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Denoising Autoencoders Based on Lossy Compress Coding

YUAN Zhen and LIU Jinfeng

Department of Information Engineering, Ningxia University, Yinchuan 750021, China

Abstract The performance of image preprocessing algorithms is directly related to the effect of image post-processing,such as
image segmentation,target detection,edge extraction,etc. In order to obtain high-quality digital images,image noise reduction has
become an essential pre-step. Image noise reduction aims to maintain the integrity of the original information(i. e. , the main fea-
tures) as much as possible, while being able to remove the useless information in the signal. To this end, this paper proposes a
lossy compression coding based convolutional auto-encoders( AutoEnconders, AE) denoising model. According to the principle of
maximal coding rate reduction(MCR?) ,a new loss function is designed to replace the mean squared error(MSE) loss commonly
used in mainstream deep learning algorithms to improve the robustness and adaptability of the model. The model first processes
the noisy image through an encoder to obtain the hidden variables,and then decodes it using a decoder to remove the noise and ob-
tain the reconstructed image. Next.keeping the encoder unchanged, the reconstructed image is fed into the encoder so that the en-
coder continues to learn and obtains the reconstructed hidden variables. Finally, the error between the reconstructed image and the
original image is indirectly measured by calculating the distance between the hidden variable and the reconstructed hidden varia-
ble, which is used as the convergence cost for model training. The proposed model is validated extensively on thumbnails128x128
and CBSD68 datasets,and the experimental results show that the self-encoder framework(AE-MCR?) exhibits good performance

under different types of noise(Gaussian,Bernoulli,and Poisson) and has some interpretability.

Keywords Computer vision,Image denoising, Autoencoder,Convolutional neural network,Compression coding
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Table 1 Mean PSNR of experimental model under the influence of

Gaussian noise on thumbnails 128 X128 dataset
(dB)

% KT o=15 6=25 =50

DnCNNLE10J 31.50 28. 34 27.18

FFDNetl!!] 31.77 29.43 26. 81

DudeNet-12] 31.81 28.26 27. 14

DL-AEL2] 30. 12 28.38 26.72

AE-MCR? (Ours) 32.86 30.98 27.50
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7 BT (o= 15) R Loss {8 A 42 PNSR {8
Fig. 7 Loss valuesand test set PNSR means of the model with

Gaussian noise(6=15)
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Table 2 Mean PSNR values of the experimental model under the
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Fig. 10 Training Loss values and test set PNSR means of the model

with Bernoulli noise(P=0. 7)
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Fig. 11 Denoising effect of the model under the influence of

Bernoulli noise on thumbnails 128 X 128 dataset
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Fig. 12 Denoising effect of the model under the influence of

Bernoulli noise on CBSD68 dataset
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PSNR #{i
Table 3 Mean PSNR values of the experimental modelwith

Poisson noise on thumbnails 128X 128 dataset

(dB)
L= el
,fiﬂ:}ﬁt‘ A=5 A=6 A=17
(B, % 7 AR
DnCNNLE10 31. 34 28. 29 24.10
FFDNetl!1] 31.61 28.17 25. 80
DudeNet-12) 32.06 29.06 26. 63
DL-AEZ] 29.61 28. 38 24.19
AE-MCR? (Ours) 34.97 31. 44 27.85
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45
40
35
30
25
20
15
10
5
0
13579111317 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49
epoch
s | 0g§ e PNSR

B 13 JAFAEFS (A=5) BB RS A I 25 Loss {E AKX 4 PNSR ¥ {E
Fig. 13 Training Loss values and test set PNSR meansof the

model with Poisson noise(A=75)
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1.5dB, b #5221 DL-AE SRR T+ T2 3dB; X A=7 B, B i
2 B W7 T B K, AR SCREARY LY e 19 DudeNet #5657 #2741
#7 1dB iy PNSR #J{H , It DL-AE B4R T+ 74 3. 5dB, [H
b, W 14 7R . 24 A=5 W, A SCRE R TT DL 4 R 43 Tk
SIF HARST b 2 T AR . AT AR SCEL AL, DL-AE #5 7Y
Xof P M P B = — o 1 A L R REAR AT b 2 B IR AR A
A i FEDNet £ 8 0] DL 3 B 40 M 75 o A A 25 TR A 8
1t CBSD68 #EA) |- Az AL 8R4 &l 15 PR , AE-MCR® 5
LA BRI R AR S R — s 9 R AN T . DL-AE 458 84 )
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A AR RE S B R — i R 4

() FFDNet Jf1 4 25 (DDL-AE ¥ LW (e) AE-MCR2 J #3251

P14 ARSI R BRI AE thumbnails 128 X 128 £dE4E F Y
F MR AUR
Fig. 14 Denoising effect of the model under the influence of Poisson

noise on thumbnails 128 X 128 dataset
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Fig. 15 Denoising effect of the model under the influence of Poisson

noise on CBSD68 dataset
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Table 4 Mean PSNR value of each ablation experiment

% KA KF ‘i o=25 %A P=0.7 EMA=5
AE-MSE 26.09 31.09 30. 40
AE-MCR? (Ours) 30.98 36.94 34.97
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