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Fast Noise Level Estimation Algorithm Based on Nonlinear Rectification of Smallest Eigenvalue

XU Shao-ping ZENG Xiao-xia JIANG Yin-nan LIN Guan-xi TANG Yi-ling
(School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract Considering the fact that the smallest eigenvalue of covariance matrix of the raw patches extracted from noise
images is significantly correlated with noise level, this paper proposed a fast algorithm that directly uses a pretrained
nonlinear mapping model based on the polynomial regression to map (rectify) the smallest eigenvalue to the final esti-
mate. Firstly,some representative natural images without distortion are selected as training set. Then,the training sam-
ple library is formed,and the training set images are corrupted with the different noise levels. Based on this,raw patches
are extracted for each noisy image,and the smallest eigenvalue of covariance matrix of the raw patches is gotten by PCA
transformation. Finally,a nonlinear mapping model between the smallest eigenvalue and the noise level are obtained
based on polynomial regression technique. Extensive experiments show that the proposed algorithm works well for a

wide range of noise levels and has outstanding performance at low levels in particular compared with the existing algo-

rithms, showing a good compromise between speed and accuracy in general.
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Fig. 1 Comparison between estimated results obtained by Chen’s

algorithm and ground truths on 1150 noise images
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covariance matrix of raw patches and ground truth
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Table 1 Correlation between the smallest eigenvalue of covariance

matrix of raw patches and noise level at different noise levels values

- %K ﬁ%

1 5 10 20 40 60 80 100 Eg e
B 4Ca) 2.38 5.33 9.77 18.21 35.54 52.87 68.56 86.27 0.9999
B 4(b)  3.09 5.51 10.30 18.73 35.50 52.66 70.36 86.65 0.9999
B 4(c)  3.98 6.07 10.21 18.57 35.58 52.30 68.85 84.49 0.9999
4D 2.24 5.21 9.54 18.18 35.04 50.97 69.05 83.91 0.9998
B 4(e) 2.68 5.46 9.56 18.30 34.78 52.07 69.06 83.66 0.9998
4D 2,09 5.13 9.37 17.82 34.13 51.56 68.53 86.43 0.9999
B 4(g)  2.24 5.22 9.50 18.36 34.96 52.95 68.16 85.64 0.9999
B 4ch)  2.62 5.18 9.31 18.05 34.45 51.82 68.06 84.71 0.9999
B 4()  4.00 6.27 10.45 19.23 36.04 52.98 69.79 86.46 0.9999
HAG)  1.94 5.14 9.44 17.93 34.62 51.98 68.64 85.86 1.0000
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Table 2 RMSE between estimated results with different degrees

of polynomials and ground truths at different noise levels

#®EKF
5 10 20 40 60 80 100
5 0.59 0.46 0.34 0.61 0.99 0.79 1.27
4 0.59 0.45 0.34 0.61 0.98 0.79 1.27
3 0.58 0.43 0.34 0.61 0.96 0.79 1 .26
2

0.58 0.47 0.34 0.61 0.97 0.79 1.25
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Fig. 5 Results of final estimation with pretrained nonlinear

rectification function on partial images in 1150 noise images
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Table 3 Estimation results obtained by different algorithms on

Barbara image at different noise levels

H®E KT
5 10 20 40 60 80 100
Chen # 3% 8.03 11.69 21.08 40.49 60.40 79.68 99.71
Immerkar £ 3% 7.92 12.34 21.29 39.45 56.36 68.97 79.57
Yang 4 % 6.88 11.42 20.47 38.82 60.34 77.84 98.96
Zoran i 3.82 7.45 16.80 37.04 57.44 76.53 95.64
Liu & % 5.11 9.94 19.73 39.55 59.44 78.79 97.06

Proposed 3.99 9.24 19.17 39.54 59.70 79.18 98.96
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Table 4 RMSE between estimated results and ground truths on

10 representative images at different noise levels

P ; % EKP
5 10 20 40 60 80 100
Chen # # 1.94 1.13 0.77 0.50 0.68 0.72 0.70
Immerkar £ 3% 1.60 1.19 0.75 0.69 3.80 10.20 19.94
Yang # % 0.64 0.47 0.31 0.98 1.47 1.73 2.49
Zoran %  0.55 1,08 1.61 1.93 2.30 2.59 2.38
Liu % #% 0.12 0.18 0.30 0.63 1.23 1.78 2 50

Proposed 0.91 0.64 0.60 0.52 0.76 1.01 0.80

SR T My e E B Ik TR AR 0 P R S R
LIVE $df 5 b B9 o A AE Il g, % 5 5 7
LIVE $4 2 i B L % B 20 5K R AE S i i 42 4K 45 1) T80
S5 TRE 43 0 45 PR I AW R 4 53 O 5,10,20,40, 60, 80
100 B4 g 0 Mg 7, TN 45 2R 308 3 149 5 MR R 22 B 45 Hh PR A1 o
PR LAY 3 AN T R 2 ) . SR 5 v A Edl 7T LA
F il Immerkar SB05 A 5 (R RO 8025 5 BRI, Zoran SR TE
IR b i MR R K P A AR R LB B s 22 5 Chen S B 7E Hh IR
7KW P 2% TR L B SRR A TR0 RO 2% 5 Liu S5 F1 Yang
VR AR R 23 W 7 200 T 1K) 189 7 AR A5 2 (B L O B 1 TR A
ER R 2 7 v KA I T A 0 L S 36 B T B AT A AT
[F) 4 B At SR Y AT IR TG . TR T 3 2 B0 B AE AR AR
R 10 00 o A [ R DR R T I AT AR

F 5 AEIMEFE KT T &5 LIVE S0 PR (20 3K) o i B
S5 I MR AR 22
Table 5 RMSE between estimated results and ground truths on
twenty images from LIVE database at different noise levels

% AR
5 10 20 40 60 80 100
Chen # #% 3.59 2.35 1.29 0.77 0.71 0.70 0.80
Immerkar # 3% 2.16 1.42 0.66 2.38 6.74 13.54 22.96
Yang # % 0.67 0.46 0.30 0.36 0.51 0.58 1,40
Zoran # % 1,07 1.01 1.21 1.73 1.86 1.85 1.76
Liu % 3% 0.11 0.08 0.12 0.21 0.40 0.65 0.83

Proposed  0.85 0.74 0.71 0.69 0.67 1.11 1.08

ok

4.3 BM3D EiLBERR

SR TR 20 56 UE kR S 0 S B N R, (4
BM3D [ e 5 32 3o i A I 75 4 391 4 5,10,20,40,60,80 F1 100
P4 40T M S 1 Lena [ER #EAT FEME , BM3D S A H S 804>
S e Y MR 7 RN SO B v TR Y M 7R U AR S TR 1
PSNR {H 17 6 A3, M 6 thal LI H .l Bl ik 5 vk 19
N 11 R 75 KP4 S 2 825 68 0 5 TR 75 KO MBS S 80
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Table 6 PSNR comparison of BM3D algorithm using ground truths

and estimated results at different noise levels

ot %A AEAT
10 20 40 60 80 100
M 40.00 36.58 33.36 30.02 28.29 26.87 25.86
T A 38.88 36.31 33.30 29.99 28.28 26.85 25.83
# 18 1.12 0.27 0.06 0.03 0.0l 0.02 0.03

4.4 HATHEEIR X LE

T T MR A SR B AT AR BRI — 3K K/ Ry 512 % 512
) Lena B, % F 2 R AT 20 W87 B30T of 18]V A I
KRS 5 I, 25 B AR AN [ M 7S GO0 R 1Y - 2 34T B R
mFE 7 pral, NFET7ATLIEH, BAR Immerkar 5535 A PUA T
(e Ak H P, E R 36 4 AR 5 AT PR A ol 0 M g 22 L S B R
R AEE, WO A ST A I LA 4 SR AR AL B
PUATEER L Zoran B ¥ Liu B ¥ M Chen B 320 R TH T
120 £ .35 {5 A1 10 f5 24 . b Yang BB 50U 22 4. itk
BLZ BT LR LR AR e W AT ROCR  E BRI E T E
22 DA 5 A TR B e $ 0 PR] B W 26 0 B 104 B AN AEAE . A R
S AR BRI B P B o AR, — BV e /NER AR 5 R
FH 0 58 U R 0 0 B o RS B /N R A1 A 1 Sy W 75 7K ST T
[T 15 o W " < T R L 5 B N AV 3 | G
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Table 7 Comparison of average execution time of different algorithms

at different noise levels

CHL] :ms)
®E K
H% .

5 10 20 40 60 80 100

Chen 3% 270.9 257.9 260.8 258.1 263.0 263.9 253.2

Immerkar 5 5 5.5 5.4 5.7 6.0 6.3 6.3

Yang §f % 44.8 2.2 441 433 6.6  45.3 6.7
Zoran £ #% 3393.7 3340.4 3322.2 3592.2 3231.9 3248.6 3214.8
Liu 3%  920.7 962.6 1003.9 993.4 1017.9 1005.9 1015.1

Proposed ~ 25.9  25.2 25,7 240 23.9 24.5 24.7
LRIE ARSI R UG R R MR Pyatykh B R A

Liu B8 02 6t 0k 1) R e (1 i B ¥ A7 Cheen B30 iy
FE T E AR AE S AR, S BT — ol S o A A AT R AR A
B9 NLE 58k, 33X (15 & 1 25 2 e Mk i or 1T oh BLA 351
P, T BRI AR R BUBAR R A TR BE 24 > BOR (4]
00 R 22 I 2% ) S B MR 7 K ST 1Al L L AR TR R el
TP RY , DUEE AT 3R A5 09 NLE 55 32 45 A8 75 22 52 B e e 7 7k

SRR AR AT RCR AT RS B B — 4R T

[1]

(2]

[3]

[4]

[5]

[6]

[7]

(8]

L9l

[10]

[11]

[12]

[13]

[14]

2 % X #

XU SP,YANG R C,LIU X P. Adaptive switching median filter
based on noise ratio estimation[ ] |. Journal of Optoelectronics *
Laser,2014,25(4) :792-800. (in Chinese)

WA A A B XN BT RS AR T B S O R P 8
PRI, e F - #E.2014,25(4) : 792-800.

XU S P,HU L Y,YANG X H. Quality-aware features-based
noise level estimator for block matching and three-dimensional
filtering algorithm [J ]. Journal of Electronic Imaging, 2016,
25(1):013029.

LUCAT L,SIOHAN P,BARBAC D. Adaptive and global opti-
mization methods for weighted vector median filters[ J]. Signal
Processing Image Communication,2002,17(7) :509-524.

LIUS T.MA L P,YIN F L. A color image vector median filte-
ring algorithm based on noise estimation and double weighted
spatial distance and magnitude value[ J]. Journal of Optoelec-
Laser,2011,22(1):131-135. (in Chinese)

XK o EH ARG L AR 2 . B T W 7 0 T 0 XU A 1 R € PR R R
AP EE ] Ot - #0t,2011,22(1) . 131-135.

DAI T,LU W Z,WANG W, et al. Entropy-based bilateral filte-

tronics *

ring with a new range kernel[ J]. Signal Processing, 2017, 137
(8):223-234.

JAIN P, TYAGI V. LAPB: Locally adaptive patch-based wavelet
domain edge-preserving image denoising [ ]J]. Information Scien-
ces,2015,294(2) :164-181.

WANG W, HE C J. A fast and effective algorithm for a Poisson
denoising model with total variation[ J]. IEEE Signal Processing
Letters,2017.24(3) :269-273.

LI X Y,HE H J,WANG R X,et al. Super pixel-guided nonlocal
means for image denoising and super-resolution[ J]. Signal Pro-
cessing,2016,124(2) :173-183.

XINJ R,LU L X,BAO X,et al. Noise energy estimator based
on sparseness of time-frequency domain for broadband frequen-
cy-hopping signal [J]. Acta Electronica Sinica, 2014, 42 (10);
1932-1937. (in Chinese)

R Bl A LI AR BTN AR P R B A S R
i), T2, 2014,42(10) :1932-1937.

XU S P,YANG X H,JIANG S L. A fast nonlocally centralized
sparse representation algorithm for image denoising[]]. Signal
Processing,2017,131(2) :99-112.

WANG D H,GAO ] H.An improved noise removed model
based on nonlinear fourth-order partial differential equations
[J]. International Journal of Computer Mathematics, 2016,
93(6):942-954.

DABOV K,FOI A,EGIAZARIAN K,et al.Image denoising
with block-matching and 3D filtering[ C] // Proceedings of SPIE.
United States: SPIE,2006:354-365.

SHIN D H,PARK R H,YANG S.et al. Block-based noise esti-
mation using adaptive Gaussian filtering[ J ]. IEEE Transactions
on Consumer Electronics,2005,51(1):218-226.

PYATYKH S,HESSER J,ZHENG L. Image noise level estima-

tion by principal component analysis[ J]. IEEE Transactions on



57 ]

TR L A5 T R AN AR A 42 A8 T A PRk MR 75 K P il 3 5k

225

[15]

[16]

[17]

[18]

Image Processing,2013,22(2) :687-699.

CHEN G Y,ZHU F Y,HENG P A.An efficient statistical
method for image noise level estimation[ C] // IEEE International
Conference on Computer Vision. New York:IEEE Press,2015:
477-485.

IMMERKAR ]. Fast noise variance estimation[]]. Computer
Vision & Image Understanding,1996,64(2) :300-302.

ZORAN D, WEISS Y. Scale invariance and noise in natural ima-
ges[ C] / IEEE International Conference on Computer Vision.
New York:IEEE Press,2009:2209-2216.

LIU W, LIN W S, Additive white Gaussian noise level estima-
tion in SVD domain for images[ ] ]. IEEE Transactions on Image

Processing,2013,22(3) :872-883.

[19]

[20]

[21]

[22]

YANG S M, TAI S C. Fast and reliable image noise estimation
using hybrid approach[]]. Journal of Electronic Imaging, 2010,
19(3):3007.

LIU X H,TANAKA M,OKUTOMI M. Noise level estimation
using weak textured patches of a single noise image[ C]// IEEE
International Conference on Image Processing. New York:IEEE
Press,2012:665-668.

LIU X H, TANAKA M,OKUTOMI M. Single-image noise level
estimation for blind denoising[J]. IEEE Transactions on Image
Processing,2013,22(12) :5226-5237.

ZHANG L,ZHANG L,BOVIK A C. A feature-enriched com-
pletely blind image quality evaluator[J]. IEEE Transactions on
Image Processing,2015,24(8) :2579-2591.

(E#% 218 )

PE R C A HE A Y T3 7 A B35 52 e 224 i A A 22 R P R I
DU N | B T N7 R s G A S 1 ol LWV I i D R 2=Y P )
FEWE AR SR B . SRR AR S R A L R R Y B
HAE MATAB %t 6 faf 43 B A Ak ) 836 47 05 B, 58 5 5 2 56
%} ATLPSO-ELS 53k 25 5 1 X L, 2 B 1% 50 o0 T4 3
FRA AL B4 43 T [ 0 A R 2 T AT A A0 . LB I 1 B sk
PEA T u RE M FEL A I N

(1]

2]

[3]

(4]

(6]

(7]

(8]

2 % X W

P — B A B A L AR 5 s ML b g 3R 4 Tl A
2002.

LI HJ,XU]JZ,WANG G D. Improvement on conventional load
distribution algorithm in hot tandem mills[ J]. Journal of Iron
and Steel Research, International ,2007,14(2) :36-41.
KENNEDY J, EBERHART R C. Particle Swarm Optimization
[C]//1EEE International Conference on Neural Networks. Pis-
cataway,1995:1942-1948.

KHARE A,RANGNEKAR S. A review of particle swarm opti-
mization and its applications in Solar Photovoltaic system[ ] ].
Applied Soft Computing,2013,12(5) :2997-3006.

SUN J,PALADE V,WU X J,et al. Solving the Power Economic
Dispatch Problem With Generator Constraints by Random Drift
Particle Swarm Optimization[ ] ]. IEEE Transactions on Indus-
trial Informatics,2014,10(1):222-232.

HO S Y.LIN H S,LIAUH W H,et al. OPSO: Orthogonal Par-
ticle Swarm Optimization and Its Application to Task Assign-
ment Problems[ J]. IEEE Transactions on Systems Man and Cy-
bernetics Part A;Systems and Humans,2008,38(2) :288-298.
FU Y G,.DING M Y,ZHOU C P. Phase Angle-Encoded and
Quantum-Behaved Particle Swarm Optimization Applied to
Three-Dimensional Route Planning for UAV[]J]. IEEE Transac-
tions on Systems Man and Cybernetics Part A:Systems and Hu-
mans,2012,42(2) :511-526.

GONG Y J,SHEN M, ZHANG ]. Optimizing RFID Network
Planning by Using a Particle Swarm Optimization Algorithm

with Redundant Reader Elimination[ J]. IEEE Transactions on

9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

Industrial Informatics,2012,8(4):900-912.

LI C,YANG S,NGUYEN T T. A self-learning particle swarm
optimizer for global optimization problems[ J]. IEEE Transac-
tions on Systems Man and Cybernetics Part B Cybernetics,
2012,42(3):627-646.

WEI H L,ISA N A M. An adaptive two-layer particle swarm
optimization with elitist learning strategy [ ] ]. Information
Sciences,2014,273(3) :49-72.

CHEN W N,ZHANG J,LIN Y,et al. Particle Swarm Optimiza-
tion With an Aging Leader and Challengers[ ]J]. IEEE Transac-
tions on Evolutionary Computation,2013,17(2):241-258.
HAN ] H,LIZ R,WEI Z C. Adaptive Particle Swarm Optimiza-
tion Algorithm and Simulation[]]. Journal of System Simula-
tion,2006,18(10) :2969-2971. (in Chinese)

FRVLHE 2R PR A — B E O R T RO AR R O B
WF5E)]. RE5H 4] - 2006,18(10) :2969-2971.

WEI H L,ISA N A M. Two-layer particle swarm optimization
with intelligent division of labor[J]. Engineering Applications of
Artificial Intelligence,2013,26(10):2327-2348.
EPITROPAKISA M G,PLAGIANAKOS V P, VRAHATIS M
N. Evolving cognitive and social experience in Particle Swarm
Optimization through Differential Evolution: A hybrid approach
[J]. Information Sciences,2012,216(24) :50-92.

WEI H L,ISA N A M. An adaptive two-layer particle swarm
optimization with elitist learning strategy[J]. Information Scien-
ces,2014,273(3) :49-72.

SHI Y,EBERHART R C. A Modified Particle Swarm Optimizer
[C] // Proceedings of the IEEE Conference on Evolutionary
Computation. Piscataway,1998:69-73.

ZHAN Z,ZHANG J, LI Y. Adaptive particle swarm optimiza-
tion[ J]. IEEE Transactions on Systems, Man, Cybernetics B:
Cybernetics,2009,39(6) :1362-1381.

WANG Y,.LIU J L,SUN Y K.Immune Genetic Algorithms
(IGA) Based Scheduling Optimization[ ] ]. Journal of University
of Science and Technology Beijing, 2002, 24 (3): 339-341. (in
Chinese)

AR XS, N — B G s AL B 1 PR L AL A O A 43 TG A RS
PELT T bt B R 2441, 2002, 24(3) - 339-341.





