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Image Restoration Based on Cascading Dense Network in Contourlet Transform Domain
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Abstract: In recent years, due to the powerful learning ability, convolutional neural networks (CNN) have achieved more satisfactory
results than conventional learning methods in image restoration tasks. However, these CNN-based methods generally have the
disadvantage of producing over-smoothed restored image due to the fact that losing important textural details. In order to solve this
problem, this study proposes an image restoration method based on cascaded dense CNN (CDCNN) in contourlet transform, which can be
used for three classical image restoration tasks, namely, single image denoising, super resolution, and JPEG decompression. First, this
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study constructs a compact cascading dense network structure, which not only fully exploits and utilizes the different hierarchical features
of images, but also solves the problem of the long-term dependency problem as growing the network depth. Next, this study introduces the
contourlet transform into CDCNN, which can sparsely represent the important image features. Here, the contourlet subbands of
low-quality image and corresponding restored image are used as the input and output of the network respectively, which can recover
realistic structure and texture details more effectively. Comprehensive experiments on the standard benchmarks show that the unanimous
superiority of the proposed method on all three tasks over the state-of-the-art methods. The proposed method not only obtains higher peak
signal-to-noise ratio (PSNR) and structural similarity index (SSIM), but also contains more realistic textural details in the subjective
reconstruct images.

Key words: image denoising; super resolution; JPEG decompression; contourlet transform; cascading dense convolutional neural

network
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Fig.1 Structure of the proposed cascading dense convolutional neural network (CDCNN)
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Fig.2  Structure of the proposed dense block (DB)
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Fig.4 Prediction of contourlet transform sub-bands
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B=8 26.45/1793  26.52/2123  26.60/2463
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Table 2 Average PSNR(dB)/SSIM results of different methods for image denoising on BSD100
% 2 BSD100 AN 75 i B4 25 )1 35 PSNR FiI SSIM 45 21

g5 A R

v 3 PSNR
bR BM3D PGPD RED DnCNN MemNet LIRS
0=30 25.966 27.611 28.227 28.144 28.235 28.678
0=50 23.807 25.580 26.094 26.047 26.197 26.531
o=70 22.585 24.395 24.843 /- 24.949 25.230
SSIM
0=30 0.763 5 0.755 5 0.7921 0.7858 0.7919 0.8037
0=50 0.6725 0.669 3 0.7056 0.699 3 0.714 9 0.723 2
o=10 0.609 8 0.614 7 0.648 5 —/— 0.657 5 0.664 2

* 34T BSD100 £ £k b, KI5 JPEG fif I 4ii 45 J W H 5 VA3 9 25T CNN J51%.JPEG i &t (K743 il
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4t JPEG R £ 0 5 W08 JF A #4533 Fh v~/ ROk B % 3 A 2 JPEG LR K 724 10 Fil 20 Y,
ATCTT R A TR SR kAl T ik e B S M JPEG R4 (R R IR 1R B) I AR ST VAT AR TT DL SE B

i1 PSNR #1 SSIM.

Table 3 Average PSNR(dB)/SSIM results of different JPEG decompression methods on BSD100
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T JPEG RED TNRD DnCNN MemNet KTk
5 25.254 - - - - 26.792
10 27.576 28.864 28.823 28.843 29.049 29.260
20 29.725 31.053 31.012 31.054 31.241 31.417

SSIM

5 0.6426 - —- = - 0.698 2
10 07478 07841 0.7826 07831 0.7885 0.7912
20 0.8317 0.8570 0.856 1 0.857 8 0.860 4 0.866 7
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Table 4 Average PSNR(dB)/SSIM results of different methods
x4 KB HE3 751000 PSNR F1 SSIM &5 L

. r PSNR
Hhi% | % icubic | RED | DCNN | SRGAN | DRRN | MemNet | IDN | A3k
Sets | x2 | 3366 |37.66 [ 37.58 - | 3774 | 3778 [ 3783 | 3807

x4 | 2842 | 3151 | 3140 | 2940 | 3168 | 3174 | 3182 | 3222

Set1a | 2 | 3024 [3204 1 3303 /- | 3323 | 3328 [3330| 3366
x4 | 26.00 | 27.86 | 28.04 | 26.02 | 2821 | 2826 | 2825 | 28.70

BsD100 | *2 | 2956 | 3199 [ 3190 - | 3205 | 3208 |3208| 3228
x4 | 2596 | 27.40 | 27.29 | 2516 | 27.38 | 2740 | 27.41 | 27.74
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Table 4 Average PSNR(dB)/SSIM results of different methods (Continued)
F= 4 EURE S HEET7i4 PSNR Fil SSIM 45 3 (48)

. SSIM
B | UL Bicubic RED DnCNN | SRGAN | DRRN | MemNet IDN ARk
Set 5 x2 0.9299 | 0.9599 | 0.9590 —I- 09591 | 09597 | 0.9600 0.9611
x4 0.8104 | 0.8869 | 0.8845 | 0.8472 | 0.8888 | 0.8893 | 0.8903 0.894 6
Set 14 x2 0.8688 | 09144 | 0.9128 —I- 09136 | 09142 | 09148 0.9175
x4 0.7027 | 07718 | 0.7672 | 0.7397 | 0.7721 | 0.7723 | 0.7730 0.777 8
BSD100 x2 0.8431 | 0.8974 | 0.8961 —I- 0.8973 | 0.8978 | 0.8985 0.902 3
x4 0.6675 | 0.7290 | 0.7253 | 0.6688 | 0.7284 | 0.7281 | 0.7297 0.736 1
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7(0) 4 SR G e B T() AR HEZE 30 [ T AR A B 7(a); 18 7(b)~ 8 7(d)4> 58 DnCNNE,
MemNetB®4 & REDU® i 2 1 25 5L 3 #6775 AR 25 B T K843 vt UM 75 AL — S8 [ 3 H B 77 L 4™ o 1 2K 2
A7 150, art ) v 7 R v G PR R3S TSR DX 38 161 7 () T s, AR S VR R 4 AN ELEUAS T B v ) PSNIR T SSIM, T HL
TE SR AN VRS R b B ek e R At v, a7 v N RIS 8 4 1) ) B AR X3 SO E A T

(¢) DnCNN [17] (25.61/0.7741)
-

Y

(d) MemNet [3] (28.39/0.8623) (e) A Hrik (28.55/0.8657)  (f) Ground truth (PSNR/SSIM)

Fig.7 Comparisons results of image denoising (Gaussian noise level is 30)
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PSNR i1 SSIM 30 AT HiAth 775,18 i T SRGAN 2 HY A4 5 i g 1 0 4 b A0 o m i B0 (000 ) 1 o
PG, 0 W0 A i 5 e TS 25 DT HeAt 7 vk 1 10 vh s T AR SC 5705 SRGAN (6] Ll 45 L, il LUF H AR ST vk
ANMHEZRAG T HE 1 PSNR A1 SSIM, iy FLAE 2580 & U5 i 5 [ 35 T SRGAN, B4 43 # 5 vk RE IR A 345 E 00
PB4 L VPAR HR b b SEIL T GE—.

(d) MemNet [3] (28.59/0.8245)  (e) A3CH % (28.72/0.8251) (N Ground truth (PSNR/SSIM)

Fig.8 Comparisons results of image JPEG decompression (quality factor is 10)
Kl 8 K15 JPEG fif Hdiiwf L 45 B (i R 1y 10)

- 3 L 4 L ¥ o | -
~ P | / = FAML i, = A A
s = =5 1 (I s 8
24 il s e o e i

(o) AP (2413067770 (b) RED [9] (26.38/0.7585)  (c) DnCNN [17] (26.52/0.7648)  (d) DRRN [10] (26.90/0.7649)

(e) MemMNet [3] (27.04/0.7687) (1) IDN [4] (27.07/0.7688) () A3 Frid (27.43M0.7735)  (h) Ground truth (PSNR/SSIM)

Fig.9 Qualitative results of different image super resolution methods (scale factor is 4)

9 ANIF BRI 2 BRI VAR E MRS R (TN 10 4)



FH FRTRIE & W 05 Gk KPR B R R 3977

4

IE\ =A

Ground truth

‘ o
19.1970.5443 21.31 /0.55922 2147/ 06415 PSNR (SS[M.

Fig.10 Qualitative results of different methods (scale factor is 4)
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