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(57) ABSTRACT 

Methods and systems for increasing the signal-to-noise ratio 
for satellite sensor data or signals, such as hyperspectral 
imageries (also referred to as datacubes due to their 3-dimen 
sional nature). This is done by reducing the noise in the data 
or signals by ?rst elevating the noise level temporarily for 
effective denoising. The denoising process is then performed 
in this condition and the noise level is then reversibly de 
elevated after denoising. The denoising process comprises 
noise removal in both the spectral and the spatial domains. 
Once the denoising process is complete, the data is converted 
back from the spectral and spatial domains. Since this recon 
struction process introduces errors, these errors are compen 
sated for using the components from both the original data 
and denoised data ?ltered by the loW pass ?lters. 
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METHOD AND SYSTEM FOR INCREASING 
SIGNAL-TO-NOISE RATIO 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

This application claims the bene?t of priority of US. Pro 
visional Patent Application No. 60/763,381 ?led Jan. 31, 
2006 Which is hereby incorporated by reference. 

FIELD OF THE INVENTION 

The present invention relates to signal and data processing. 
More speci?cally, the present invention relates to methods 
and systems for improving the signal-to-noise ratio for mul 
tidimensional data, such as datacubes, by reducing noise in 
the data. 

BACKGROUND TO THE INVENTION 

For ease of reference, the folloWing documents are referred 
to by the folloWing reference numbers in this document. 
[1] P. Scheunders and J. Driesen, “Least-squares interband 

denoising of color and multispectral images,” Int ’l Conf on 
Image Processing, pp. 985-988, October 2004. 

[2] Aleksandra PiZurica, Wilfried Philips and Paul Scheun 
dersy, “Wavelet domain denoising of single-band and 
multiband images adapted to the probability of the pres 
ence of features of interest,” SPIE Conference Wavelets XI, 
San Diego, Calif., USA, 31 Jul.-4 Aug. 2005. 

[3] Aleksandra PiZurica and Wilfried Philips, “Estimating the 
probability of the presence of a signal of interest in multi 
resolution single- and multiband image denoising,” 
IEEE Trans. Image Processing (in press), http://telin.u 
gent.be/~sanja/Papers/TransIP2005_ProbShrink.pdf 

[4] P. Scheunders, “Wavelet thresholding of multivalued 
images,” IEEE Trans. Image Processing, vol. 13(4), pp. 
475-483, April 2004. 

[5] Hyeokho Choi and R. G. Baraniuk, “Multiple Wavelet 
basis image denoising using Besov ball projections,” IEEE 
Signal Processing Letters, vol. 11, issue 9, pp. 717-720, 
September 2004. 

[6] D. L. Donoho and I. M. Johnstone, “Threshold selection 
for Wavelet shrinkage of noisy data,” Proc. IEEE Inte’l 
ConfEngineering in Medicine and Biology Society, Engi 
neering Advances: NeW Opportunities for Biomedical 
Engineers, vol. 1, pp. A24iA25, November 1994. 

[7] K. S. Schmidt and A. K. Skidmore, “Smoothing vegeta 
tion Spectra With Wavelets,” Int. .1. Remote Sensing, vol. 
25, No. 6, pp. 1167-1184, March, 2004. 

[8] M. Lang, H. Guo, J. E. Odegard, C. S. Burrus and R. O. 
Wells, “Non-linear processing of a shift-invariant DWT for 
noise reduction,” SPIE, Mathematical Imaging Wavelet 
Applications for Dual Use, on SPIE Symp. On OE/Aero 
space Sensing and Dual Use Photonics, Orlando, Fla., 
17-21 Apr. 1995. 

[9] M. Lang, H. Guo, J. E. Odegard, C. S. Burrus and R. O. 
Wells Jr., “Noise reduction using an undecimated discrete 
Wavelet transform,” IEEE Signal Processing Letters, vol. 
3, issue 1, pp. 10-12, January 1996. 

[10] T. D. Bui and G. Y. Chen, “Translation-invariant denois 
ing using MultiWavelets,” IEEE Trans. Signal Processing, 
vol. 64, no. 12, pp. 3414-3420, 1998. 

[1 1] Aglika Gyaourova, C. Kamath, andI. K. Fodor, “Undeci 
mated Wavelet transforms for image de-noising,” 
LaWrence Livermore National Laboratory, Livermore, 
Calif., Technical report, UCRL-ID-150931, Nov. 19, 2002. 
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[12] D. L. Donoho and I. M. Johnstone, “Ideal spatial adap 

tation via Wavelets shrinkage,” Biometrika, vol. 81, pp. 
425-455, 1994. 

[13] D. L. Donoho and I. M. J ohnstone, “Adapting to 
unknoWn smoothness via Wavelets shrinkage,” .1. American 
Statistics Association, 90(432), pp. 1200-1224, 1995. 

[14] S Grace Chang, Bin Yu and Martin Vetterli, “Adaptive 
Wavelet thresholding for image denoising and compres 
sion,” IEEE Transactions on Image Processing, vol. 9, no. 
9, pp. 1532-1546, September 2000. 

[15] A. G. Bruce and H. Y. Gao, “Understanding Waveshrink: 
variance and bias estimation,” Biometrika, vol. 83, pp. 
727-745, 1996. 

[16] Wallace M. Poter and Harry T. Enmark, “A system over 
vieW of the Airborne Visible/Infrared Imaging Spectrom 
eter (AVIRIS),” SPIE, vol. 834 Image Spectroscopy II, pp. 
22-30, 1987. 

[17] MacDonald DettWiller, “System studies of a small sat 
ellite hyperspectral mission, data acceptability”, Contract 
Technical Report to Canadian Space Agency, St-Hubert, 
Canada, HY-TN-51-4972, issue 2/1, Mar. 5, 2004. 

[18] Shen-En Qian, Martin Bergeron, Ian Cunningham, Luc 
Gagnon and Allan Hollinger, “Near lossless data compres 
sion onboard a hyperspectral satellite,” IEEE Trans. Aero 
space and Electronic Systems, vol. 42, no. 3, pp. 851-866, 
July 2006. 

[19] R. Bukingham, K. StaenZ and A. B. Hollinger, “RevieW 
of Canadian Airborne and Space Activities in Hyperspec 
tral Remote Sensing,” Canadian Aeronautics and Space 
Journal, vol. 48, no. 1, pp. 115-121, 2002. 

[20] A. Basuhail, S. P. KoZaitis, “Wavelet-based noise reduc 
tion in multispectral imagery,” SPIE Conf Algorithms for 
Multispectral and Hyperspectral Imagery IV, Orlando, 
vol. 3372, pp. 234-240, 1998. 

[21] C. Sidney Burrus, RameshA Gopinath and Haitao Guo, 
“Introduction to Wavelets and Wavelet Transforms, A 
primer,” Prentice Hall, 1998, pp. 88-97. 

[22] Hisham Othman and Shen-En Qian, “Noise Reduction of 
Hyperspectral Imagery Using Hybrid Spatial-Spectral 
Derivative-Domain Wavelet Shrinkage,” IEEE Trans. on 
Geoscience and Remote Sensing, vol. 44, no. 1, pp. 397 
408, February, 2006. 
Satellite imagery has been used in the past for purposes as 

disparate as military surveillance and vegetation mapping. 
HoWever, regardless of the purpose behind satellite imagery, 
higher quality images have alWays been desirable. 
The reliability of the information delivered by hyperspec 

tral remote sensing sensors (or imagers) highly depends on 
the quality of the captured data. Despite the advance in hyper 
spectral sensors, captured data carry enough noise to affect 
the information extraction and scene interpretation. This 
noise includes a signal dependent component, called photon 
noise, and other signal independent components, eg thermal 
noise. 
A key parameter in the design of a hyperspectral imager is 

its Signal-to-Noise Ratio (SNR), Which determines the capa 
bilities and the cost of the imager. A suf?ciently high SNR can 
be achieved ?rst-hand by adopting some excessive measures 
in the instrument design, e.g. increasing the siZe of the optical 
system, increasing the integration time, increasing the detec 
tor area, etc. Normally, these are prohibitively expensive solu 
tions, especially in the case of spacebome instruments. Alter 
natively, modern numerical processing based Noise 
Reduction (NR) methods provide a cost-effective solution 
that is becoming more and more affordable (in terms of speed 
and expense) due to the availability of the advanced comput 
ing devices. 
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Smoothing ?lters and Minimum Noise Fraction (MNF) are 
the mo st popular among the legacy methods of hyperspectral/ 
multispectral imagery NR. While smoothing ?lters have a 
negative impact on the sharp signal features, the MNF is 
relatively demanding in terms of computational expenses. 

Several methods have been introduced recently Which ben 
e?t from compactness of the Wavelet transform. Examples of 
the recent Wavelet transform-based NR methods include the 
Linear Minimal Mean Squared Error (LMMSE) method in 
[1], featuring a global and tWo local estimators. Although the 
local estimators outperform the global estimator in the color 
images, they suffer from What is perceived in that paper as 
“loW correlation betWeen the textures in different bands” in 
multispectral images. 

Another Wavelet-transform-based NR methods is intro 
duced in [2] based on the probability of the presence of 
features of interest [3], Where denoising is carried out band 
by-band taking into account the inter-band correlation. It is 
found that this method is performing Well if the noise statis 
tics are the same in all bands and is less suitable in the case 
Where noise statistics varies from band to band. The inter 
band correlation is also used in [4] to differentiate betWeen 
the noise coef?cients and the signal coef?cients, Which per 
forms Well in additive noise conditions. 

Most of the hyperspectral/multispectral imagery NR meth 
ods perform Well in ?xed-variance additive noise environ 
ments. Unfortunately, real-life scenarios necessitate the exist 
ence of a signal-dependent noise component. In fact, at high 
SNR, the signal-dependent component becomes even more 
signi?cant than the ?xed-variance component because it is 
proportional to the signal amplitude. 

In fact, the hyperspectral signal may vary dramatically 
from band to band With variable smoothness in different 
spectral regions, eg smoothness in the Visible and Near 
Infrared (VNIR) region compared to the smoothness in the 
Short-Wave Infrared (SWIR) region. 

These and other considerations shoW that there is a need for 
better methods to increase SNR for such data and the signals 
derived from such data. Ideally, such methods Would increase 
the SNR by reducing noise in the data or in the signal derived 
from such data. 

SUMMARY OF THE INVENTION 

The present invention relates to methods and systems for 
increasing the signal-to-noise ratio for satellite sensor data or 
signals, such as hyperspectral imageries (also referred to as 
datacubes due to their 3 -dimentioanal nature). This is done by 
reducing the noise in the data or signals by ?rst elevating the 
noise level temporarily for effective denoising. The denoising 
process is then performed in this condition and the noise level 
is then reversibly de-elevated after denoising. The denoising 
process comprises noise removal in both the spectral and the 
spatial domains. Once the denoising process is complete, the 
data is converted back from the spectral and spatial domains. 
Since this reconstruction process introduces errors, these 
errors are compensated for using the components from both 
the original data and denoised data ?ltered by the loW pass 
?lters. 

In one embodiment, the present invention provides a 
method for improving the signal to noise ratio of data of a 
multidimensional datacube, said data being in an original 
domain, the method comprising the steps of: 
a) elevating the noise level of said data 
b) removing noise from said data in a spatial domain 
c) removing noise from said data in a spectral domain to result 

in denoised data 
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4 
d) converting denoised data into said original domain 
e) correcting errors introduced to said data by step d). 

In another embodiment, the present invention provides a 
system for reducing the signal to noise ratio of multidimen 
sional data, said data being in an original domain, the system 
comprising: 
means for elevating the noise level of said data 
means for removing noise from said data in at least one 

domain to result in denoised data 
means for converting denoised data into said original 

domain 
means for correcting errors introduced to said data by a 

conversion of said denoised data. 

BRIEF DESCRIPTION OF THE FIGURES 

A better understanding of the invention Will be obtained by 
considering the detailed description beloW, With reference to 
the folloWing draWings in Which: 

FIG. 1 illustrates a datacube as Well as the sample 

datacubes mentioned in this document; 
FIG. 2 shoWs the normaliZed poWer spectral density of the 

datacubes illustrated in FIG. 1; 
FIG. 3 is a ?owchart illustrating the various steps of one 

aspect of the invention; 
FIG. 4 illustrates the noise level of band images of the tWo 

datacubes illustrated in FIG. 1 in terms of Root-Mean 
Square-Error; 

FIG. 5 shoWs the average radiance of the GVWD datacube; 
FIG. 6 shoWs the average radiance of the Curpite datacube; 
FIG. 7a-7d shoWs images at Wavelength 470.93 nm from 

the pure and noisy GVWD datacubes and their derivative 
images; 

FIG. 8 illustrates a system for implementing one aspect of 
the invention; 

FIG. 9 shoWs the signal-to-noise ratio per band after noise 
reduction for the GVWD datacube using various noise reduc 
tion techniques; 

FIG. 10 illustrates the spectrum of one of the pixels of the 
GVWD datacube and the difference betWeen its noisy spec 
trum and its spectrum after denoising using various noise 
reduction techniques; 

FIG. 11 shoWs the signal-to-noise ratio perband after noise 
reduction for the Cuprite datacube using various noise reduc 
tion techniques; 

FIG. 12 illustrates the spectrum of one of the pixels of the 
GVWD datacube and the difference betWeen its noisy spec 
trum and its spectrum after denoising using various noise 
reduction techniques. 

DETAILED DESCRIPTION 

Wavelet Shrinkage Noise Reduction 
Wavelet Shrinkage (WS) NR methods bene?t from the fact 

that Wavelet transform provides a sparse representation for a 
Wide class of signals, especially those that are piece-Wise 
smooth and of coherent regularity. In other Words, transform 
ing the signal to the Wavelet domain results in a large number 
of coef?cients With small (or Zero) values and a small number 
of coef?cients With large values. In contrast, transforming the 
noise to the Wavelet domain produces sort of a scattered 
distribution of the noise energies over all scales and transla 
tions, assuming that the noise is White. 

Using the principle of superposition, the transformation of 
a piece-Wise smooth signal corrupted With a White noise 
produces a blend of a feW coef?cients With large amplitudes 
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(signal-related) and a large number of coef?cients With small 
amplitudes (noise-related). Note that all coef?cients carry 
noise contribution. 

Removing the small coef?cients and shrinking the large 
coef?cients eliminate most of the noise contribution to the 
signal in the Wavelet domain. This process is referred to as 
soft threshold [6]. Then, an inverse Wavelet transform is 
applied to obtain the denoised signal. The term “denoising” 
and “noise reduction” Will be interchangeably used in this 
document, ignoring the fact that a noisy signal cannot be 
completely denoised in real-life. 

Let y be the noisy signal that is composed of the pure signal 
x and noise V. 

(1) 

The Wavelet shrinkage process can be outlined as folloWs: 

21:11.00 <3) 

JEIIDWRQ} (4) 
Where DWT{.} and IDWT{.} are the discrete Wavelet trans 
form and the inverse discrete Wavelet transform, respectively, 
d:{di} and d:{di} are the Wavelet coef?cients before and 
after the shrinkage process, 1110 is a shrinkage function for a 
threshold value "c, and x is the denoised signal. 

In order to avoid confusion, an abstract index, i, is used to 
address the Wavelet coef?cient, di. The actual indices may 
vary depending on the Wavelet transform but in all cases they 
contain a scale index and a translation index (or more). For 
example, in the case of 3-D DWT, Wavelet coef?cients indices 
include a scale index and three translation indices (one in each 
dimension of the signal). The baseline decimated DWT is 
compact but yields a translation-variant signal representation. 
One alternative is the undecimated or the translation-invariant 
DWT, Whish is shoWn in the literature to have a better perfor 
mance in NR[7]-[l 1]. 

In the heart of WS noise reduction systems is the problem 
of determining a threshold beloW Which the coef?cients are 
set to Zero and above Which the coef?cients are shrunk. Sev 
eral methods Were introduced to estimate threshold values 
that are optimal in different senses, including global thresh 
olds, e. g. the minimax and the universal thresholds [l2], and 
data-driven thresholds, e. g. SURE threshold [13] and 
BayesShrink threshold [14]. In one aspect of this invention 
there is implemented a global threshold and tWo data-driven 
thresholds, notably, Minimax, SureShrink and BayesShrink, 
Which are outlined beloW. 

Minimax Threshold 
This threshold aims to minimizing the upper bound of the 

risk of the signal deformation and is obtained by ?nding a 
threshold value "5mm that ful?lls: 

_ . 1w) (5) 

Rm“ _ "ifs?pbe + Roman} 

Where sup(S) denotes the supremum of a set S, Which is the 
least upper bound of the set, inf(S) denotes the in?mum of a 
set S, Which is the greatest loWer bound the set, d is a set of 
Wavelet coef?cients of the noisy function, n is the sample siZe, 
Romde(d) is the ideal risk that can be achieved by an oracle (a 
guide) and Rt(d) is the risk of deformation due to the thresh 
old process 111(.), Which is expressed as: 
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6 
There are tWo famous oracles found in the literature, 

namely, the Diagonal Linear Projection (DLP) and the Diago 
nal Linear Shrinker (DLS) [l2],[l5]. The DLP provides guid 
ance to identifying the coef?cients to be set to Zero Whereas 
the DLS guides to the amount of shrinkage that is optimal for 
a given d. The ideal risks of these tWo oracles are given by: 

d2 (7) 
RDLPM) = minwz. 1). Rww = m 

SureShrink 
SURE (Stein’s Unbiased Risk Estimator) Shrink mini 

miZes the Stien unbiased estimate of risk for threshold esti 
mates. It is shoWn in [13] that SureShrink threshold can be 
obtained by: 

(3) TSURE = argmin RSUREW, d) 
OsrsV 2h7gn 

Where d is a set of Wavelet coef?cients of the noisy signal, n is 
the number of Wavelet coef?cients and RSURE is the SURE 
risk for a threshold "5, Which is given by: 

Where i is an abstract index of a Wavelet coe?icient and #{S} 
denotes the number of elements in a set S. 
BayesShrink 

BayesShrink minimiZes the Bayes’ risk estimator function 
assuming a generalized Gaussian prior [14]. Based on Which 
the threshold 'cBayes is given by: 

A2 (10) 

Where 6 and 6, are the estimated standard deviations of the 
noise and the pure signal, respectively, and are given by: 

Median?djl) (11) 
0.6745 

0; = ‘Image; -0—2, 0) (12) 

vvhere are the Wavelet coef?cients at the ?nest scale and 
oy is the standard deviation of the noisy signal. 
Noise Nature of the Multi-Dimensional Data and the Test 
Datacubes 
The hyperspectral datacube structure and tWo test 

datacubes tested in this invention is described along With the 
main differences betWeen the targeted noise environment and 
the one that is commonly addressed in the image denoising 
literature. 
A datacube is a set of spatially aligned images that are 

captured by an airbome/spacebome hyperspectral imager. 
Each image corresponds to a given spectral band (or Wave 
length). A datacube consists of tWo spatial dimensions 
(along-track and cross-track) and one spectral dimension 
(Wavelength). The term track refers to the direction in Which 
the aircraft/ spacecraft that is carrying the imager is traveling. 
The siZe of the datacube Will be Written in the form A><P><L, 
Where A is the number of bands, P is the number of pixels in 
the cross-track and L is the number of lines in the along-track 
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as depicted in FIG. 1. For example, 204><120><128 is the siZe 
of a datacube that consists of 204 spectral bands, 128 lines in 
the along-track direction and 120 pixels in the cross-track 
direction. 

The test data set consists of tWo datacubes extracted from 
hyperspectral datacubes of tWo different sites; a vegetation 
dominated site and a geological site. The ?rst datacube is 
acquired using an Airborne Visible/Infra-Red Imagining 
Spectrometer (AVIRIS) [14] in the Greater Victoria Water 
shed District (GVWD), Canada, on Aug. 12, 2002. The 
ground sample distance (GSD) of the datacube is 4 m><4 m 
With nominal AVIRIS SNR of 1000: 1 . The term nominal SNR 
refers to the ratio of the signal to the noise in the Visible and 
Near InfraRed (VNIR) region in a given SNR pattern at 
certain circumstances [17]. The datacube Was processed to 
at-sensor radiance and 16-bit encoded. A 28 m><28 m GSD 
datacube Was derived by spatially averaging the 4 m><4 m 
GSD datacube elevating the nominal SNR to 7000: 1. Having 
such high SNR, this datacube is vieWed as a pure datacube, 
i.e. a noise-free datacube [18], and is used as a reference to 
measure the SNRbefore and after denoising. The correspond 
ing noisy datacube is developed by MacDonald DettWiller 
Associates (MDA) Inc. according to a 600:1 SNR pattern in 
[17]. The siZe of the datacube We extracted for testing is 
202><120><128. 

The second test datacube is of siZe 210><128><128, 
extracted from a simulated datacube for Cuprite, Nev., USA, 
With a nominal SNR of 600:1 obtained from the same source. 

The nominal SNR of 600:1 is chosen based on the recom 
mendation of the user and science team of the Hyperspectral 
Environment and Resource Ob server (HERO); a future Cana 
dian hyperspectral satellite[19]. It is believed that a nominal 
SNR of 600:1 is a reasonable choice from the feasible range 
of the neW instrument. This SNR value is a conclusion of 
comprehensive discussions and a delicate compromise that 
involves users requirements and several design parameters, 
eg data quality, cost, Weight and technology availability. 
An objective of this invention is to improve the data quality 

of hyperspectral imagery through increasing their SNR by 
noise reduction. The average poWer of the signal at a given 
pixel is concentrated at the loW frequencies of the Fourier 
spectrum Whereas the noise at a given pixel is White, i.e. 
uniformly distributed as shoWn in FIG. 2. This is similar to the 
noise environment that is normally targeted in the image 
denoising literature, yet there are tWo important differences in 
the noise environment that are targeted: 
liThe noise variance is not constant across the signal-do 
main spectrum (a pre?x “signal-domain” is added to dis 
tinguish them), i.e. the spectral dimension of a hyperspec 
tral datacube. The noise variance at a given band varies 
With the signal level at this band folloWing a predetermined 
SNR pattern[17]. This SNR pattern is related to the char 
acteri stics of the instrument. In other Words, the noise level 
of each band image is a function of the instrument SNR 
pattern and consequently in the signal level at each band. 
(This is different from the simple stationary additive noise 
model that is simulated by adding noise With a ?xed stan 
dard deviation to the datacube.) 

2iThe average noise level of hyperspectral datacubes used 
in evaluating the proposed method is much loWer than the 
noise level that is targeted by conventional image noise 
reduction methods in the literature. Normally one can ?nd 
values like 0:10, 20 and 30 in the noise reduction litera 
ture. For example, the GVWD test datacube has a Peak 
SNR (PSNR) of 49.8 dB, Which is equivalent to adding a 
stationary noise of standard deviation, 0:082 to an 8-bit 
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8 
image. This noise level is not visible for a human eye but 
may affect remote sensing ?nal products and applications. 

In order to shoW the noise of hyperspectral datacubes in a 
form that is consistent With the form used in 8-bit images, the 
test datacubes are rescaled to 8-bits (maximum of 255) and 
the Root-Mean-Square Error (RMSE) per band datacubes is 
plotted in FIG. 4. FIG. 4 shoWs the noise level of band images 
in terms of RMSE of the test datacubes. The top image relates 
to the GVWD datacube While the bottom image relates to the 
Cuprite datacube. The dashed lines are the average RMSE. 

Hybrid Spatial-Spectral Noise Reduction 
One issue With the data is the variable noise level. The noise 

level is varying With signal level, based on sensor character 
istics. Add to this, the signal properties in the spectral dimen 
sion are not the same as that in the spatial dimensions due to 
the difference in their physical nature. A simple observation 
of a datacube reveals that the degree of regularity is higher in 
the spatial dimensions than in the spectral dimension. This 
can also be concluded by comparing the average radiance 
across the spectral band axis, on one hand, against the average 
radiance across the pixel axis and the line axis on the other 
hand as depicted in FIG. 5 and FIG. 6. FIG. 5 shoWs the 
average radiance of the GVWD datacube across the band axis 
(top image), across the pixel axis (middle image) and across 
the line axis (bottom image). FIG. 6 shoWs the average radi 
ance of the Cuprite datacube across the band axis (top image), 
across the pixel axis (middle image) and across the line axis 
(bottom image). 
While the signal in the spatial domain can be seen as 

normal “real-life images” that carry considerable degree of 
regularity, the signal in the spectral domain shoWs a number 
of local sharp features. For example, it contains absorption 
peaks due to atmosphere contents, red-edge due to chloro 
phyll contents, and other narroW absorption peaks due to cell 
structure and mineral absorption properties. 

This suggests that the variation of the noise variance in the 
spatial dimensions is, in general, less drastic than that in the 
spectral dimension. Yet, there is some dependency that exists 
among the three dimensions of the datacube. The 3-D Wavelet 
shrinkage denoising method in [20] bene?ts from this depen 
dency, but implicitly considers that the noise variance is the 
same in the three dimensions. There is proposed a Hybrid 
Spatial-Spectral Noise Reduction (HSSNR) scheme [22, 23] 
that operates almost independently in the tWo domains trying 
to accommodate the dissimilarity betWeen the spatial and the 
spectral domains. In this scheme, noise is ?rst removed from 
the spatial domain Where the signal is relatively regular. Then, 
more noise, as Well as some artifacts that may have been 
introduced during the spatial denoising, is removed in the 
spectral domain. 
Noise Level Elevation for Effective Denoising 

Due to the loW average noise level, there exist a consider 
able risk of signal deformation during WS denoising. There is 
proposed a method to elevate the noise level temporarily and 
perform the denoising process in this condition, then revers 
ibly de-elevate the noise level. This technique is suitable for 
WS denoising because of its nonlinear nature. 

Elevating noise level is achieved by transforming hyper 
spectral datacube into the spectral derivative domain, Which 
is equivalent to high-pass ?ltering. This leads to an increase in 
the noise-to-signal ratio because the signal poWer is concen 
trated in the loW frequency region as shoWn in FIG. 2, 
Whereas the noise is spread all over the Fourier spectrum. 
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The derivative of spectral band image is given by: 

Where 7» is a spectral band center, p is a cross-track pixel 
number, 1 is an along-track line number and 67L is a small 
displacement in the spectral dimension. 

The idea is illustrated in FIGS. 7a-7d, Which shows images 
at Wavelength 470.93 nm from the pure GVWD datacube and 
the noisy datacube, as Well as their corresponding spectral 
derivative images. FIG. 7a shoWs the pure spectral band 
image of the GVWD datacube and FIG. 7b shoWs the spectral 
derivate of the pure band image. FIG. 7c shows the noisy 
spectral band image While FIG. 7d shoWs the spectral deriva 
tive of the noisy band image. Although the average noise level 
is so loW that it is not visible in the noisy signal in FIG. 70, the 
noise is clearly manifested in the derivative domain in FIG. 
7d. 

After transforming the noisy signal into the spectral deriva 
tive domain, the proposed HSSNR operates in the spatial and 
spectral domains independently, removing more noise With 
less signal deformation, then, the signal is transformed back 
from the derivative domain, i.e.: 

Where 6, 6 and 6 are the spectral derivative of the noisy 
datacube, the spatially denoised derivative of the noisy 
datacube and the spatially-spectrally denoised derivative of 
the noisy datacube, respectively, DWT2 is the 2-Dimensional 
(2-D) discrete Wavelet transform applied to the along-track 
and across-track dimensions, IDWT2 is the associated 2-D 
inverse discrete Wavelet transform, DWT is the 1-D discrete 
Wavelet transform applied to the spectral dimension, IDWT is 
the 1 -D inverse discrete Wavelet transform, 115mm,] is a thresh 
old function that is applied on band-by-band basis and 
nspmml is a threshold function that is applied to the spectra on 
pixel-by-pixel (i.e. spectrum-by-spectrum) basis. 

The denoised signal, m, p, l), is then retrieved by spectral 
integration, i.e.: 

m. p. 1) - 

Where 7»,- and Aj are the center Wavelengths of the ith and the j th 
spectral bands, respectively, and xl(p,l):y(7tl,p,l). 
Correction of the Integration Error 

Let the error in the derivative domain at a given spectral 

band, i, be: 

MA. p. 1) 
6/1 
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10 
It can be shoWn that the variance of the integral error of the 

denoised signal at a single band j is given by: 

1:1 1:1 (18) 

61.1» 

Where 0-2;, is the variance of e_(7tl-,p,l) and of is the covariance 
0f€_(Ai,p,1) and €k(Ai,p,1). I I 
If the error of the denoised signal in the derivative domain at 
a given pixel is assumed to be stationary, ie 

(19) 

(20) 

then, the expression of the denoised signal integral error at a 
single band Aj can be simpli?ed as: 

Accordingly, the mean square error of a given pixel (p,l) 
becomes: 

(21) 

A (22> 

2012,61. p. l) 
2 

MSEw. 1) = F A 

The mean-square error accumulated due to integration is 
groWing With A, the total number of spectral bands. Normally 
hyperspectral datacubes contain a large number of spectral 
bands, eg 205, Which may result in accumulating an error 
(throughout the integration process) that is signi?cantly 
larger than the initial noise. Recall that the noise level is 
initially loW, from the problem de?nition. This means that the 
error accumulated in the integration process may not only 
reduce the denoising performance, but may also result in 
degradation of the signal quality if no action is taken. 
Assuming that this error is uniformly distributed in the 

derivative domain, it Will be concentrated in the loW fre 
quency region after the integration process, Which can be seen 
as a sort of a loW-pass ?ltering. An embodiment of this inven 
tion proposes a simple, yet e?icient, solution to reduce this 
error in the loW-frequency components of the denoised sig 
nal, x. First, recall that the pure signal portion of y has most of 
its poWer located in the loW frequency area Whereas the noise 
poWer is uniformly distributed all over the Fourier frequency 
spectrum as shoWn in FIG. 2. Under these conditions the loW 
frequency components of the signal y become a reliable 
replacement for the loW-frequency components of the 
denoised signal, x. The reason We are using y (instead of x) is 
that the pure signal x is supposed to be unknown, so it cannot 
be used in the course of the denoising process. 

This correction is achieved by using tWo identical loW-pass 
?lters (LPFs) as shoWn in FIG. 8. Given the large amount of 
data to be ?ltered, a simple LPF is preferred. We choose a 



US 8,358,866 B2 
11 

Moving Average (MA) ?lter, because it requires no multipli 
ers other than the gain factor. The MA ?lter is applied using a 
sliding WindoW of Width A+l, Which We refer to as the cor 
rection WindoW. The correction WindoW replaces the loW 
frequency components of the denoised signal, x(7t,p,l), by the 
loW-frequency components of the noisy signal, y(7»,p,l), i.e.: 

Where A+l is the Width of the correction WindoW, x is the 
denoised signal before correction and x is the denoised signal 
after correction. 

The cutoff frequency of the LPF is inversely proportional 
to the Width of the correction WindoW, meaning that a nar 
roWer WindoW Will replace a larger band of frequency com 
ponents. For example, the ultimate case of single band Win 
doW, i.e. AIO, Would result in replacing the Whole denoised x 
signal (band-by-band) by the noisy signal y. The other 
extreme example is AIA- 1, Which Would result in replacing 
only the DC component of the denoised signal x With the DC 
of the noisy signal y. 

In general, an extremely small Width Would cause the cor 
rection WindoW to be susceptible to noise in?uence Whereas a 
large Width Would cause it to fail in tracking the true signal 
variations. 

The bandwidth of the ?lter is chosen to pass at least 98% of 
the signal poWer, Which is at a Fourier normalized frequency 
that is slightly less than 0.1 as shoWn in FIG. 2. This is 
corresponding to a WindoW Width that is equal to 5 spectral 
bands. 

The above approach may be summarized into a speci?c 
number of discreete steps. If one has a noisy datacube, to 
reduce the noise in the data, the folloWing steps are taken 

First Order Spectral Derivative: 
Compute the ?rst-order spectral derivative for each spec 

tral band image. 
2-D Spatial Wavelet Shrinkage: 
Compute 2-D Wavelet transform for each spectral band 

image. 
Estimate a threshold value for each spectral band image. 
Perform soft threshold WS operation. 
Compute Inverse 2-D Wavelet transform 
l-D spectral Wavelet shrinkage: 
At each spatial pixel of the datacube, compute l-D Wavelet 

transform for its spectrum. 
Estimate a threshold value for each spectrum. 
Perform soft threshold WS operation. 
Compute Inverse l-D Wavelet transform 
Signal Reconstruction: 
Integrate along the spectral axis. 
Correct for the accumulated errors. 
To determine the effectiveness of the above approach, the 

denoised data may be evaluated next to the signal data as 
folloWs: 

(If a pure version of the datacube (i.e. noise-free datacube) 
is available): 
Compute the square root error betWeen the denoised 

datacube and the pure version of the datacube. This is 
considered the noise after denoising. 

Compute the SNR:(PX/PN), Where PX is the poWer of 
signal obtained from the pure datacube and PN is the 
noise poWer of the denoised datacube. 

Compare With the SNR of the noisy datacube before 
denoising. 
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The steps relating to the proposed method are discussed in 

more detail beloW. 

Noise Level Elevation for Effective Denoising 
Usually, a data set acquired by a satellite sensor has a 

considerable high level SNR. In other Words, the level of 
noise might be considerable loW. There is a risk of signal 
deformation during WS denoising. In order to effectively 
remove the noise, We elevate the noise level temporarily and 
perform the denoising process in this condition, then revers 
ibly de-elevate the noise level after denoising. This technique 
is suitable for WS denoising because of its nonlinear nature. 

Elevating noise level is achieved by transforming hyper 
spectral datacube into the spectral derivative domain, Which 
is equivalent to high-pass ?ltering. This leads to an increase in 
the noise-to-signal ratio because the signal poWer is concen 
trated in the loW frequency region, Whereas the noise is spread 
all over the Fourier spectrum. The derivative of a spectral 
band image at band 7» is given by: 

Where 7» is a spectral band center, p is a cross-track pixel 
number, 1 is an along-track line number of a noisy datacube 
y(7t,p,l) 7P1, 2, . . . ,Nb; p:l, 2, . . . , NC; 1:1, 2, . . . , Nrand 

67L is a small displacement in the spectral dimension. Nb, NC, 
N, are the total number of bands, total number of pixels per 
line and total number of cross-track lines of the datacube. 
Noise Removal in Spatial Domain 

After transforming the noisy signal into the spectral deriva 
tive domain, compute 2-D Wavelet transform for each spectral 
band image of the spectral derivative of the noisy datacube; 
estimate a threshold value for each spectral band image; 
perform soft threshold operation; compute inverse 2-D Wave 
let transform, i.e.: 

N17 (25) 

where 60») and 60») are the spectral derivative of band image 
at band 7» of the noisy datacube and the spatially denoised 
derivative spectral band image of the noisy datacube respec 
tively. DWT2 is the 2-D discrete Wavelet transform applied to 
the spectral derivative of the band images (tWo spatial dimen 
sions, i.e. along-track and across-track dimensions). IDWT2 
is the associated 2-D inverse discrete Wavelet transform. 
115mm,] is a threshold function that is applied onband-by-band 
basis. 
Noise Removal in Spectral Domain 
Compute l-D Wavelet transform for the spectrum of each 

spatial pixel at location (p,l) of the spatially denoised 
datacube, estimate a threshold value for each spectrum, per 
form soft threshold operation, compute inverse l-D Wavelet 
transform, i.e.: 

Where é(p,l) and é(p,l) are the spectrum derivative of the 
spatially denoised datacube at spatial location (p,l) and the 
spatially-spectrally denoised spectrum derivative of the 
datacube at the same location respectively. DWT is the 1-D 
discrete Wavelet transform applied to the spectra (i.e. spectral 
domain), IDWT is the associated l-D inverse discrete Wavelet 
transform, nspmml is a threshold function that is applied to the 
spectra on pixel-by-pixel basis. 

(26) 
















