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[Abstract]

In medical images such as MRI(Magnetic Resonance Imaging) and CT(Computed Tomography)
images, noise removal has a significant impact on the performance of medical imaging systems.
Recently, the introduction of deep learning in image processing technology has improved the
performance of noise removal methods. However, there is a limit to removing only noise while
preserving details in the image domain. In this paper, we propose a wavelet transform-based
CNN(Convolutional Neural Network) model, namely the WT-DnCNN(Wavelet Transform-Denoising
Convolutional Neural Network) model, to improve noise removal performance. This model first removes
noise by dividing the noisy image into frequency bands using wavelet transform, and then applies the
existing DnCNN model to the corresponding frequency bands to finally remove noise. In order to
evaluate the performance of the WT-DnCNN model proposed in this paper, experiments were conducted
on MRI and CT images damaged by various noises, namely Gaussian noise, Poisson noise, and speckle
noise. The performance experiment results show that the WT-DnCNN model is superior to the
traditional filter, i.e., the BM3D(Block-Matching and 3D Filtering) filter, as well as the existing deep
learning models, DnCNN and CDAE(Convolution Denoising AutoEncoder) model in qualitative
comparison, and in quantitative comparison, the PSNR(Peak Signal-to-Noise Ratio) and SSIM(Structural
Similarity Index Measure) values were 36~43 and 0.93~0.98 for MRI images and 38~43 and 0.95~0.98
for CT images, respectively. In addition, in the comparison of the execution speed of the models, the
DnCNN model was much less than the BM3D model, but it took a long time due to the addition of

the wavelet transform in the comparison with the DnCNN model.
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I. Introduction
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II. Preliminaries

1. Noise Model
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IV. WT-DnCNN Model for Image
Denoising
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2. WT-DnCNN Model Implementation
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Algorithm 1. Wavelet Transform

#Parameter Setting of Wavelet Transform
wavelet = "db4", level = 2, threshold = 0.01,
mode="soft’

#Performs 2D DWT decomposition and returns
coefficients list
1. coeffs = pywt.wavedec2(data, wavelet, level)

#Thresholds the input data depending on the mode

argument.
2. for i in range(1,len(coeffs)) do
3. coeffs = pywt.threshold(coeffs[i], threshold,
mode)
4. end for

#Performs 2D IDWT reconstruction from the given
coefficients set.
5. pywt.waverec2(coeffs, wavelet, mode = mode)
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Algorithm 2. DnCNN model

#Input: training data {(Y X

#0utput: Residual images

#Data pre-processing

1. Y, = Y,/255
#Convolution Transpose layer with kernel_size =
(3%3), stride = 1, padding = 1
#Let CBR denote the order of

Conv+ BN+ ReLU and CBR(n, n,) denote
CBR with input channel 7, and output channel 7.,

#DnCNN Network

2. d, = CBR(1,64)

3. for layers - 2= d,, .., dy;
4. d;= CBR(64,64)
5. end for

6. dy; = C(64,1)

#Loss function define

7.0 Z | Y,

#Model training
8. for epoch in range(epochs) do
9. for i in DataLoader do

2, ( Z | Y;—dys (

11. Update parameter t9 by taking

s a, By, 52)

10, Y)|?
1 &

Adam ng Zﬂl—(ﬁ)
i=1

12. end for
13. end for
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V. Performance Experiment and
Results

1. Performance Experiment
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A Y 5 7HSAIE A 9, 2ok S I 18
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0.1o]c}

(b) Gaussian

(a) Original

(c) Poisson (d) Speckle

Fig. 3. Original image and noisy images from Brain
Tumor MRI Dataset
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Table 1. Performance comparison of denoising
methods for Gaussian noisy images in Fig. 3(b) and
Fig. 4(b)

Table 3. Performance comparison of denoising
methods for Speckle noisy images in Fig. 3(d) and
Fig. 4(d)

Dataset Brain Tumor MRI COVID-19 Chest CT Dataset Brain Tumor MRI COVID-19 Chest CT
Dataset Dataset Dataset Dataset
Methods PSNR SSIM PSNR SSIM Methods PSNR SSIM PSNR SSIM
BM3D 32.6069 0.6335 36.1012 0.8360 BM3D 34.1073 0.8276 37.2376 0.8714
CDAE 34.0137 0.8925 37.0927 0.9336 CDAE 36.3431 0.9456 39.4890 0.9593
DnCNN 36.0437 0.9220 38.1136 0.9450 DnCNN 42.0794 0.9830 41.7295 0.9727
WT-DnCNN | 36.7031 0.9312 38.8784 0.9552 WT-DnCNN | 43.0895 0.9866 42.7056 0.9791
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Table 2. Performance comparison of denoising
methods for Poisson noisy images in Fig. 3(c) and
Fig. 4(c)

Dataset Brain Tumor MRI COVID-19 Chest CT
Dataset Dataset
Methods PSNR SSIM PSNR SSIM
BM3D 34.1512 0.8191 37.4247 0.8735
CDAE 34.2383 0.9026 38.1489 0.9480
DnCNN 37.4837 0.9556 43.6281 0.9870
WT-DnCNN | 37.9797 0.9585 43.1396 0.9850
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(c) DnCNN (d) WT-DnCNN

Fig. 7. Experiment results for Gaussian noisy image
in Fig. 3(b)
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2.3 Execution Time Evaluation
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Table 4. Execution time(in seconds) of denoising
methods for Gaussian noisy images in Fig. 3(b)
and Fig. 4(b)

Dataset Brain Tumor MRI COVID-19 Chest
Dataset CT Dataset
BM3D 790.22 1411.18
CDAE 1.806 5.254
DnCNN 14.513 45.770
WT-DnCNN 23.786 60.887
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Table 5. Execution time(in seconds) of denoising
methods for Poisson noisy images in Fig. 3(d) and
Fig. 4(d)

Dataset Brain Tumor MRI | COVID-19 Chest CT
Dataset Dataset
BM3D 781.04 1410.33
CDAE 1.715 6.551
DnCNN 14.537 25.139
WT-DnCNN 24111 43.335
Table 504l ¥, ZuE Al

ol

Table 49} 1|23t 2
WT-DnCNN 232 BM3D 2R BrH= 81 A
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Table 6. Execution time(in seconds) of denoising
methods for Speckle noisy images in Fig. 3(d) and
Fig. 4(d)

Dataset Brain Tumor MRI COVID-19 Chest
Dataset CT Dataset
BM3D 784.37 1394.47
CDAE 1.711 5.153
DnCNN 14.675 24.453
WT-DnCNN 24.157 45.394
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VI. Conclusions
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