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Abstract

The image restoration model based on variational can design an efficient plug and play algorithm,
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but it involves more hyperparameter adjustment, and the denoising module usually chooses the
traditional deep learning method, which has more network layers and training parameters. To
solve this problem, an efficient and compact deep learning convolutional neural network for im-
age restoration is designed by using radial basis function to approximate the activation function of
nonlinear diffusion model and Gabor basis to approximate convolution kernel on the basis of var-
iational model algorithm expansion—semi-quadratic splitting method. Gabor contains more di-
rection and scale information than discrete cosine transform function, which can design efficient
and compact network structure. Compared with the nonlinear reaction-diffusion model, the peak
signal-to-noise ratio of the model for image denoising is 0.14 dB, 0.7 dB and 0.7 dB higher when
the noise level is 15, 25 and 50, which also shows a good recovery effect in other image problems.
The proposed framework can be extended not only to other image restoration tasks, but also to
deep learning convolutional neural network design for image analysis and processing.
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BRI R 1t A . BRI B A 0 jl e —, 2 R AL EE 5 0 i B alt, L H 2 K4 A
IR AR EOULI R 2 AR PR o RMEOR AR 38 5 g B H ISR« 2R L IR 2% A I BT i g 75
VERAEE e VR ) f,  JLARANME—, T AR 0 R A DX Mol 245 1) R K A U 2 70 1) TN
BIR b BEATUE H () — SR A DTV, R e B IR R R, nl I /MU BE BT BN 1) R g . X
TRERIZ BRIKRAR, fEEZ 715 Perona and Malik K BAE T FRERT RS HOTFERE 2], ATEIL
. EmEIFE A, Chalasani 530 1 IGTELEE %% (PG: Proximal Gradient Method) [3], Chan 55i%
TF 7228 75 13k F1%(ADMM: Alternating Direction Method of Multiplier) [4], Ono B¢t 1 B 4f B AS &7
%(PD: Primal-Dual Method) [5]. IXE8H0A 77V HABUF Al ik i, HAEPAT IR o 6 75 R E i i nT
PIFERAER . ANZETFEAAEFEIATAENET S, B RTERRE RIERTE K.

FET AR G WA R R T SR AL VTR B 2% ST PR 8 I 28 R At e R R HE G 0848 [6].  Gavaskar S9KFik
A4 B E 59 (ISTA.: Tterative Shrinkage Thresholding Algorithm) & - Ay FLAG 7] 22 3] S8 (1078 B 4 248 WX 4%
(PnP-ISTA: Plug-and-Play Iterative Shrinkage Thresholding Algorithm)PAfi# H 28 14155 7] @[ 7], Zhang 25 )ll £k
— P U RN Z X 24 22 B AR S0, R 2 ik 23 %4 (HQS: Half Quadratic Splitting)#F
FAE BB TR AR Tk, DA CRAN 3] PR30 I 8] 12 0325 DA AR O L 2 TR 1 DU A Tty >k ) 7
FAPERPE S SO KRR, AR 5 AT A5 SN THUAH O 1) e 17 25 M s

XF T2 as, TR R AR SR I N B M2, G0 Zhang ST 2 NG SRR G &, 7
H 7RI H IRCNN #1F 288 10777481, MM 7k 22 M 4% St & )4 —1k %1 7 DnCNN HEZE[9]; 7E FFDNet
g 7 Bt o PR PR R A E[10], DRUNet BEADK 7R Z2 S 5] U-Net v, SEIA R £ M e 30 A5 11];
AR —%PE, DPDNN #it T — AN ) U-Net T A/E N 28112], 5 RMG E @It FEA
B EAGAR ST FER FE 2 ST I 25 o IR R BRI T DNN 5K 1) 2 MeRe g, RI4E RPH RE A 15 544
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RFE NG —IRE T BN B EBAES . R, X P& MR B R RE /DR
PR S5 4E G0 I0E PR ReLLU (Linear Rectification Function)Z: RS2 AELE ML, HEHEIR, SH=
LN

R AR G AR AR D T 5 AR A O e 2 T R A BRIUGS B, e o A O A RO A T T R
IR E S 2 %% . Chen %5 5] N5 KI5 R (FoE: Fields of Experts)/E AR 2] [13], JEIAHRIIIE
LR NE S B AT OB A A BT A R R R, 120 R T R T S AR ] i R 5T AR %) 44 £ DX 5 ST R
WG ZE D BT 5ERI N R R, SCHR2 1185 T B HR 7248 #(DCT: Discrete Cosine Transformation)
FEWTT T AN FNEIE P RIS RRAZ[14]. Frisc iR Rl ERAELR 1 I B B 48 (TNRD: Trainable Nonlinear Reac-
tion Diffusion) B A BT PR, JFREE. M3k Al {H DCT £ AL & BB AL A R, ANRe
S EUGAR R R E . 7 5SS, 1 Gabor JERREEL S T BIR =B R, IO BUE RN SR I RF
AEFE 7 T S B R B[ 15] [16] [17].
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Figure 1. Gabor basis functions corresponding to different scales (—3~7)
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Figure 2. Design process based on Gabor-based convolution kernel
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Figure 3. The entire feedforward network process
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Figure 4. Diffusion structure based on Gabor basis function

4. BT Gabor £ R HHY BEH

3. EKRPREBSH S

AR 25 5 IR 7E NVIDIA GeForce TEX 2080 Ti iR GPU k4T . M1 T HARRIES Y6/
BIg, Rtk G RNS E G — 80 SL50k O ARIE 78 (19 77 1 B i1 G 8 20 BB 582 il K
12 8%

XTI ESHI WA, AN Epoch e 544 15 16 {5 1 LL(PSNR: Peak Signal-to-Noise Ratio)i#f 472
BARAE; B = Epoch BEIR—F2E 21K, WG 21HN Ir=1e-3,

3.1. BHSEREX)

75N EUG A FAT 45 2 1T, LA Set12 AYIZRMRREERIE B A G 1 M 2B S B RE /N 12]. FE 5 &
FRZHT) PSNR T2 B, il e, MG AN, FEEEECh 5 2, Mg 28, FesH
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Figure S. Performance comparison of different size convolution kernels and different network layers

5. FEXNERZSTREIMEEHAIIERELLEL

B =
- H
Ll
o B
oo
L

N

-

1B

Rt
«.H
o
Q
—3

HEEFN™ - NEEFEY

>

" X
m oD mE.

SH
>t

HRET RS

%
=
i
™
e
1

ARENRE

e
‘

(b) %T Gabor IEFI%

+

-

Figure 6. Display of convolution kernel of DCT and Gabor in the first stage
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NP E RS, LA TNRD AHESE, A Set12 fENIIZR4EE, BSD68 AR AT SLERESIE[13]. H
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Table 1. The performance comparison of Gabor and DCT basis functions and Gabor basis functions corresponding to dif-
ferent parameters at noise level 6= 15

%% 1. Gabor 5 DCT R HUR N E ST A Gabor B RBIEMEFR 0= 15 BIMERELLE

Methods Filters RBFs Scales Directions BSD68
48 31 8 [0, 1, 7] 6 31.13

48 31 8 [1,1,8] 6 31.14

48 31 8 [-1, 1, 6] 6 31.12

48 31 8 [-2, 1, 5] 6 31.16

48 31 6 [2, 1, 3] 8 31.13

48 31 6 [-1,1,4] 8 31.11

48 31 6 [0, 1, 5] 8 31.14

48 31 6 [1,1,6] 8 31.16

48 31 6 [2,1,7] 8 31.14

Gabor

48 31 12 [-3, 1, 8] 4 31.10

48 31 4 [-1,1,2] 12 31.06

48 31 4 [0, 1, 3] 12 31.13

48 31 4 [1,1,4] 12 31.13

48 31 4 [2,1,5] 12 31.11

48 31 4 [-1,2,5] 12 31.14

48 31 4 [0, 2, 6] 12 31.14

48 31 4 [1,2,7] 12 31.13

DCT 48 31 - - - 31.07

UbAh, ARIGELCER T AR ZEO R Gabor B 1 5MERE ). R STHIESH, WRE. A0y
BN 8. 6, 6. 8F14, 12, Hrh, REEXGEHEEREE-1~5, WHANBIGE RGN 77 MSEAE
0 3| m YU FEl N SFEEIEHE . W a, b, ], FARTE a~c JEHT, FFHRE b BB R #5321 SeididE,
YREEVEEIN[, 1, 6] JiIRA 8 5 REEA[-2,1, 5] J7N 6 If, PSNR {Hik 2| & -

NS HOLRE T 5 A [F] 2R R, AT S I 2 s S A R S AR R L oG
b NTAFEIKEATS, AT HERLESE, TR AR — 2 10 B A SO 9 2 (19 15 T oG & DA £
ENGEEZIESEISH

4. KRERS

NS EE — S, L HERR e R 52 m, % TNRD 5 GBAUCNN BIASCHRI AT b, DA
JF TNRD LI EHR YN H CGAH, A iE B S5 &E 5 GBAUCNN M, WHEE R FE R % 31 /.
LR 48 1

4.1. EfgEER

A I SCHER[2]7 400 7K 180 x 180 Y EIMGAE N IIZE4E, SHATHET. FENUIRE S TAC TR, Ak
40 x 40 G X EGHAE N AFEAR . Hoh, FeBadE BB . HERE 180 BE. 270 FF DL A EsE 90 JE
VPSR e v B, SR F T e i 2 SR K B 4 Set12 A1 Berkeley 73 #1545 45 BSD68 1E K
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PR R S [13].

ST 2 BTN 1 R 7 1 25 ok o T B R 4 K R A IIN o = 1525 1 50 [ e g s
IR X 28 A R4, S B SRR LR BN S 5 5, 40 BM3D. EPLL. CSF. MLP 1 TNRD [2]
[19] [20] [21] [22], FF H AWEAE (S B LL(PSNR)VE N Z M IEAN b o

HH 2. 3 3 B T 45, TNRD BB/ &AM 7KCF T M BE B A T BM3D. EPLL. CSF f£4ufsi sy,
7f Setl2 H, MLP 5 TNRD #AFFF. AR GBAUCNN fE75EItL TNRD ¥ = /) PSNR. 47 2
P, M2 154 25 A1 50 BF, GBAUCNN [f] PSNR 43735 0.14 dB. 0.07 dB A10.07 dB. [
7. 8 FE 9 HEIELMEAE RINEIR . o= 15 B, FREE 7 HEF EURRITBORBER, (b)B A TR B AR IR 2 1)
BAKERIR, (a)s (ML) RIRE TGS R, HEE S RGFIIEME. (d)IERSERME T (). (b)F(c),
BRI — SR AR AR, 17 (o) BERE 7E AR B MG (E S S mls s 47 () Bt 7, RA3 PR . X T
c=25, MK 8 &M, EPLL. BM3D. CSF. WNNM %L G gEsil — 2 1 22 e ), (HIS 20102
BT, TNRD ()20 UG B A0 TTEMW, (F2ME BRI . GBAUCNN 7E 25 M (1 [F] i 1 2 4115 (R B 15 58
IanEFE 2, EE T EIFRATE AR . M 50 B, AMRAEIE 9, TNRD FRAGHI G ()X T(a) Fl(b)
M0 55 IV T, (ECRE Hh 0 AN A0TSR 2015 A TEAS 2 5 ()45 21 P TSR 2175 0 B8 niis 48 48 etk w] %0, LA Gabor
FORGRURI RIS, GBAUCNN RERYTE SLHL 23 M iy [R]B Re 0% 3R 15 BE IS I R iA 45 8

Table 2. Comparison for PSNR of noise removal for Set12 by different algorithms
2. REIEEX Setl2 jHFRIEASH) PSNR LEAR

Method BM3D EPLL CSF MLP TNRD GBAUCNN
c=15 32.37 32.13 32.31 - 32.40 32.54
=25 29.96 29.69 29.83 30.02 30.00 30.07
o=50 26.72 26.47 - 26.78 26.77 26.84

Table 3. PSNR of different models on dataset BSD68 at different noise levels
= 3. TRMERSTHIEE BSD6S A RIS KA EAY PSNR

Method BM3D CSF EPLL WNNM TNRD GBAUCNN
oc=15 31.08 31.24 31.19 31.37 31.36 31.46
o=25 28.56 28.74 28.68 28.83 28.90 28.95
c=50 25.62 - 25.68 25.87 25.99 26.02

}

(a) EPLL (b) CSF () BM3D () TNRD (¢) GBAUCNN

Figure 7. Comparison of denoising with different algorithms at noise level 6= 15

7. FREIEETEMER 0= 15 hEEITELE
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(d) WNNM ' (b) TNRD ) (f) GBAUCNN

Figure 8. Comparison of denoising with different algorithms at noise level o = 25

8. PRIEATEMEE R 0 =25 hEMEITLLE

(a) BM3D (b) EPLL (¢) TNRD (d) GBAUCNN

Figure 9. Comparison of denoising at noise level o = 50 with different algorithms

9. RRESAEMRALE o - 50 LRI L E

oI T PR HEZR )23 Ak AR BA Gabor JAZEREI o HOS R R A R I0 2. 16T B IIRCR, 1
NY R, ASCRIRLRE N B GG AR . BB B0 5 Rt LA 55 vh DS IEVERE

4.2. EfRBIHE

S FARALHERE 4, 51N = AR A 7B B[23]. 2 8 3 %-40 8] K A AR AL R 5, 1% 55
FA AR SRAG 22 A b S A8 043 B P77 S ARAR T B 16 ANARIUTAR 21 IOALER , 506 AR 3R R IR0 AR P AR AR 2 1 >R
ARE] W= UAEE R — BN R R a7, BRI t E R PRI P I ER 2, 15308
P = o PR n MR R

TE GRS, 16 FH V5870 9 2 B 8 B4 45 DIV2K o 1) 800 5K I 25 K4 5 56F N7 Ee A1) R 720 501l 9 2.
3 R R EARE N HR/LR 4. ARSI e G &, ik, ERAERN, ®EEEG
i RGB 3 Ab B YUV K 156 —4EAE N o S0 K F [ 1215 B £E SetS+ Set14. Urban100 1 BSD100
X R AT PPA o

2 4 VIR EVEAE R o He 2 in) @ PR BE R LU AL, B0 4G PSNR 5 25 #4 #H A (SSIM: Structural Similarity).
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i s Hr T PAFE H, Bicubic 5 SR-CNN HA445 B[] PSNR fEHUIK[24], 1 TNRD BE A {£%, GBAUCNN
BIRLAE TNRD FJEAM b BE15 2 5w i) PSNR (B 45 1, 24 B9 B85 2 I, 2 b B AN Bdfa SR X6 MK PSNR
fEbR 4 AE H 0.08 dBy 0.05dB. 0.15dB LA 0.06 dB. XfF SSIM b5, JURh %A s R 454 5 5
PUGARALLRE AR A ], X e o it RUHR R R AE B0 R O A B 1 B i R AL FRCR . 4 10
NSRRI R R, MRS B A MR S HE T BORFR AL S5 5 AL, SR-CNN A% B [E{% EE Bicubic %25
JiEMT, {55 TNRD F1 GBAUCNN AH LB . ASCRAMRIHGR B 158 2 (g5, BHRRCRE
i =Sk

Table 4. Comparison of the average performance (PSNR, SSIM) of different methods on the test set Set5, Set14, Urban100

and BSD100
4. TEFEEMIREE Set5. Setl4, Urban100 LK BSD100 51 AE(PSNR, SSIM)AYELEE

Dataset Scaling SR-CNN Bicubic TNRD GBAUCNN
factor — pgNR SSIM PSNR SSIM PSNR  SSIM PSNR  SSIM

Set5 36.66 0.95 33.97 0.94 37.20 0.96 37.28 0.96
Set14 32.42 0.91 30.31 0.89 32.65 0.92 32.70 0.92
Urban100 ’ 2050 090 2685 0.86 2960 091 29.75 0.92
BSD100 3136 0.89  29.74 0.86 3160 0.90 3166 0.90
Set5 32.75 0.91 30.62 0.88 33.35 0.93 33.39 0.93
Set14 3 29.28 0.82 27.56 0.80  29.38 0.84 29.43 0.85
BSD100 28.41 0.79 27.31 0.77 28.63 0.81 28.66 0.81

(a) Bicubic (b) SRCNN

Figure 10. Results of different algorithms for SetS images
10. FRIEEEFT Sets BEHIRRER

4.3. E&EER

Sk — B IAIF AR Y (38 B, 4 52 B TNRD 5 GBAUCNN FIAEE 200 5256 R AR dE w224 1.2,
1.6 LAJ2 2.0, K/INN 25 x 25 Hm Tapiiz AT Se 8. H T80 2 5 I BR, INNARUEZE A 2 (1 7 e 7
FRENEE o ASCRIUA R AL EE 75 20, K EURBEHLE BT K 64 x 64 1) BUEHRIFRIM . JEHL
DIV2K (] 800 ik 4K 5 EUMEAE A ZREHE, Set10 fEMNREHE, AT AR RE .

A ¥ GBAUCNN 5 IDD-BM3D [25]. EPLL. TNRD #EA7PEREMIELEL . & 5 FI% T BOWIRZ bRt 2
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S 1.20 1.6 F12.0 fsEIe s, Horb, B@EMEsgoh 2. MIERPRER, EPLL 5HEBAAM L
P (%, TNRD Lt IDD-BM3D HE# . X F1X ZFAF FBI1%, GBAUCNN HIUEE (S ¥ LL & TNRD
RIS 0.1 dB A4 o

Table 5. Comparison of the average performance of different methods on the test dataset Set10

5. FRIZEEMIRE Set10 T RERIELER

Method  Butterfly Peppers Parrort Starfish Barbara Boats Man  House Leaves Lena Average

Gaussian Blur with standard deviation 1.2

IDD-BM3D  32.17  31.74 3455 3290 3192 3333 30.18 3560 33.18 33.12  32.60
EPLL 28.99  28.17 3275 3057 2841 29.84 2831 3145 2822 3090  29.76
TNRD 32.77  30.65 3532 3375 3096 3334 3039 3564 33.02 3381 3297

GBAUCNN  33.00 30.75 3547 3390 3120 3339 3042 3568 3329 3390 33.10

Gaussian Blur with standard deviation 1.6

IDD-BM3D  29.79  29.64 3190 30.57 2599 31.17 2768 3356 30.13 3091  30.13
EPLL 25.78  26.73 3132 2852 2422 2884 26,57 3176 2529 2946  27.85
TNRD 30.52 2970 3243 3127 2480 31.16 28.06 3339 30.22 31.14  30.27

GBAUCNN  30.59 29.71 3251 3130 2496 31.18 28.11  33.63 30.26 3031 30.36

Gaussian Blur with standard deviation 2.0

IDD-BM3D  28.21 2838 3035 2890 2436 29.72 2630 3239 2793 2950  28.60
EPLL 2195 2231 2877 2550 2305 2462 25.09 2749 21.13 2587 2458
TNRD 29.01 2847 30.89 29.58 2438 2980 26.80 3228 2823 29.80 2893

GBAUCNN  29.03 2831 31.19 29.74 2440 29.85 26.75 3258 2842 2995 29.02

(a) Deblurring (b) EPLL (c) BM3D (d (¢) GBAUCNN

Figure 11. Effects of different algorithms on blurred images
11. REEEN TRMEGRNERR T

IR E VG _E 0] e B i OR S n & 11 RS8R IR L h,  EPLL 5 BM3D 7E AR5 AL S 3L
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B, BB AGE T . TNRD B AR BOGHT K EER,  EHE b 0T8O B8 20 4K TH A5 3
GBAUCNN HERMBAERF RUR AT, 7R B KT AL E BRI A R R B LZAE R . X T Lena KRN
B R, ATLAE () (OITHBRIEMMETE, (b). (e)Reilf iy, H (o) MG EA T IIEm s
MLBERR -

4.4. HEEBEER

E5REEGARR, RaEIEFE 3 ANEE R, Gy B, M4 SCHAT HIRHE K [E 52838 A 48, FrbAfri
PEZRT, FRAH T < 1 BER, HEGN 3 EEER K 48 i, R EGRMAREAE . 5 E L
(3R 0T PG DL, 7 2 W i 11 % HE 384 v AR TR0 16 5 i B R A BB AR e oy 3 % R . A SC A
Berkeley 7> #IHE 4L H 1) 200 7k F AR EBEAE NI ZREE, K 5 MG 2 e R R 1 1A 38 07 =UA3 21 40 x 40 11
729,000 N EHEH, FEBENLEAT UG IER: . B SEERES I BB . DN SRR A CBSD68 ¥4 5
Kodak24 1M E #4765 2 [a] (i b, Hirdh, CBSD68 Jyfi 5 Il 4 S 4E S ALk (i — &4, L
68 IKEMR, & H T EG LR R S5, 11T Kodak24 AT UG AL FH B 42, K/NR 500
x 500 [ 24 sk EAE1E.

(a) CBM3D (b) TNRD (¢) GBAUCNN

(a) CBM3D (b) TNRD (¢) GBAUCNN

Figure 12. Image effects of different models on CBSD68 dataset at different noise levels
12. NEMREE 3B CBSD68 AR L ERIEIRR
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SN

HE 6 REEE T4, ST UL ER RIS, GBAUCNN Xftt TNRD A% B Rt #. £ CBSD6S
H, GBAUCNN BB FEAN ] A 7K P R 5T TNRD #5224 0.06 dB. 0.13 dB #10.09 dB, 1%} T Kodak24
R 0.24 dB. 0.13dB BLK 0.10 dB. #R#4E [ 12 BEHUEXT LR, MaAE 0N 15, 25 i, MEEfE
AL RCRE , =AY REAS 2 B b 2 e R, (H CBM3D LM AEAIIE[19], TBORH /R IH 7k B
/bR, TNRD 5 GBAUCNN 7275 T 5 AR 35, GBAUCNN IS RESRAG 3 2 SRS B o XTI 2)
79 50 BJE%, TNRD. GBAUCNN TEIGM 552 7 3558 T CBM3D, W% T3 R A Bm il
TRFFe RN, ARSCRIRY LR TN 2, BURE S .

Table 6. Comparison of PSNR values of different models at different noise levels

% 6. FRIBATEARRIMEA LA PSNR EELE

Dataset Methods oc=15 oc=25 =150
CBM3D 33.47 30.69 27.37
CBSD68 TNRD 33.65 30.85 27.57
GBAUCNN 33.71 30.98 27.66
TNRD 34.13 31.66 28.38

Kodak24
GBAUCNN 34.37 31.79 28.48

5. #5ig

ALV T HET Gabor JESILEIT BB Z M2 I GRS . AR RITIE T BRI AR 7 B
R R T, By B 8 BOR R n) T B i L eds 4 . BRBULIE T Gabor HEBLIF, fiE
A RARIUE Z BB . #0002 MrHERR R SCIR R, ASOTEEERGRS KR B8R, K
WIAEEEIR S 7 2R G VEREAR A B B M OGIRBE 7 20 Tk LA, AR I 26 F AN S T Gabor %
FRYRFAE S I V38 F] 7 MR 3 IR R AR 55 (VR B S 4% et o RS R B IE B, AL
FEABET UL S HOE R N B 730, DI R AR FT B0 TR W AL 3R AN R 35 o B (A0 45 B A
BN BIRTHE T ik 2 22 57 e KAk
B

FEIXHL, PE VAR A O BRI IR 00 . BRI, A TR B e B8 SR R 4R A1
) — U1, TR SO AR, IERIEE O, BRI HER. BRIz b, IR
S AW AR R SR S Ak, BB S B AR L, RIBSORE L, #S T TR
JERL B B AT O R, S2OKE O FWE TUAE AR B SR AT A AL R K B AR AL R B B 2
UL S ARSC 5| P SCRR B R S5 A A2 0 BARSCRI R 5 o IR G MELLA 5 8 S B, T AR h SR 5 18
B AT S i AR
E&UH

2K B 2R G i b PR AL AR R AR S R 5 507 (52 61772204 LU AR B IR G S 2
T34 FDGA ~F G IR % A HATHORBI L (R HS5: ZR2019LZH002).
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