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Abstract: The imaging hyper-spectrometer is highly susceptible to the presence of
noise and its noise removal is regularly necessary before any derivative analysis. A
wavelet-based(WT) method is developed to remove noise of hyperspectral imagery
data, and commonly used denoising methods such as Savitzky-Golay method(SG),
moving average method(MA), and median filter method(MF) are compared with it.
Smoothing index(SI) and comprehensive evaluation indicator( n) are designed to
evaluate the performance of the four denoising methods quantitatively. The study is
based on hyperspectral data of wheat leaves, collected by Pushbroom Imaging
Spectrometer (PIS) and ASD Fieldspec-FR2500 (ASD) in the key growth periods.
According to SI and n, the denoising performance of the four methods shows that
WT>SG=MA>MF and WT>MA>MF>SG, respectively. The comparison results
reveal that WT works much better than the others with the SI value 0.28 and n value
5.74E-05. So the wavelet-based method proposed in this paper is an optimal choice to
filter the noise, in terms of balancing the contradiction between the smoothing and
feature reservation ability.

Keywords: imaging hyper-spectrometer, noise, filtering, wavelet analysis,
quantitative evaluation.

1 Introduction

Hyperspectral imaging system is characterized by integrating both spectroscopy and
imaging techniques in one system to provide detailed information of target which otherwise
cannot be achieved with either conventional imaging or spectroscopy alone!'l. The
simultaneous spatial and spectral information provided by this system along with its
non-destructive and chemical-free nature nominated this technology to be a deliberated tool
for monitoring crop diseases'”, vegetation nutrition™, food safety!™ etc.

But the obtained data is highly susceptible to the presence of noise. The sensors
because of their narrow bandwidth are not able to capture a lot of energy and cause
self-generated noise inside the sensor. Variations and atmospheric absorption of sun
illumination also reduce the amount of recorded spectral signal®®. Therefore, noise removal
is regularly necessary before any derivative investigation.

Many scholars have developed different methods for how to reduce noise of spectral
signalle'gl and 2-dimension image[lo'ls]. At the beginning, noise reduction applied spatial
average method directly, such as moving-average or median filter method based on
multi-points. But it was found that in the shortwave infrared spectrum, the mean and
median filter cannot remove noise satisfactorily and a slight jaggedness remains!™. With
the development of fast Fourier transform and discrete Fourier transform, noise reduction
method in frequency domain™ become acceptable. Moreover, a number of methods for
hyperspectral data dimensionality reduction have been developed, such as principal
component analysis (PCA) M5 Jinear discriminate analysis (LDA)™ etc. Especially in
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recent years, booming wavelet technology aims to provide a new way of thinking, there are
many wavelet-based and improved filter has been widely appliedl"*%1%?%,

However, these denoising methods aforementioned were designed mainly for field
spectrometer(ASD, e.g.), or spspaceborne and airborne hyperspectral
sensors(CHRIS/PROBA, OMIS, e.g.) where noise was caused by atmosphere and water
vapour etc. Rarely research about denoising of imaging hyper-spectmeter data was reported.
Recently, a new field-based Pushbroom Imaging Spectrometer(PIS) is developed
independently by own. So more original data can be acquired, nevertheless coupled with
more noise signal, which due to physical instruments, sun’s illumination, field environment
condition and others. An ideal method which is simple and effective to reduce noise of the
collected data is an actual need. Furthermore, as to the evaluation of denoising effect, most
research is based on visual judgment or simple signal noise ratio(SNR), which always can
not satisfy requirements for their complex nature.

This paper attempts to find an optimal denoising method aiming at homemade
Imaging Spectrometer (PIS). The rest of this paper is structured as follows. Section 2
describes the hyperspectral imagery data collection and introduces four denoising methods
along with the quantitative evaluation. Section 3 presents the denoising result and
evaluating result. Conclusions are drawn in Section 4.

2 Materials and Methods

2.1 Hyperspectral data collection

The study site located in the National Experimental Station for Precision
Agriculture, the Changping district of Beijing, China (40<11'N, 116 27'E). The cultivar
of winter wheat, Jing 411 was chosen as research material and sown in October, 20009.
When the winter wheat grown at jointing stage, 30 leaves samples were picked and
corresponding hyperspectra was collected by PIS (Pushbroom Imaging Spectrometer)
and ASD (FieldSpec®3portable spectrometer) simultaneously. The detailed process
was as follows: Put leaves flatly on the black cloth and corresponding spectrum was
measured with 120cm distance from the lens of PIS, the experimental time was from
10:30am to 15:30pm in a sunny and windless day.

PIS was developed by National Engineering Research Center for Information
Technology in Agriculture and University of Science and Technology of China. Before the
instrument was applied, the laboratory calibration had been carried out to determine
location of the wavelengths, spectral response function, radiation accuracy and spatial
displacement etc. The specific technical parameters of PIS and ASD were presented in
Table 1.

Table 1. Specific technical parameters of PIS and ASD

Parameters PIS ASD
Spectral Range 400-1000nm  350-2500nm
3nm@700nm;

Spectrum Resolution ~ To 2nm 10nm@1400nM&2100nm

1.4nm,350-1000nm;
2nm, 1000-2500nm
Spatial Resolution To 5mm /

Field of View 16° 25°

Spectrum Interval 0.7nm
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2.2 Data Pre-processing

Hyperspectral imagery data can be viewed as a 3-dimensions imagery sequence,
which is constituted by 2-dimensions image and 1-dimension spectrum. The 2-dimensions
image describes target’s spatial information feature while 1-dimension spectrum
information reveals spectral profile feature of every pixel in image. For every pixel in
image acquired by PIS, a sequence of digital number(DN) was obtained with spectrum
interval of about 0.7nm.

For the purpose of follow-up quantitive research, DN value of wheat leaves must be
transformed to relative reflectance which involved with instrument’s calibration. In
calibration, linear empirical method was adopted.

DN=ap+b (D

In Eq.(1), the coefficient a and b was determined by experiment data and least square
method. And then the reflectance p was calculated.

ASD data is also be transformed to reflectance through standard reference white panel.

ptarget = (DNlarget / DN panel ) x ppanel XloO% (2)
In Eq.(2), pugqand P, mean reflectance of target and standard reference white
panel, DN, and DN indicate DN value of target and standard reference white panel,

respectively.

2.3 Denoising Methods

In this paper, aiming to the quantitative analysis of crop physiological and
biochemical parameters, a wavelet transform method was explored to remove noise of
hyperspectral imagery data, and common denoising methods such as Savitzky-Golay
method(SG), moving average method(MA) and median filter method(MF) were also
chosen and compared with it. Some indicators were designed to evaluate abilities of noise
removal.

2.3.1 Wavelet Transform

Denoising techniques based on the wavelet transform, also known as wavelet
shrinkage has been proposed to eliminate noise in various types of signals, by applying the
transform and zeroing the coefficients below a certain threshold value, on the basis that
noise coefficients would have lower amplitude than the coefficients corresponding to the
feature being studied. Additionally, the coefficients remaining after the threshold operation
may be reduced by the threshold value as well; this is known as soft threshold. It has been
shown by Donoho and Johnstone (1994) that by using the appropriate threshold value, soft
threshold results in the optimum denoising with the least distortion in the signal.

In this paper, threshold-based wavelet denoising algorithm includes mainly three
steps.

1) The discrete wavelet transform and selection of wavelet filter and number of

decomposition layers:
Y(d)=Y(f)+Y(2) @)
In Eq.(3), Y(d). Y(f). Y(2) is high-frequency wavelet transform coefficient of noisy data,
truth data and noise data.

2) Choose a threshold for every level high-frequency coefficient and wavelet
transform coefficient Y (f)was estimated by the threshold. Soft threshold and hard
threshold can be used such as Eq.(4) and Eq.(5). T is threshold in them.
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3) Wavelet reconstruction Y (f) to get estimation of f t):
ft)=w Y (f) (6)

In Eq.(6),, ®-1is the operator of wavelet inverse transformatin.

The wavelet transform filter method lies in the choice of the threshold scheme,
commonly used scheme is Rigrsure, Sqtwolog, Heursure and Minimaxi. In them,
Rigrsure selects an adaptive threshold based on Stein unbiased likelihood principle,

Sqtwolog adopts fixed threshold V2 log(length(x)) , Heursure is a mixture of the first

two, Minimaxi selects the mean square extreme error under non-ideal circumstance as the
threshold.

The denoising effect is influenced by threshold adjustment ways. If the adjustments,
there are two ways: one is that threshold is adjusted according to the first level noise(global
threshold), while the other one is according to each level noise(hierarchy threshold).

2.3.2  Savitzky-Golay filter, Moving average, Median filter

The method of Savitzky-Golay filtering for hyperspectral analysis is discussed in
detail by King et al. (1999). Savitzky-Golay filtering has its roots in least squares
polynomial smoothing which is to find a smoothed value for each point in the spectrum of a
subset of data within a window. The window contains the point to be smoothed in the
center position of the window as well as several of its neighbors to either side in the
spectrum. All the data within the window are used to perform the least squares fit, but only
the central point is smoothed for each window position. The other points are smoothed by
moving the window across the spectrum point by point, performing a least squares
approximation to the windowed data at each location.

Moving average takes the mean spectral value of all points within a specified window
as the new value of the middle point of the window(Tsai and Philpot, 1998). The method is
solely based on linear calculations and has one key parameter, the filter size. The median
filter is similar to moving average but it is median value not average value.

2.4 Evaluating Methods

Smoothing methods may cause some loss of information or change the original
spectral so they will produce incorrect results in subsequent analyses such as red edge
discrimination. Thus, smoothing techniques besides being powerful in the smoothing ability,
should be used in the way that preserves the absorption and local spectral features like
minima, maxima and inflection points. Fine filtering method evaluation criteria should be
that the denoised spectral curve remains curve characteristics (curve shape and location of
characteristics), and is as smooth as possible.

A smoothing index(SI) was designed to measure the smoothness of denoised spectral

curve. In Eq.(7), n is number of wavebands, P , P is the denoised spectrum and original
spectrum respectively; the SI is smaller, it means the denoised spectrum is smoother.

| Ai+ - Ai |
Smoothing index: S|= .le Pa™h
I
1

(7)
| P — P,

n
i=



Signal-to- Noise Ratio(SNR), Mean Square Error(MSE), Spectral Angle(SA), were
also be used to evaluate smoothing effect. As the denoising effect is proportional to SNR
while MSE is inversely proportional to SA, we designed a comprehensive evaluation
indicator to ensue the consistency of the aforementioned three indicators. They are defined
as follows:

Mean Square Error: MSE = n’lz (L - p)° ®)

i=1

Z‘,pi2

Signal-to-Noise Ratio:  gNR =10 log —— 1 )
z oy )2
i=1

D.ph
i=1

Spectral Angle: SA = arccos = (10)
n n
sziz 'ﬂ’Zﬁiz
i=1 i=1
. o MSE S.
Comprehensive evaluation indicator: n=—— 1D
SNR

In above equations, P, L is the denoised spectrum and original spectrum, n is
number of wavebands respectively.

3 Results and analysis

The result of applying wavelet transform denoising together with other methods was
demonstrated in Figure 1. We chosen an area in the middle of leave and got its DNs
average in the area in every band, so an average spectrum was acquired. In fact, this process
meant the correlation between pixels in spatial domain is utilized. The average spectra were
showed in blue curves in Figure 1. Red curves displayed the results after noise removal. All
algorithm was realized in MATLAB platform. In wavelet transform filter, sqtwolog, soft
threshold, hierarchy threshold scheme were selected, the number of decomposition layers
was set to 5, wavelet radix chosen “symlets20”. For SG filter, the number of envelope
iterations was 2 and window size was 5. And in MA and MF filter, the filter step was 5.

For four methods, the effects of noise removal can be seen in the Fig.1. The obvious
noises were removed and the whole shapes of spectral curves were preserved. When
compared to the other, WT was smoother than others, especially in wavelength greater than
480nm. Contrasting the curves in 750-950nm, some small disturbances remained in
Fig.1(b,c,d) while Fig.1(a) was smooth.

Evaluating methods in section 2.4 were applied to further assess the effect of
denoising quantitatively. The result was showed in Table 2. In Table 2, two critical
indicators should be concerned: SI and n. SI represents smoothness, the less means the
smoother. WT had the minimum value of 0.28, MF had the maximum of 0.36. The
denoising effect was WT>SG=MA>MF. 1 measured denoising ability from another view.
Similarly, WT had the minimum value of 5.74E-05, it meant WT had the best performance.
The effect was WT>MA>MF>SG. As a result, both of evaluating indicators showed WT
had the best denoising performance.

Above result was based on region of pixels. For single pixel, the result of WT filter
was showed in Fig.2. The red curve represented denoising spectrum. It can be found WT
was still very efficient though much noise existed in this case. So the WT filter was stable



in denoisng, especially in >480nm wavelength range.
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Table 2. The statistics of evaluation results for four methods

Indicator

SI SNR MSE SA 1
WT 0.28 36. 56 0.14 0.015 5. T4E-05
SG 0.35 35.12 0.20 0.018 1. 03E-04
MA 0.35 36. 15 0.16 0.016 7. 08E-05
MF 0. 36 35. 65 0.18 0.016 8. 08E-05

When the selected region from PIS image was same to the view field of ASD, the
same target was measured. Owing to filter algorithm was built-in ASD, the obtained ASD
spectrum had little noise and can be viewed as reference spectrum. Denoised PIS spectrum
by WT and the corresponding ASD spectrum was showed in Fig. 3. As shown, the former



approach to the later. The trend was very consistent though absolute reflectance differences.
The absolute reflectance difference can be explained by the two instrument sensitivity itself,
illumination condition, calibration accuracy, and time etc.

4  Discussion and conclusions

This study presented an approach to removing noise of hyperspectral imagery data
which were collected by PIS. Aiming to the quantitative inversion of crop physiological
and biochemical parameters, the wavelet-based method was developed, and commonly
used denoising methods such as Savitzky-Golay method(SG), moving average
method(MA), and median filter method(MF) were compared with it. And a smoothness
index and a comprehensive evaluation indicator were designed to appraise denoising effects.
The denoised effects of four methods were assessed by them. For index SI, the denoising
effect was WT>SG=MA>MF,; for n, the result was WT>MA>MF>SG. So WT had the best
noise removal performance. The denosing result by WT was also compared with ASD data,
the effect was close to each other. As a result, WT filter was a very efficient means to
removing noise for hyperspectral imagery data.

Though WT method showed powerful denoised ability, there was space for further
research. Firstly, this paper focused mainly on spectrum dimension, and put little
consideration on image dimension noise reduction. Secondly, for evaluation of denoised
effect, the characteristic preservation ability can be evaluated through detailed key feature
such as location of small peak and valley which depends on specific application. Denoising
data was applied to biochemical parameters inversion, and then best denoising method was
evaluated. In addition, the factors, such as illumination, temperature, wind, and human are
all affect the experimental results, so how to ensure optimal spectrum information that
reflects truth need further to study.
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