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[Abstract]

Noise generated during the acquisition and transmission of CT images acts as a factor that degrades
image quality. Therefore, noise removal to solve this problem is an important preprocessing process in
image processing. In this paper, we remove noise by using a deformable convolutional autoencoder
(DeCAE) model in which deformable convolution operation is applied instead of the existing
convolution operation in the convolutional autoencoder (CAE) model of deep learning. Here, the
deformable convolution operation can extract features of an image in a more flexible area than the
conventional convolution operation. The proposed DeCAE model has the same encoder-decoder structure
as the existing CAE model, but the encoder is composed of deformable convolutional layers and the
decoder is composed of conventional convolutional layers for efficient noise removal. To evaluate the
performance of the DeCAE model proposed in this paper, experiments were conducted on CT images
corrupted by various noises, that is, Gaussian noise, impulse noise, and Poisson noise. As a result of
the performance experiment, the DeCAE model has more qualitative and quantitative measures than the
traditional filters, that is, the Mean filter, Median filter, Bilateral filter and NL-means method, as well
as the existing CAE models, that is, MAE (Mean Absolute Error), 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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II. Preliminaries

1. Noise Models
XER"LX”S)—} YER"LX”% 7_|]_7_|]_ %Oé}\o]-ﬂ @]—%05]}\].
ot & o S AEIt o ZFRAIRY

(2.1)2 2ot

Y=X+axZ, (2.1)
oJ7|1A Z= FFo] 00| EFHAP} 10 EERFEL
S Zte SEHSE YEMID

TS HE pd YUA FE BY A 229 2o

v = {X: with probability 1—p (2.2)

n : with probability p

o714 2 Aol 0 B 255(22 1)Q1 e YE
Wik

e A=t a?l Eoby e 2EL A (237 2ok

Y=X+axP)),

o714 P(\)& B AQ Zold
2 Uepact

2l
|
il
N
N
rr

A

ok
uju
rE
>

2. CAE Model
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ITII. The Proposed DeCAE model for
Image Denoising

1. Deformable Convolution
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Fig. 3.1 lllustration of sampling grids in 3 X 3
standard and deformable convolutions: (a) regular
sampling grid of standard convolution, (b),(c),(d)

deformed sampling locations with augmented

offsets in deformable convolution
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Fig. 3.2 Architecture of 3 X 3 deformable convolution
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2. Proposed DeCAE Model
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Fig. 3.3 DeCAE architecture for image denoising
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IV. Experiment and Results

1. Performance experiment
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Fig. 4.1 Original image and noisy images from
COVID—-19 Radiography Dataset
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Fig. 4.2 DeCAE model convergence for noisy images
from COVID—19 Radiography Dataset
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2. Comparison of Results

2.1 Qualitative Comparison
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o o
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Fig. 4.3 Experiment results for Gaussian noisy image
in Figure 4.1(b)
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2.2 Quantitative Comparison
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Table 4.1 Performance comparison of denoising
methods for Gaussian noisy images in Fig. 4.1(b)
Methods MAE PSNR SSIM
Mean 0.03027 28.166 0.8410
Median 0.03511 26.711 0.7916
Bilateral 0.02715 29.186 0.8697
NL-Means 0.02527 29.778 0.8961
CAE 0.01811 32.128 0.9402
DeCAE 0.01801 32.157 0.9415
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Table 4.2 Performance comparison of denoising
methods for impulse noisy images in Fig. 4.1 (c)

Methods MAE PSNR SSIM
Mean 0.028%0 26.472 0.7957
Median 0.00672 35.046 0.9831
Bilateral 0.02106 27.917 0.8523
NL-Means 0.02638 28.209 0.8797
CAE 0.01047 36.033 0.9754
DeCAE 0.00922 37.143 0.9806
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Table 4.3 Performance comparison of denoising
methods for Poisson noisy images in Fig. 4.1(d)

Methods MAE PSNR SSIM
Mean 0.09361 19.895 0.8334
Median 0.08347 20.354 0.7538
Bilateral 0.09064 20.240 0.85%90
NL-Means 0.09211 20.182 0.8755
CAE 0.01321 34.168 0.9625
DeCAE 0.01230 34.200 0.9627
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V. Conclusions
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