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Abstract The existing noise level estimation (NLE) algorithms usually adopt the strategy that
separates the noise signal from the content of an image to estimate its noise level. Since only a single
noisy image can be exploited, these algorithms usually design a variety of complex processes to ensure
the accuracy of noise separation, resulting in low execution efficiency. To this end, a novel NLE
algorithm using convolutional neural network (CNN)-based noise separation model is proposed in this
paper. Specifically, we first add Gaussian noise with different levels to a great amount of
representative undistorted images to obtain a training database. Then, we train a CNN-based noise
separation model on the training database to obtain the noise mapping from a given noisy image.
Considering the fact that the coefficients of the noise mapping show Gaussian distribution behavior,
we utilize the generalized Gaussian distribution (GGD) to model the coefficients of the noise mapping,
and use two parameters (scale and shape) of the model as the noise level-aware features (NLAF) to
describe the level of a noisy image. Finally, an improved back propagation (BP) neural network is
used to map the NLAF features to the final noise level. Extensive experiments demonstrate that our
method outperforms the most existing classical NLE algorithms in terms of both computational

efficiency and estimation accuracy, which makes it more practical to use.

Key words noise level estimation (NLE); noise separation; convolutional neural network (CNN);

generalized Gaussian distribution (GGD) ; noise level-aware feature (NLAF); noise level mapping
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Fig. 1 The overall framework of the proposed method
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Fig. 3 The distribution histogram of coefficient values
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P18t o i 22 1A Ay A ek B 0 000 o i P 19 4 AL PR
TR iR % B4 7E Couple [BIZ 1 15 I 45 5, i
25 R HE 24 10 3 0 S AL L o M e v 1
AT RIZPrH. i 2 2 750, Immerkeer 55 7% . Zoran

Bk Chen 535 Xu 575, CNN + SVR 5%
CNN-+AdaSVR 58317 Couple [EI& | 14 T il 45 5 4%
FoAt X Lo 55 35 8 N 08 B AR Liu 85 7% | Rakhshanfar
B (CNN+BP B3k f T 4 3 i) CNN+ AdaBP 4
PRAEAS MR g ) R B R A A 0 o A . A
Ak I F , Rakhshanfar 535 (04 19000 o % M 76 A [
Mg KT {E AR R B MR A 255 Lin BRIR7E &
Mg 75 7K ST G R AR KT W 7 25 T 00 1 R A

Table 2 Estimation Results Obtained with Different Algorithms on Couple Image at Different Noise Levels
k2 AEAREKETLZE LT Couple B FHTEHER

Methods

Noise Levels

5 10 15 20 25 30 35 40 45 50
Immerkeer 5. 64 10. 40 15.39 20. 38 25.51 30. 46 35.47 40,32 45. 48 50. 56
Zoran 4.13 9.13 14.12 19. 04 23.75 38. 83 33.78 38.83 43.59 48.72
Ref [25] 4.96 9.89 14.90 19.77 24.81 29.90 34.69 39.49 44.72 49. 47
Ref [11] 5.49 10. 43 15.29 20,41 25.26 30.29 35.59 40, 40 45. 26 50. 61
Ref [10] 4.93 10. 07 14.52 18. 37 24.78 30. 09 35.18 40. 40 44.99 50. 05
Ref [1] 4.18 9.28 14.52 19. 39 27.17 30.98 35.04 40.23 44,06 50.30
CNN+SVR 8.09 12.99 17. 42 21. 40 26.09 30.59 35.05 38. 94 43. 04 46. 36
CNN-+AdaSVR 8.69 13.96 18. 28 22.81 27.35 31.51 35.95 40.23 44.72 48. 65
CNN-+BP 4.74 9.63 14.70 20.12 25.05 30.32 35.15 40.13 45.09 49. 38
CNN+ AdaBP 4.56 9.68 14.78 19. 80 25.00 29.15 34.68 40. 05 44. 95 49.49

Note: The top 3 results are bold, and the best values are underlined.
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B Liu S03% 2 DUBAT B 1] Ry A0 A A 3 A5 w8 oE o 1
(). CNN-+BP 53 Fil CNN+ AdaBP % 1 1% 15 ) 74
Witk 5 Liv 809 00 A 25 A K AR ST ROR 0 B A
A R I BT 4R Y CNN 4 AdaBP 83k 25 4
A 4

FE LR P15 L 1 W 7S KOP Al B P X LR R g
ST HB VP SE AN RVE R B k. I X TR S
1O W I PG, T3 4% A B30 0 X 2 AT T M 75 KT 1 A
THE 5 B SE 2 8] 1 34 5 AR 12 22 (root mean squared
error, RMSE) , 25 RANAESR 3 H. KM FIKETF,
A3 AN I 1 B LA 1 S S5/ RMSE B 55 H
TR . AFR 3 TR EE AT LR S B
K57 B R B B 8L, CNN+SVR Al CNN

AdaSVR B3k (1 FUI0 A 0 M L 325 L oK HENHT 3 44
XU SVR ARG A T 58 BUGE PS 7K P18 1Y Bl S
% o1 Adaboost 2 ARt AN fig i 35 £ =5 SVR (1 Bl S
f6 41 Liu 2% .CNN-FBP 83 fil CNN+ AdaBP 2
E AR 2Z HE AT 3, Horh Liu 5335 7E R e A5
TV 19 38 7 AR 158 25 B B /N CLL AT 15 1] Sk 4
M) 7E v i W P R 5T A A8 T R R 22 AR X TG
MR OK F A E RV 2L R E A B 4 s CNN A+ BP 55
VAR 1305 MR 22 (1 F Bl 1 CNN+ AdaBP %
4 2. CNN-+ AdaBP 5538 75 %A O] 1 W 5 251
T B0 M5 25 L /) o LTI A P AR E
XL T CNN+ AdaBP & #] JH Adaboost 7 &
FET- BP S A Y 1) 1 BB 2 T Y L X 2 D CNIN

Table 3 RMSE Between Estimated Results and Ground Truths on Ten Commonly Used Images
®3 EEEEVRERABEGES LMNERNHYAIRIREE

Noise Levels Average

Methods
5 10 15 20 25 30 35 40 45 50 Value
Immerker 2.08 1.55 1. 26 1.06 0.95 0. 87 0. 84 0.82 0. 84 0.90 1.12
Zoran 2.34 1.28 1.19 1.37 1. 60 1. 32 1. 38 1. 50 1.49 1.81 1.53
Ref [25] 0.07 0.09 0.16 0.16 0.30 0.30 0.32 0.35 0.44 0.42 0.26
Ref [11] 2.90 1.91 1.48 1.23 0.97 0.74 0.93 0.59 0. 64 0.75 1. 21
Ref [10] 0.59 0.55 0.48 0.30 0.59 0.34 0.59 0. 56 0. 94 0. 85 0.58
Ref [1] 0. 87 1. 31 1.11 0. 84 2.48 1. 44 0. 84 1.03 0.97 0.73 1. 16
CNN-+SVR 2.84 2.85 2.30 1.82 1.42 0. 85 0. 44 0.73 1. 95 3.50 1.87
CNN-+AdaSVR 3.31 3.42 3.02 2.55 2.05 1.61 1.15 0.59 0. 46 1.16 1.93
CNN+BP 0. 60 0.30 0.41 0.36 0.37 0.36 0.35 0.31 0.43 0.74 0.42
CNN+ AdaBP 0.35 0.35 0.38 0. 39 0.36 0.38 0.37 0.33 0.25 0.52 0.37

Note: The top 3 results are bold, and the best values are underlined.
Table 4 RMSE Between Estimated Results and Ground Truths on Fifty Images from BSD Database
x4 AARFKETAREEELESOIEBSD B EMNERNBFRIZE
Noise Levels Average

Methods
5 10 15 20 5 30 35 40 45 50 Value
Immerker 2.81 2.05 1. 65 1.42 1.28 1.17 1. 18 1. 09 1.11 1.19 1. 50
Zoran 1. 54 1. 49 1.52 1.57 1. 59 1.55 1.47 1.62 1.63 1.65 1. 56
Ref [25] 0.14  0.22  0.22  0.22  0.25  0.27  0.38  0.38  0.46  0.54 0.31
Ref [11] 4.42 3.32 2.54 1. 89 1. 56 1. 49 1.24 1.27 1.09 1.07 1. 99
Ref [10] 1. 98 1.18 0.92 0.70 0.73 1.29 0.91 1.02 0.74 1.01 1. 05
Ref [1] 1. 39 1. 46 1. 20 1. 09 2.67 1.57 1. 20 1.11 1.12 1.10 1.39
CNN+SVR 2.38 2.38 2.03 1. 64 1. 36 1.12 0. 95 1.24 2.11 3.69 1. 89
CNN-+ AdaSVR 3.22 3.24 2.94 2.55 2.19 1. 82 1. 35 0.97 0. 81 1.22 2.03
CNN-+BP 0.52 0.56 0.71 0.78 0.81 0.75 0.78 0.78 0.83 0.74 0.73
CNN+ AdaBP 0. 45 0.57 0.70 0.75 0.77 0.79 0.74 0.77 0.73 0.62 0.69

Note: The top 3 results are bold, and the best values are underlined.
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+AdaBP Bk BP W 4% 55 W 28 A 5 BT —E /Y
T A 7 FLIE AN K000 55 15000 2% 2 6] fEJE B Eo AN
£ Adaboost HEHL T 4 A K H £ 4~ BP 55 1l I £% J5
ST o A M A B o — 2 4R T

Sk T R B X 0 P A ) R B L R TR
T BSD %4l FE 50 M FRAE il 4 L 4 0 4 AR
TGN R 5~50 (B Bk 5 v 307 e A L 3135 4%
NG TN 25 L 5 B S 22 ] 0 ¥ 7 MR R 2% B A
F AP HEARIC A FSCHED . 13 4 el
5 A T T I A 0 e AR R I S B RS A
BTN AH R HE A1 0L SRS 3 3 2, it i i)
CNN+AdaBP ik A9 BA e b 1 M pe.

F T 8 3F CNN+ AdaBP %5 3 4977 1k 6E 17 %
BSD % 45 = b 9 50 g BRI 2. 5,7, 5,12, 5,
17.5,22.5,27.5,32.5,37.5,42.5,47.5 %X 10 IN7E
YIRS A 81 1) Ml 7 S S 3 55 6 Bz 11 2
TR 2 BRI 5 R,

M5 LA . T 1 CNN + AdaBP 57
T2 B AR Jig- b F5UI0 M 75 2R S0 HE 0~ 50 22 [] 1 4T 75 12
KR, HE k0 T o vk e AR . ZE L BT
i# , CNN+AdaBP Bk BAT B 4F H AR E /Y 1000 1 o
PR R AE iz S0k 2 i 1 AR R G i AL A
Koo [ R EMG E 2R S 3R A5 1.

Table 5 RMSE of the Estimated Results at Different Noise

Levels

x5 AXHEEESONEBSD BREFMNLERHBFIRIRE

Noise Levels RMSE
2.5 0.49
7.5 0.53
12.5 0.67
17.5 0.78
22.5 0. 83
27.5 0.91
32.5 0.78
37.5 0.79
42.5 0.77
47.5 0. 80

3.3 BM3D &L

AT HE— 58U CNN+ AdaBP 5572 19 5E BR b
FHRCR L ] 28 i BM3D [ 8 530 35 o8 3 1) i A AN [] e
PG Lena BRIEATEME 3% 6 41 T 4330 4 ]
LA M 7 K T AR H CNN A+ AdaBP & g 15 3
(I S (AR S BMBD B30 1 i i A S B0 AT B W IS
Y A% 1) 1 B {5 M [ (peak signal to noise ratio,
PSNR).

Table 6 PSNR of Image Denoised by BM3D Algorithm Using Ground Truth and Estimated Noise Levels

6 BVBDASRERESIRFEMBMNUESENEESER dB
Noise Levels
Methods
5 10 15 20 25 30 35 40 45 50
True Noise Level 39.92 36. 56 34. 66 33.33 32.37 31. 45 30. 68 30.02 29.55 29.11
Estimated Noise Level 39.87 36.57 34.65 33.32 32. 36 31. 44 30.70 30.17 29. 56 29. 10
Absolute Deviation 0.05 0.01 0.01 0.01 0.01 0.01 0.02 0.15 0.01 0.01

M 6 s T LU L ff ] CNN+ AdaBP
SR TN A M 7S KO (B D SR R R SR
it FH 52 W 7 KT AR S S 85000 e R AIUR 22 IR
NG FE AU T CNN A+ AdaBP 4 5 1 52 B 4 A
A .
3.4 BITHEIRIRTLE

X T~ G M 7 K OPA T B R U AN A
ASCAR I B 325 1) 0000 9 0 1 Sk P S i M R S R
U AT RO R IR B IR AR AR, S T SRR
BH T 2 HE A S M B R AE B A A SR 1 AT
BFRLHEAT T L3R, B 45 S AE 1 IR R/l 512 X512
() Lena EI& b3 2 AT 20 W 7H B BB AL 1% B
G 7 KOSV 37 35 PUAT I 8], 45 30 3 7 S ) M s

YR S Y PRAT I [ AR 7 BTN AR T AT LU
Zoran BE¥E M Liu Bk i $A7 B B4R B K AN E A
JO7 FH - sF () 2 3R b 45 7™ A% 1 2R 45 P A EG AT 7 Chen
S Rakhshanfar 57325 0 P17 20% — . i #2~4
R B AT AT, X2 A SR A T ORS B — i
Immerkeer 575 Al Xu 803 B9 $0FT i ) 3F 5L, (02 A
& 3~4 R ECHE AT 3X 2 BRSP4 9 B 1 L
B H Al Bk B 25 — 88, CNN + SVR % 3%, CNN +
AdaSVR % #: ,CNN+BP 9% fl CNN-+ AdaBP %%
1E R T U1 26 MNLE 559 , 88— H Il 2558 1, $h
TR LTI 25 IR AL T TS 28 1k,
P4 ) CNN+ AdaBP 53 7% 78 700 o i 258 AT
RORIX 2 A J7 T Y 255 1 A R H At B30k AL
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Table 7 Average Execution Time of Different NLE Methods at Different Noise Levels
xR7 BEEEARBBRERANTHEHRITHE s
Noise Levels
Methods
5 10 15 20 25 30 35 40 45 50
Immerkeer 2.9 3.0 2.8 2.8 2.9 2.8 2.8 2.8 2.9 3.0
Zoran 1011.8 1008. 8 1013.9 992. 8 986. 4 999. 5 1030.0 1019.1 995.7 987.0
Ref [25] 607.9 621.5 632.4 637.8 644. 3 647. 3 656. 8 660. 4 649. 4 651.9
Ref [11] 162.9 166. 0 165. 4 165.5 165.1 164.9 165. 8 165.7 165.6 166. 1
Ref [10] 17.0 20.5 22.8 24.9 27.0 28.0 28.5 30.2 30.8 31.4
Ref [1] 15.0 14.9 15.1 15.1 15.2 14. 8 14.8 15.0 15.2 15.2
CNN+SVR 17.7 17.1 17.1 17.0 17.0 16.9 17.0 17.0 17.1 17.1
CNN+ AdaSVR 18.03 18. 09 18. 05 18. 05 18.03 18.05 18.07 18. 06 18. 06 18.09
CNN-+BP 19. 87 18.90 17.95 18. 82 18. 60 17.01 17. 45 18. 66 18. 60 18. 77
CNN+ AdaBP 19.4 20.0 20.3 21.5 22.7 21.7 21.8 19.9 20.2 21.5
[3] Ren Jingjing, Fang Xianyong, Chen Shangwen, et al. Image
4 =\ gél: deblurring based on fast convolutional neural networks [J].

45 3T 20 181 1% 59 SNLE 523 P 4 W
A AR S Y B A B B R R
%% ECPATHOR L BUIR. S gL 4R T — AR
CNN 7 2 i 18] 5 b 1 0o Y1 G5 2 ~F 592 B R T3 5 Mg
AR5 A P S PR B4 O 12 AR L AT
WA GGD LR g WG 75 e S P 2 A5, I LA 2 2
BOELAE O B i gt 7 ™ H R R 9 NLAF $3AE . &
Ja s IRt e i) BP X 25 B8 7 52 B NLAF ik
1 2 M P K P B SN AT 55 5 B B R A L
CNN-+ AdaBP 5 i W42 B 5 it 19 NLAF ¢ Ak A
ey A A e P e S5 B 0 5 KB R S AL AD 2 A 5 A
F AR SRR AT IR T — 2R & T MNLE
X ST IE O T o A A ARAT T — ol TN 9 A
PAT R0 B 255 1 B B 4 1) MR 7 AP DA Rk
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