy image
in Fig. 6(d)
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2.2 Quantitative Comparison

wilo] % Wrhg gotow ulmsts HYAQ Bt
£ 3PE Qlck B Agoly melo] ARl Wl ¢
aff o371 10091 3% PSNRY} SSIMZ ARttt

Table 12 &3 H]& o = 0.19 Fig. 6(b)1} A& v]&=
a=0.3,0.50] °Jsf AYH TEAIE HSFA
e A s &8st d2 45 RIS UEdL

011:,}_
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Table 1. Performance comparison among several
denoising models for Gaussian noisy images
Methods PSNR SSIM
0.1 0.3 0.5 0.1 0.3 0.5
BM3D 326332 249778 17.0195 0.8781 0.7066 0.1873
CDAE 328743 26.1956 186529 0.9141 0.7899 0.6611
DnCNN 343522 29.1538 26.6514 0.8905 0.7614 0.6779
U-Net GAN 34.1031 30.3567 27.9056 0.9020 0.8288 0.7724
WT-GAN 352297 305640 2830838 0.9216 0.8291 0.7762

Table 19] 7}-9-A1Qt AHZ/dollA A WT-GAN 2
do] & 79] Au/od % 7P 52 fAlE AT
}2 dejy 24 = CDAE, DnCNN, U-Net GAN 22!
2 PSNRZ} SSIM Ao T} /ds 7t Th2A] LERd
C}. BM3DE of2 ©aid 22of Hlol| ¥ 2415 BT

Table 2= &2 H]g o = 0.19] Fig. 6(c)1t &H2 v]g
a=0.3,0.50] oJa]] AT ZTopd Zre-HAto]| ofd] e

AA PHSe Meste] 22 % 2212 U ik

Table 2. Performance comparison among several
denoising models for Poisson noisy images

PSNR SSIM

Methods
0.1 0.3 0.5 0.1 0.3 0.5
BM3D 202547 12.9192 10.4972 0.5954 0.2523 0.1953
CDAE 348270 29.2855 263242 0.9181 0.8325 0.8297
DnCNN 297921 28.1529 25.3064 0.9120 0.8091 0.7700
U-Net GAN 36.1663 35.8065 30.9837 0.9513 0.9531 0.8602
WT-GAN 381648 36.0197 31.7271 0.9659 0.9551 0.8773

Table 29] xold A& FAoAM = Aot WT-GAN
2do] PSNR, SSIM 2% 71 =2 A5 By, TS
02 U-Net GAN, CDAE 0.2 UERitH BM3D2 7+
s 2712 Be

Table 32 &= Hl& a=0.1% Fig. 6(d) &5 Hl&
a=0.3,0.50] 9] AYE 283 3980 oA =

A WEES Hgalel @

Table 3. Performance comparison among several
denoising models for Speckle noisy images

PSNR SSIM
Methods
0.1 0.3 0.5 0.1 0.3 0.5
BM3D  33.9454 30.2178 25.7437 0.8879 0.8444 0.6864
CDAE  35.3599 18.6529 19.9444 0.9299 0.6611 0.4224
DnCNN  37.7742 32.9347 30.6612 0.9424 0.8628 0.8121

U-Net GAN 37.4263 33.6334 30.7133 0.9456 0.8977 0.8576
WT-GAN 38.5386 33.9492 32.1480 0.9594 0.8974 0.8634

Table 39] AdlZ 7o HAtof & Table 13} Table 20|
HAZ WI-GAN 2lo] 7 & A52 8w, o2
d3jd 22 = DnCNN, U-Net GAN 222 PSNRut
SSIM Awo wet A% #A47F e Uehda, the
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