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ABSTRACT

Noise occurrence and image quality loss are crucial issues in image processing.
They can occur from the surrounding environment or the electric signal in the camera device. They
result in the degradation of image quality and might lead the image processing to errors. In addition,
rephotographing is not feasible for obtaining new usable images in some situations, such as single
image problems and blind noise scenarios. Therefore, image denoising and restoration of damaged
are essential for image processing tasks. Deep learning network is a successful learning-based
method with excellent performance that has resulted in much research; nevertheless, it requires
more training data. Therefore, it is unsuitable for applications without training data. This research
aims to develop a deep learning framework that can be used in the field that lacks validation data
for training. This research divides the experiments into 3 topics. The first experiment is an edge-
perceptual loss for image denoising which exploits the edge loss and pixel-wise loss for training
denoising networks. While this training strategy can increase the performance of the denoising
network, it still requires more image data for training. The second experiment presents a self-
validation Noise2Noise (SV-N2N) framework to solve the insufficient training dataset for deep
learning. SV-N2N can self-train without validation of a noise-free image. The third experiment
employs image downsampling and upsampling to eliminate noise and self-validation to restore
image resolution. The outcomes demonstrate that the proposed approach can remove and recover

image detail from noise and poor resolution.
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Image feature

noise feature
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Signal Soft thresholding Hard thresholding
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1.6.5 Convolution neural network (CNN)
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1.6.6 Autoencoder (AE)
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1.6.8 GANs
Generative adversarial networks (GANSs) [35] lunpmlsznen 1-24 Lﬂﬂiﬂﬂdﬁ%ﬁﬂlﬂd
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Ldiscriminator = max [lOg(D (x)) + lOg (1 - D(G(Z)))] (1-25)
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argmin I, |fo (n + 1) — ()| (1.26)
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Wmsiudyaasunauninisnsgneauniounuied31e validation SIS training
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Input: noisy image (N) and validation image (V)
Output: denoised image (D)

Define the network f, learning rate (i), batch size (B) and stopping criteria (5)

While error (e) > criteria (S)
ForN=> inB
D =/N)
Compute loss: e = L(D, V)
Update the weight () of the network: Waew = Woua + y;—;

End
End

NMNU5ENDV 2-10 Pseudo code @14151N15NAADI Noise2Clean framework

Input: noisy image (N1) and another noisy domain image (Nv)
Qutput: denoised image (D)
Define the network f, learning rate (), batch size (B) and stopping criteria (8)
While error (€) > criteria (S)
ForN—>inB
D =/N)
Compute loss: ¢ = L(D, Nv)

Update the weight (W) of the network: Waew = Wog + y;—;

End
End

7N52NeY 2-11 Pseudo code d1MSUN1TNAADI Noise2Noise framework
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Input: noisy image (N1) and generate another noisy validation image by adding a small
noise to noisy image (Ny) as Ng

Output: denoised image (D)
Define the network f, learning rate (#), batch size (B) and stopping criteria (S)
‘While error () > criteria (8)
ForN=>inB
Get the denoised image by network’s output: D = f{N)
Compute loss: e = L(D, Ng)

Update the weight () of the network: Whew = Wona + y:TT/

End

End

7MNWU5ENDV 2-12 Pseudo code @1M51UNISNAADY Self-validation Noise2Noise framework
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K; = D;B; (2.18)

1 Y 1
Tagn D, ADMINFUNTAATUIANTNEY

Jd v U
B; ADINTUMTIUADNINE Y

A a = Yy a K g . & = . = A
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VDINTTLITYUIIBAANDIANNTNNITN 2.21

Y(i,)) = H(L )X, J) (221)
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{ PR . v J
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_ INw)|?
NSR(u,v) = X[ (2.24)
{ v J
Tagh X' (u,v) ADNMNHAANTYBINIS convolution
A AA o Ay o w
Y(u,v) ADNNNNAYIUTUNIUNADINITNIIA
X(u,v) Ao lulidayanusuniu
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A1514 3-4 1TeReVMa PSNR V04 self-validation framework N1J framework 1)

algorithm | noise level PSNR SSIM
6=10 35.59 (3.47) 0.91
BM3D 6=50 29.33(2.43) 0.84
6=75 24.10(1.22) 0.53
0=10 41.24 (3.38) 0.97
N2C 6=50 33.81(2.37) 0.89
6=75 30.33 (1.44) 0.84
=10 39.50 (2.65) 0.96
N2N 6=50 32.79 (1.94) 0.88
6=75 29.21(2.11) 0.83
=10 37.94 (2.70) 0.95
SV-N2N
6=50 31.97 (1.94) 0.87
(DNSYV)
6=75 28.30 (2.12) 0.81
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BM3D N2C N2N Proposed

PSNR 3135 dB, SSIM 0.89

o=75

PSNR 22.84 dB, SSIM 0.64 PSNR 27.03 dB, SSIM 0.83 PSNR 26.16 dB, SSIM 0.82 PSNR 2547 dB, SSIM 0.81
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Proposed

PSNR 30.22 dB, SSIM 0.95 PSNR 38.58 dB, SSIM 0.97 PSNR 38.44 dB, SSIM0.97 PSNR 37.89 dB, SSIM 0.97

=50

PSNR 27.36 dB, SSIM 0.91 PSNR 31.53 dB, SSIM 0.93 PSNR 31.72 dB, SSIM 0.93

PSNR 31.06 dB, SSIM 0.92

=75

PSNR 23.38 dB. SSIM 0.85 PSNR 27.62 dB, SSIM 0.89 PSNR 27.91 dB, SSIM 0.89 PSNR 26.88 dB, SSIM 0.87

v o

MWsznou 3-11 uaadddpgd IMITIady eI UNINTUMNAITNBI VDA framework

o

dy av dy Y ~ v d v W a R .
N’E'Jﬂi]'lﬂuﬂ'lu@ﬁ]ﬂullﬂﬂ'lﬂTﬂlﬁﬂﬂ!VlfJ’UNaa‘W‘ﬁSUBQ SV-N2N nU8ana3INy single

image denoising 118% unsupervised-learning 1) Tag ldaaanamaSoudienluamiseney

9y

3-12 Hal¥yatoyanIn real-world noisy image 91 NIND, SIDD tia¢ FMD dataset

Q U



NIND 1

NIND 2

SIDD 1

SIDD 2

FMD 1

Ground trust

b

¥ wintig |

Noisy

PSNR 22.20
SS1M0.48

T

PSNR 17.70
SSIM 0.33

PSNR 21.14
SSIM 0.39

PSNR 21.37
SSIM 0.40

PSNR 24.38
SSIM 0.33

N2V N2S

PSNR 26.88
SSIM 0.61

0

b T

PSNR 20.82
SS1M 0.53

PSNR 28.43
SSIM 0.72

PSNR 25.24
SSIM 051

PSNR 29.49
SSIM 0.62

PSNR 23.33
SSIM 0.51

PSNR 16.29
SSIM 0.39

PSNR 26.06
SSIM 051

PSNR 31.87
SSIM 0.75

R2R

S2S SV-N2N

PSNR 26.04
SSIM 0.54

PSNR 26.15
SSIM 0.55

PSNR 26.33
SS1M 0.60

I
[

i

PSNR 20.59
SSIM 0.50

PSNR 19.83
SSIM 0.49

PSNR 21.02
SS1M 0.54

PSNR 26.02
SSIM 051

PSNR 26.71
SSIM 0.57

PSNR 26.23
SSIM 0.57

PSNR 26.63
SSIM 0.53

PSNR 26.70
SSIM 0.58

PSNR 26.84
SS1M 0.60

PSNR 29.03
SSIM 0.63

PSNR 27.92
SSIM 0.57

PSNR 28.71
SSIM 0.59

Ailsznew 3-12 udasdaegawan1snaaodld SV-N2N Tuilyn single image ag blind

. = [ a= A
noise L’]ﬁiﬂﬂlﬂﬂﬂﬂaﬂ@iﬂﬂﬂuﬂ

@ 4 J =
i]1ﬂfﬂi!LﬁﬂQWﬁaW‘ﬁﬂ1‘iﬂﬂﬁ®\11uﬂ1WﬂﬂNﬂ‘izﬂ’O‘U 3-12 WY1 SV-N2N U

anuensolunsman

[

[ Y d' = [y [
ﬂJuﬂJUTmiUﬂ’JuulﬂﬂlilﬂLlﬁﬂ‘]Jmﬂ‘Uf‘l‘].lﬂﬂﬂ’@i

a R

uoue Tag'lduanina

= =) =} = 1 % a =R
mMsSeuineunavesnisnaasdlunsiidSeuiney PSNR vonazoanesnulu

Mwsenou 3-13



95

PSNR (dB)
= = N N w w
o1 o o1 o (8)] o ol

29|06
25|61
il

Anlseey 3-13 uaasnsnamsiSeuiioy PSNR 551319 SV-N2N fusanesiuau

29|77 28Taa 2879 2892
24{08 25[79
211 22|91 3153
' lis ' I '

mSeriesl mSeries2 m Series3

o

nnmsfFeuneunanisnaasdluainilsznou 3-13 WUNAIMTUANE RGB Y04

NIND (18 SIDD dataset Ingdano3 Ny N2V, R2R, S2S 1ag SV-N2N 2 ldnaniinaaean

TndifsanunazAnindanesiu N2s ilesninanyuzmsaswdoyanldizouives R2R, S28
= Y A Y] oI A o )=} A o

uag SV-N2N Hanvaz Indifesiu yuilunmsmdsdyaiasuniuainmsiGouinssiaoa

1 4 d A x
anane Tuvazi N2V ifuns1$imaiia blind-spot kernel 1i® manipulate 219 TABATIVUE

=3

DRI ¥ Y = o . w < Y Y s
FoudiugsugouvodInseadunsBoudiFaan d1uisy N2s wilumsldmsSoudizedn

U

[

° [ ° Y v A [ Y A A A I
NI UANT kernel ‘luﬂ'liﬂ'l A illuﬂul'lmi‘]_lﬂ'J‘LlulﬂWaﬁWﬁﬂLlﬂﬂﬂ’lﬂﬁﬂﬂiﬂMﬁ]u’] mmmmﬂumi

14 kernel filter Yn@Y® 4 traditional filter w119 Ad Ry 1MsuNIuTaesli1dTin15Uy

a J

1 I [
A3 1mesn1eluveq filer kernel N33 ouFuee N2s 1fuiiesn15U5uvnIave9 kemel

9 v
mniu FehldmsfitadaamsuniuaIens convolution UnAv1ndinanenuaziBoauns

Y o o o w

@ : 3|
anadla dmiunisiidadyaIusuniulu FMD dataset #913u gray scale lina1u

=).

NIN

A v v o w

Fudountiosnindemlnnismiadygiusuniulidszanininaoudeddmiungn

v o § ' Ak A

[ a R A Y Y4 o A [ A
aANv®INY Iﬂﬂ‘ﬂ N2V Gl,ﬂWE’IEW‘I‘ﬁﬁllENﬂ'l‘ifn’ﬂﬂﬁiyﬂlﬂﬂ‘lﬁﬂﬂﬂuﬂﬂﬂﬂ'lf]ﬂﬂ@iﬂll@uc] LHBIIN

o

{ o 4 v
blind-spot kernel Y09 N2V @nsamasnaanivesdygyrasuniuldaniimsadedoya

g

validation ¥049an03 AWDUY Fan15a519900yan 1M validation 919dIWARBNITAAND Y

51082108ANNUD gray scale LHDININAUANHULYDITOYANTDONTININ RBG

Y



96

a a J X v A Yo v
33 MINAadIN 3 ﬂ]ﬁ'J!ﬂ518’,1'1ﬂ15Tlﬂﬁi’)Q‘V\I‘i«!‘i{“!ﬂ1‘W€nﬁlTl"!ﬂi‘ljwﬁﬂiz‘i’l‘ll‘i]1ﬂﬁﬂlumu1m

SUMULAZAANOUANNAZIDEAVDINN

o

dal Y 1 dy U AN Yo
1‘1!ﬂ15‘VIﬂﬂ@Q‘LlUlglmlﬂlmﬂﬂﬁwuﬁﬂﬁ/\m'lﬂ%vlﬂiﬂNaﬂiz‘l/mi]'lﬂﬁﬂlilﬂmi“]Jﬂ’J‘LILLaSﬂ'Ii

o 9

= Y =) Y a = ' A <
gnaanounINazidenveInInalensizouiFean TasazutimsHuyeoniu 3 framework
Fa'ldos e 1iudr lunmilszneu 2-14 veaunh 2 Fa'ldun msldlassadamsizousizedn 1

TassadnlumsSeuiuazidadyausuniunsuaziiuniinazideavosningiolu

v W

framework I (normal) MIMIATYYIUTUNIUNDUNNANINALIDEAVOIN N1 T framework

11 (dn+sr) #@EMSIANANVALIDIAVDININNOUNITNMIATYYIUTUNIUNI D framework TTT
(sr+dn) MINAALIILIANANTIUINEY PSNR 4030 1HY03L8ag framework U

[

Y
A1514 3-5 aznmsenou 3-14 Al

F v
M54 3-5 1f5eufieuwa PSNR voauaaz framework msunimaien 1a5unansznuan

Ty s UNIULAZANNAZIDIAM

Denoised before Super- Super-resolution before
Normal
resolution (dn+sr) Denoised (sr+dn)

PSNR 15.97 (2.47) 26.48 (9.34) 16.27 (2.11)

35.00
30.00 b5
25.00
20.00

PSNR

15.00
10.00

5.00

0.00
normal dn+sr sr+dn

Y
AMwilsznow 3-14 nfeueuna PSNR 521319MsHuilnme 18904 3 framework

14 Framework I (normal) ¥aizoglunszuaunsizeuiamnsadanis dyarasuniu

A = Yt T A o v 9 ' 1
Lla$LW3Jﬂ313Ja$Lﬂﬂﬂellﬂ\1ﬂ'|Wulﬂﬂ UALND U model ﬂl@ﬂiﬂi\iﬁi%‘]ﬂ’ﬂ%\ﬂﬂWU'ﬂlljJﬁ”]ﬁJ']iﬂ



97

] < '

] [ 9 1A Y a . I Y [ 4
%ﬂﬂ’lﬁﬂ‘UGIéﬂGU@HaalwuﬂllulﬂﬂlﬁuMWﬂ@uulﬂ Lﬂﬂﬂﬂ]u‘ﬁ'] overfitting Wuwaldinaansvoanis

4 [ v
NAA0IUNA PSNR ¥04n 15U n o180 yaug N Framework IT (dntsr) 9z 19 d ey 1as

U

v F4 H
FUNIUNBUMITINNAINAZIBIAYDINIH WU IawITa IiHan s uyaiwaenand1nn
Aq Y 2 A A a
Framework N 1% 14n15naa0ddl uag framework I (sr+dn) NWIIYTIUINUAINNALIDYAUD

Y o
MwmeneunImIadyyIasunIvez limamsduynmaiendusu@edIny Framework I

11/o7915941A1 standard deviation (sd) Y94 output WU framework 1T 9 19 Ha PSNR 110
- 12 1 [ v A
ngauaiinam limiveuveswadnings

§y a o ' 3 d
Lﬁ@W%1imWﬂ1W@’J®ﬂN output Glumwﬂizn’au 3-15 SIUUNHNIN (A) L‘]J‘LlﬂTWiﬂﬂﬂﬁ

[

Y v ¥ o ) ° o A
Gl“])'Tﬂ5Qﬁfl"Nﬂ'lﬁﬁ'ﬂu;ilaﬂﬂll'lﬂ'l{nuﬂ\iﬂ'lfl'ﬂ'lFﬂ@1ﬁillufUu'lm5'1_1ﬂ')ullagl,WﬂJﬂ')'lilagLaﬂﬂeU@Q

1 @ ] Y @ A o n YA I ¥ o @ IS @ '
ﬂ’lWﬂWﬂFﬂgENhllla'lll'liﬂﬂﬂﬂTiﬂUﬂ’lWﬂﬂ\?uliJ]lﬂﬁﬂu5 A ATy (B) Lﬂu@n@ﬁ]’lﬁﬂ’lWﬂlﬂQﬂ’lﬁ

U

' A e

NIUNBUNITINNANINAZIDIAVDININD 187 11 HA PSNR ’s:fﬂﬂ’h framework

:)O
)
RO
DRe
2
2
-
e
N
=2

'
[ =}

d‘ ) td' 1 1 = =S a =
DU UANAT sd NFINIUFUNU Lu’f)\iﬁ]"lﬂﬁ']EJﬁzL@fJﬂﬂJfNﬂ']WiJﬂ?ﬂllNﬂLW‘EJull‘iJQTﬂ ground truth

[

P ° Y 1 = = J Y o Y
HUINREAINITONIIA ﬂumunmsumua@ﬂ"lmm%Lﬁﬂiwazmﬂmmmwmﬂ”l‘ﬂma a1Iy (C)
I (Y ' A ' o v o ' )
L“JJUGI’J’E]EJN"U@Qﬂ1iLW3Jﬂ’J13Ja$L?]EJ@ﬂ1WﬂGUﬂﬁ]ﬂﬁiyiUﬂm‘iUﬂ’Ju NUIINTTAIAN framework

[ g ] X 1 9 d‘ % (] dy d'w d' A
1uaﬂymw”lnmmmﬁuvjmwmaulﬂ IHOINNTNAIBY U denoising network NTUNTWNINY
ANAZIDIALININ super-resolution network lieunsnan wﬂluﬂJUTm'i’Uﬂ’Jule’eNﬂTWUlﬁ} 9aama

o

Iddgarusuniulunwoiedinsegaunmaiediei lauaald



98

s

v o

v 7 ° U A
(B) HAANTUDINITNIIA iymuwmsumuﬂaumummaztﬁaﬂ

N g ———

[

v A 1 °
© WﬁﬁW‘ﬁ"U’t‘]\?ﬂWilWNﬂ')'liJagL%fJﬂﬂ’E]Uﬂ15ﬂ'l ATYYIUITUNIY

F 1
Muisznew 3-15 uaaanwaledHansHuynmaevesaas framework 115113

naasvl

[

1 < 1 o 2 A
udimnwanisnaasanaasldimiuiinmsnereMiadygiasunIuLaziyn Y
Y
o 1 1 1 (] < .
azdeanTounu luowaunsailuauninvesnimoie 18 uaedialsnaiululam single

. . . < ! 1 & 1
image 1182 blind noise N 11150 uLaenn1THUYNINE 18878 Framework IT uag 11 14

[

1 £
iosnindesinavesdSuadoya ildauisedi ldinaue self-validation framework 115

'
[ = Y a

msmdadganusunIutazivuaNazidsannaleasn laosuie 13 lunmilsenou 2-16

o

2y vg v f 1 AA v a
Tﬂflﬂ'li‘V]ﬂaﬂﬂullﬂgl“lfﬂ'liﬂuz\!ﬂﬁ/‘lﬂ'lﬂﬂﬂ YYIUIUNIULASADINTITINNUUIA X2, x4 LAY x8

v Y 9
11 #1150 IMN1TNARD991A NIND tag SSID dataset 1gn15@IAIMINAa0INE 1Fnnvua



99

d % gj o
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PSNR x2 18.22(2.50) | 15.64(2.35) | 13.12(1.97) | 11.08 (1.44) | 9.65(0.97) 8.71 (0.65)

SSIM x2 20.96 (2.63) | 20.25(2.62) | 19.17(2.59) | 17.94 (2.49) | 16.68 (2.31) | 15.47 (2.07)

PSNR x4 25.48 (3.11) | 26.47(3.33) | 25.98 (3.46) | 25.10(3.55) | 24.18 (3.58) | 23.34 (3.59)

SSIMx4 | 0.17(0.08) | 0.11(0.06) | 0.07(0.04) | 0.04(0.03) | 0.03(0.02) | 0.02(0.02)
PSNR x8 0.28 (0.10) 0.25 (0.09) 0.22 (0.09) 0.18 (0.08) 0.15 (0.07) 0.12 (0.06)
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PSNR x2 19.54 (1.06) | 16.77 (1.10) | 14.19 (1.09) | 12.20(0.90) | 10.93 (0.66) | 10.13 (0.46)
SSIM x2 24.59 (1.16) | 24.08 (1.16) | 22.95(1.17) | 21.54(1.18) | 19.97 (1.21) | 18.33 (1.25)
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SSIM x4 0.15(0.03) | 0.10(0.02) | 0.07(0.02) | 0.05(0.01) | 0.04(0.01) | 0.03(0.01)
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SSIM x8 0.56 (0.06) | 0.74(0.05) | 0.79(0.04) | 0.80(0.05) | 0.81(0.05) | 0.81(0.05)
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Round 1 Round 2 Round 3 Round 4 Round 5 Round 6

x2
PSNR 20.42 PSNR 17.44 PSNR 15.07 PSNR 12.48 PSNR 10.25 PSNR 9.03
SSIM 0.25 SSIM 0.17 SSIM 0.11 SSIM 0.06 SSIM 0.05 SSIM 0.04
N = "= "= el 7 ¥ = g o= g
x4
PSNR 23.28 PSNR 22.84 PSNR 21.75 PSNR 20.33 PSNR 18.32 PSNR 16.93
SSIM 0.35 SSIM 0.33 SSIM 0.31 SSIM 0.25 SSIM 0.21 SSIM 0.17
x8

PSNR 28.35 PSNR 29.71 PSNR 29.38 PSNR 28.57 PSNR 26.73 PSNR 25.99
SSIM 0.66 SSIM 0.79 SSIM 0.84 SSIM 0.91 SSIM 0.89 SSIM 0.91
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x4 119 x8 @%}’JEJ NLR2NSR framework @11 501210 NIND dataset



103

Round 1 Round 2 Round 3 Round 4 Round 5 Round 6

x2
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Abstract—Image technology often uses in our everyday life.
It is useful for many apy such as tel ion
system, automation system in self-driving vehicles, surveillance
system and medical research area. However, the image can be
interrupted by noise from the environment or electric signal that
distorts the detail of the image. In recent years, there had been
many image denoising algorithms. Generally, they can be divided
into 2 types: traditional filter and deep learning method. This
research presents a comparison of the image denoising algorithm
using peak signal-to-noise ratio (PSNR) between traditional and
deep learning methods on Gaussian noise and Salt and pepper
noise condition. Moreover, this experiment also compared the
PSNR value of deep learning between noise image to noise image
(N2N) learning scheme and noise image to clean image (N2C)
learning scheme. According to the results, deep learning method
has PSNR value higher than traditional method and N2C learning
scheme has PSNR value higher than N2N learning scheme.

Index Terms—Image denoising, Deep learning, Traditional
filter, Gaussian noise, Salt and pepper noise

1. INTRODUCTION

Noisy image is a crucial problem of image processing tasks
in many applications. It can be occurred by low light condition
or electrical signal from device or malfunction of the camera
sensor. The problem from noise can take high cost of time
and money to re-record a new image. Normally, the image
denoising can be divided into 2 types: traditional and deep
learning methods.

In traditional image denoising methods [1], [2], [3], they
use filter kernel as shown in Fig.1 to convolve the image in
order to remove the noise from the image. However, the detail
in output image can be degraded.

Recently, the deep learning technique for image denoising
shown in Fig.2 has been applied to many applications. Con-
volution neural networks (CNN) [4] and autoencoder [5] are
one of the deep learning methods that can be used to remove
the noise in the images [6].

Basically, the deep learning methods for image denoising
can be divided into 2 types by learning schemes: noise image
to clean image (N2C) learning scheme [7] in Fig.3(A) and
noise image to noise image (N2N) learning scheme [8] in
Fig.3(B). N2C learning scheme learns the original image from
pair of noise images and validated clean images. N2N learning
scheme generates noise images to other noise images with the
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Fig. 1.

Image denoising using traditional method

hidden layer

Fig. 2. Image denoising using deep learning method

Noise image Chomn Mnage

same noise distribution and removes noise by averaging input
and output images.

The result of each algorithms are compared with peak
signal-to-noise ratio (PSNR) and the complexity of each image
denoising algorithms.

II. LITERATURE REVIEW

For traditional method, there are many algorithms remove
noise by using kernal. In 2005, Buades et al. [1] developed
non-local mean filter algorithm for removing the noise that
splits the original image as many blocks and uses distance
between pixels as the weight to estimate pixel value in the
image. In 2006, Dabov et al. proposed block matching 3D
[3]. It assumes that the image consists of many blocks that
they have same detail. These blocks can group and filter them
to remove noise. Bilateral filter [2] was presented by Sylvain
et al. in 2009. It considers image into 3 components for filter
the noise: normalization factor (mean of pixel of the image),
space weight (width of normal distribution of Gaussian) and
range weight (range of intensity of pixel in image).

In recent years, computers are more powerful in computa-
tion. For image denoising, there are many algorithms that are
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Noise image Clean image

(A) Noise image to clean image leaming scheme (N2C)

Noise image

N

Grouping noise image
and use average filter

Clean image

(B) Noise image to noise image leaming scheme (N2N)

Fig. 3. Comparison of noise to clean image and noise to noise image learning
scheme.

developed by using deep learning networks. In 2008, Vincent
et al. [5] presented an autoencoder that extracts features by
reducing the number of nodes in hidden layers. However,
this method not only reduces noise from image but also
degrades some detail of images. In generally, deep learning
has same problem that is the vanishing gradient problem [10].
It was presented by Glorot and Bengio in 2010. To solve this
problem, He et al. proposed ResNet [9] is a CNN with skip
connected layer call residual network (ResNet) in 2016. This
network is used information from previous layer and current
layer of network to feed into next layers. The network was
Understood the information of previous layer that can solve
vanishing gradient problem and restore the detail of the image.
Moreover, a skip connected layer was used in an autoencoder
that was presented by Mao et al. [11] in 2016. It provides
information by feeding features from previous layer that can
protect information loss from reducing features in encoder
process.

There is a concept to remove noise that is generating noisy
image and removing noise by averaging them. In 2017, Zhang
et al. [7] used denoising convolution neural network (DnCNN)
to learn characteristic of noise in the image and try to remove
them from the image. In 2018, Lehtinen et al. [8] proposed
Noise2Noise algorithm that uses information from an input
noise image to create a noisy image that has the same noise
characteristic. It can remove noise from the image by average
input and output images.

III. THEORY

Noise in digital image [12] can occur by the camera sensor
that get some noise signal from the electrical noise or light
changing from the light sources. This experiment focuses on
the Gaussian noise and the Salt and pepper noise.
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Gaussian noise can be occurred by adding the Gaussian
signal in an image follow in Equation.l. It interrupts image
pixels and degrades image quality.

y=x+n

()]

Where y is the observed image that includes noise. « is the
original cleaned image without noise. n is Gaussian noise that
interrupts the image pixels.

Salt and pepper noise or impulse noise is the noise that
displays maximum (white pixel) and minimum (black pixel)
value in the image. When the sensor of the camera gets this
noise, The noise will replace value in image pixels.

This research divides denoising algorithms into 2 types
as shown in Table. I: traditional method and deep learning
method. In traditional method, the experiment uses Non-
local mean filter, Bilateral filter and Block matching 3D. For
deep learning method, the experiment divides into 2 types of
learning scheme: N2N and N2C learning scheme algorithms.
For N2N algorithm, the experiment uses DnCNN algorithm to
learn noise pattern from noisy image data and N2N algorithm
with ResNet (CNN with skip connected) and U-Net (autoen-
coder with skip connected) to learn noisy image generation.
For N2C learning scheme, this experiment also uses ResNet
and U-Net [13] by using clean images as validation data for
training.

TABLE 1
TYPE OF DENOISING ALGORITHM IN THIS EXPERIMENT.

Tr Deep learning
N2N N2C
Non-Local mean filter | N2N-ResNet | N2C-Resnet
Bilateral filter N2N-UNet N2C-UNet
Block Matching 3D DnCNN -

A. Traditional method

1) Non-Local Mean filter [1]: is developed from mean
filter. It divides the image input to sub-images and computes
the distance of sub-images as weights Equation.2. Then, these
weights be used to evaluate pixel values in the image to remove
noise.

a2
W(i,j)=e n2 (2

Where W (i,5) is the weight of between target pixel and
sub-image pixel in the image. d is distance of target pixel and
each pixel in the image. h is constant.

2) Bilateral filter [2]: uses a Gaussian filter to get filtered
image and considers 3 components of the image and filtered
image: normalization factor, space weight (G,,) and range
weight (G, ). The noise be removed by using Equation.3.

BF[I}, = Wi S Gy (wi —0)Goy (I~ L) ()
z,€8
Where W), is normalization factor. 2 and x; are center pixels
and pixels around the center pixel in filtering kernel. I, and
I, are intensity of the original image and filtered image.
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3) Block Matching 3D [3]: is an algorithm that search
nearby sub-image blocks that are similarly. Mean difference
(MD) in Equation.4 is used to measure similarity of sub-image
blocks. These similar blocks are grouped as the 3D matrix and
are filtered to remove noise.

n—1n-1

1
MD =553 3 (Ciy = Ryl

i=0 j=0

“4)

Where N is number of pixels in searching kernel. C; and
It;; are position of pixel in block C and block R, respectively.

B. Deep learning method

1) DrCNN [7]: as shown in Fig4. It uses convolution
neural network to learn the characteristic of noise and can
be distinguished the noise pixels and image pixels to remove
noise.

Fig. 4. Example of DnCNN network.

2) Residual CNN [9]: as shown in Fig.5. It uses skip
connected layer that connects previous hidden layer to deeply
layer in the network. It can protect the weight value in deep
layer from vanishing gradient problem while the network is
training.

Fig. 5. Example of ResNet network.

3) Residual autoencoder [11], [13]: as shown in Fig.6.
It uses skip connected layer in autoencoder to protect the
vanishing gradient problem because of lacking information in
hidden layer. The problem occurs by deceasing the number of
nodes in hidden layer,

Fig. 6. Example of U-Net network.

IV. EXPERIMENTAL SETUP

This experiment uses 2 datasets: Setl4 [14] 14 images and
BSD300 [15] 100 images on size 128x128 with gray scale
levels and add the zero-mean of the Gaussian noise with
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=25 and o=50 and the Salt and Pepper noise with 25% and
50% of noise replacement to generate noisy image data. The
experimental results are evaluated by using peak signal-to-
noise ratio (PSNR) [16] Equation.5 in dB unit to compare
the original clean images with the output denoising results of
traditional methods, N2N and N2C learning schemes.

PSNR = 10log,, ) (5)

R?
MSE

Where R is maximum value of pixel that the experiment
use 255 of gray scale. MSE is mean square error of all the
pixels in an image.

For N2N learning schemes. this experiment uses Denoising
CNN (DnCNN) algorithm [7] and Noise to Noise (N2N)
algorithm [8] with ResNet (N2N-RN) 16 layers and with U-net
(N2N-UN) 9 layers to learn and remove the noise.

For N2C learning schemes, both of N2N algorithms (N2N-
RN and N2N-UN) are applied by changing clean image as
validate data instead (N2C-RN and N2C-UN).

V. EXPERIMENTAL RESULT

Table II and III present the result of image denoising for
the Gaussian noise condition. Table IV and V show the result
of image denoising for the Salt and pepper noise condition.
The results show that deep learning algorithm has more PSNR
value for noise removing than traditional method.

The Gaussian denoising (o=25) results in Table II, the
Bilateral filter has the highest PSNR for the traditional method
at 22.11dB but less than N2N(UN) and N2C(UN) that have
PSNR 30.78dB and 31.14dB, respectively. Gaussian denoising
(r=50) results in Table Il shows the result that BM3D has
higher PSNR than other traditional methods at 14.58dB and
N2N(RN) and N2C(RN) has PSNR 27.63dB and 27.98dB,
respectively.

The Salt and pepper denoising (25% replacement) results
in Table IV shows that BM3D has the highest PSNR at
11.48dB for traditional method. N2N(RN) and N2C(RN) are
the highest PSNR at 38.70dB and 39.51dB for N2N and N2C,
respectively. The Salt and pepper denoising (50% replacement)
results in Table V, BM3D has the highest PSNR at 9.77dB.
DnCNN and N2C(RN) have higher PSNR than other algo-
rithms at 37.24dB and 31.00dB, respectively.

The result between N2C has higher PSNR than N2N. U-
net has higher PSNR removing results than Resnet in N2N.
However, both of these networks have similar results for N2C.

VI. DISCUSSION

Form experimental results, traditional methods use filter-
based to remove noise from the images. They provide PSNR
value lower than deep learning because they degrade some
detail of the images. Deep learning methods can learn details
of pixels to remove noise and remain more details of the image
than traditional method.

Comparison of N2N and N2C learning schemes, N2C
algorithm has higher PSNR value than N2N algorithm because
N2C algorithm uses clean pixel of images as validation data
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TABLE II
THE RESULT OF REMOVING GAUSSIAN NOISE WITH 0=25 OF EACH
ALGORITHM.

Algarithm Setl4 BSD300 Avg

Traditional BM3D 20.31(0.75) | 20.4(0.82) 20.36

filter NLM 20.96(0.77) | 20,68(0.63) | 30.82

Bilatera 2220(0.54) | 22.02(0.43) | 2211

Noise t0 DnCNN 28.94(2.22) | 28.63(2.37) | 28.79

Deep noise NIN(RN) | 20.66(1.53) | 29.65(1.60) | 29.60

leaming ) NIN(UN) | 30.70(1.93) | 30.86(2.03)
Noise to | N2C(RN) | 31.26(2.00) | 30.93(2.13) | 3L.10
clean NIC(UN) | 3116(1.98) | 31.122.17) | 3114
TABLE 111
THE RESULT OF REMOVING GAUSSIAN NOISE WITH =50 OF EACH
ALGORITHM.
Algorithm Setl4 BSD300 Avg
Traditional BM3D 14.55(0.55) [ 14.60(0.59) | 14.58
filter NLM 6.16(1.97) 7.05(2.13) 6.61

| Bilateral | 6.19(1.93) | 7.01(209) | 6.60

Noise to DnCNN 25.62(2.14) | 2577(2.41) | 25.70

Deep noise NIN(RN) | 27.62(1.93) | 27.64(2.15) | 27.63

learning . NIN(UN) | 26.600(1.84) | 26.79(1.98) | 26.70
Noise to | N2C(RN) | 27.99(2.16) | 2796(2.34) | 27.98 |

clean N2C(UN) | 27.61(2.09) | 27.84(2.30) | 27.73

TABLE IV

THE RESULT OF REMOVING SALT AND PEPPER NOISE WITH 25%
REPLACEMENT OF EACH ALGORITHM

Algorithm Setl4 BSD300 Avg

Traditional BM3D 1145(0.29) | 11.5(029) | 1148

iler NLM A97(1.21) | 545(1.12) | 5.21

| Bilateral 6.10(1.93) | 7.01(Z09) | 6.60

Noise o | _DICNN 3LE5(10.8) | 3242(10.0) | 32.14
Deep ot | NZN(RN) | 3E6O(344) | 38703.78) | 3870 |

Jearning i NIZN(UN) | 35.41(3.88) | 3582(321) | 35.62
Noise 10 | N2ZCIRN) | 39.67(3.08) | 39.34(4.15) | 39.51 |
clean NIC(UN) | 3385(3.00) | 32.10(2.62) | 3298 |

TABLE V

THE RESULT OF REMOVING SALT AND PEPPER NOISE WITH 50%
REPLACEMENT OF EACH ALGORITHM.

Algorithm Setld BSD300 | Avg
Traditional M3D 976009 | 9.770.09) | 9.77
len NLM T190.72) | 345061 | 432
Bilateral | 6.19(1.92) | 7.01(209) | 6.60
Noise 1o | DICNN | 3L19(530) | 3129(378) | 31.24
Deep e o [NIN(RN) | 30.18(3.79) | 3037(3.35) | 308 |
learming " NIN(UN) | 268702660 | 2743(2.50) | 2705
Noise to | N2C(RN) | 30.96(3.97) | 31.04(3.52) | 3100 |
clean [ NIC(UN) | 28.38(3.16) | 28.89(2.76) | 28.64

that N2C algorithm can observe the correct result of the
images and restore pixels correctly. N2N algorithm generates
another noise image as validation data. The network learns
to transform a noise image to another noise image that has
the same characteristic of noise. The problem of N2N occurs
when the same pixel position of generated noise images are
replaced with another noise. It means that the correct value of
the original image may has been lost and the network hardly
knows the correct value of the image pixel.

Moreover, the network applied with ResNet has higher

PSNR value than DnCNN and U-net for the Gaussian noise
with o=25 and ¢=50 and the Salt and pepper noise with 25%
replacement because U-net is the autoencoder that decreases
number of features in hidden layer that make network are lack
of some information. However, DnCNN has high PSNR result
than other for the Salt and pepper noise with 50% replacement.

VII. CONCLUSION

This research presents the comparison of image denoising
algorithms between traditional filter method and two types
of deep learning methods: N2N and N2C algorithms. From
the experimental results, deep learning provides higher PSNR
for removing the noise from images than traditional method.
According to the results, N2C algorithm restores and remains
the image details better than N2N algorithm. ResNet architec-
ture has higher PSNR than U-Net architecture. However, deep
learning method has high complexity to calculate.
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M3NN 1 wamsnfseuMeunsmMIadya s UnIUYIENN Gaussian noise 6=25 5¥HIN

traditional algorithm L61& deep learning algorithm

Algorithm Setl4 BSD300 Average
BM3D 20.31(0.75) | 20.40 (0.82) 20.36
Traditional NLM 20.96 (0.77) | 20.68 (0.63) 20.82
Bilateral 22.20 (0.54) | 22.02 (0.43) 22.11
N2N(ResNet) | 29.66 (1.53) | 29.65 (1.60) 29.66
N2N
N2N(U-net) 30.70 (1.93) | 30.86 (2.03) 30.78
Deep learning
N2N(ResNet) | 31.26 (2.00) | 30.93 (2.13) 31.10
N2C
N2N(U-net) 31.16 (1.98) | 31.12(2.17) 31.14

M31N 2 wamsfFeumMounsMIadya T UNIUY NN Gaussian noise 6=50 3¥HIN

traditional algorithm Lai& deep learning algorithm

Algorithm Set14 BSD300 Average
BM3D 14.55(0.55) 14.60(0.59) 14.58
Traditional NLM 6.16(1.97) 7.05(2.13) 6.61
Bilateral 6.19(1.93) 7.01(2.09) 6.60
N2N(ResNet) | 27.62(1.93) 27.64(2.15) 27.63
N2N
N2N(U-net) 26.60(1.84) 26.79(1.98) 26.70
Deep learning
N2N(ResNet) | 27.99(2.16) 27.96(2.34) 27.98
N2C
N2N(U-net) 27.61(2.09) 27.84(2.30) 27.73
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M50 3 wamsnfFeuneumMIadyaIuIuNIUY TN Impulse noise 25% replacement

521N traditional algorithm 148% deep learning algorithm

Algorithm Set14 BSD300 Average
BM3D 11.45(0.29) | 11.50 (0.29) 11.48
Traditional NLM 497 (1.21) 5.45(1.12) 5.21
Bilateral 6.19(1.93) 7.01 (2.09) 6.60
N2N(ResNet) | 38.69 (4.44) | 38.70(3.78) 38.70
N2N
N2N(U-net) 35.41(3.88) | 35.82(3.21) 35.62
Deep learning
N2N(ResNet) | 39.67 (5.08) | 39.34 (4.15) 39.51
N2C

N2N(U-net) 33.85(3.00) | 32.10(26.2) 32.98

M3 4 mamsnfseumeumsmiadyaasunIuilszinn Impulse noise 50% replacement

5NN traditional algorithm 1481% deep learning algorithm

Algorithm Set14 BSD300 Average
BM3D 9.76 (0.09) 9.77 (0.09) 9.77
Traditional NLM 4.19 (0.72) 4.45(0.61) 4.32
Bilateral 6.19 (1.92) 7.01 (2.09) 6.60
N2N(ResNet) | 30.18 (3.79) | 30.37 (3.35) 30.28
N2N
N2N(U-net) 26.87 (2.66) | 27.43 (2.50) 27.15
Deep learning
N2N(ResNet) | 30.95(3.97) | 31.04 (3.52) 31.00
N2C

N2N(U-net) 28.38 (3.16) | 28.89 (2.76) 28.64




135

wAa Y A
sz Tndiaey
d‘ [ Q‘ A g
¥0 ana UIYOAITU DUTULFD
stadszdandnany 6010130022
a =
UM IANN
a d' £ = d' o & =
0 ¥oaeIu UnauSamsanmyn
ANTINAAS Ui PRI IUATUNS 2556
GangsuTulil)
ARINTTUATAT UM T U N PRI UEUAIUATUNS 2559
GangsuTulil)
=S
NUMIANY

nulasamsgudmsanmndmiuginneusouasuais dwmsuindnszdulyaen

WINdeaIvaUATUNS

nugAnLMIITaioIneinug Jadiaineds uniinedeasvarnaiung

MIANNHINEIWSHRIY

A. Limshuebchuey, R. Duangsoithong and M. Saejia, "Comparison of Image Denoising using
Traditional Filter and Deep Learning Methods," 2020 17th International Conference on
Electrical Engineering/Electronics, Computer, Telecommunications and Information

Technology (ECTI-CON), 2020, pp. 193-196



