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ABSTRACT

The digital medical imaging, especially, computed tomography (CT), should necessarily be considered in terms
of noise distribution caused by converting to X-ray photon to digital imaging signal. Recently, the denoising
technique based on deep learning architecture is increasingly used in the medical imaging field. Here, we
evaluated noise reduction effect according to various noise types based on the U-net deep learning model in the
lung CT images. The input data for deep learning was generated by applying Gaussian noise, Poisson noise, salt
and pepper noise and speckle noise from the ground truth (GT) image. In particular, two types of Gaussian noise
input data were applied with standard deviation values of 30 and 50. There are applied hyper-parameters, which
were Adam as optimizer function, 100 as epochs, and 0.0001 as learning rate, respectively. To analyze the
quantitative values, the mean square error (MSE), the peak signal to noise ratio (PSNR) and coefficient of
variation (COV) were calculated. According to the results, it was confirmed that the U-net model was effective
for noise reduction all of the set conditions in this study. Especially, it showed the best performance in Gaussian

noise.
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II. MATERIAL AND METHODS

1. 5 #% dolyg 74

Sholl AH&% CT 7S SPIE-AAPM Thoracic
Auto-segmentation challenge®l| 4| #|&-8}= & U]
olH & AMEst3lth & 80072 #H CT o] &
of AREH AL, F HolE 9 ALgo g 7]
TA e e1ds e Ao AAS AEfeit o -
de 9% wolz JAE A7) et Ground
truth(GT)oll MATLAB Z 271318 ©]§3to 1 FH
2F7F 3091 Gaussian =©] Z(Gaussian noise(SD30)),

o2 r& x|

F=UA7E 509
noise(SD50)), Poisson :=©]Z, salt and pepper =©°]
Z, speckle w=o]=7} EstE JAS AT
Fig. 1> GT 9743 B4 24 wo)l= =S o

et

Gaussian  1=©] Z(Gaussian

255

Gaussian noise (SD30) @ Gaussian noise (SD50)

Ground Truth

200

100

() © ® 0

Fig. 1. The images of (a) ground truth (GT), Gaussian
noise with standard deviation (b) 30 and (c) 50, (d)
Poisson noise, (e) salt & pepper noise, and (f) speckle
noise.
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Fig. 2. The simplified flow diagram based on U-net
deep learning architecture.
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Fig. 3. Diagram of U-net architecture with encoder
and decoder.

U-net 293 wo]|=2E
800782} GT 973 8007 < &5l AFE-3slSlar, g5
_94

742, E]]/\EE '141_ ﬂo]a /}-Jl H] 6:2:2 ]EE
Asitt. &A% E H Al 2 *H(mean  square

error, MSE)E AF&-3}1al 422 ofgje} )

MSE=—3 (Y~ Y,) (1)

A3} st AdamS AFES AL Shsy 3l
1003 2 AAsF o 55 0.00012 A
=

o
¥

3. 23 g A2H Bt
5SS Tote] 5% Ay NS AFHoE
A8 7] fste] Al 2 *H(mean square error,

1 S 551] (peak signal to noise
=
[e)

Ru)

MSE)¢}

Al
ratio, PSNR), W-5& 7 (coefficient of variation,

COV)E ol&3tlomn 7zt 22 ofgfe} .
1 N
MSE = — Zfzk—gzk)] 2)

MSE : 3T AF 22 (mean square error)

rear
— ea 3
PSNR = 10log o 3)
flk) - Q& Gge] g
glik) : A3 @2ge =ag
fpﬁak z!’]/ﬂa] 51]91%}
04
o4 B G Yo mEaA
Sy wA A9 el BE Hazk
II. RESULT
Fig. 45 theh T/ wol=o] we e g4
7 GT %74l Unet ZS 4-g3lo] 53 A3}

Fd A3tgholtt.

Poisson

Salt & Pepper

Fig. 4. Result images according to various noise
distribution.

Fig. 5% +o|= &5l w2 MSE Z ¥ 13|32 o]
o} G Al
noise(SD50), Poisson, salt and pepper, speckle =4 t
& 5551, 50.54, 111.14, 156.96, 59.52°] A3 3ks
LHERA T

2 %= Gaussian noise(SD30), Gaussian

95



Study on the Improvement of Lung CT Image Quality using 2D Deep Learning Network according to Various Noise Types

180

a
o
1

120 +

©
o
1

|

Mean square error (MSE)

w
=}
1

0 T f f T T
Gaussian noise Gaussian noise Poisson  Salt & Pepper Speckle
(SD30) (SD50)

Fig. 5. The mean square error (MSE) result graph.
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Fig. 6. The peak signal to noise ratio (PSNR) result
graph.
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graph.

IV. DISCUSSION
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