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The article invoves in the preprocessing of hyperion data, and denoising of hyperspectral reference spectral library, 
which is generated from the spectro-radiometer. The atmospheric correction module like Fast Line-of-sight of Atmospheric 
Analysis of Spectral Hypercubes provided the smooth absolute spectral profile. In connection to that, the Hybrid  
Adaptive Bilateral Filter (HABF) is proposed for denoising of field based spectral library, and laboratory based spectral 
library. To implement the proposed algorithm, spectral library of mangrove has been exploited, which is collected from 
Muthupet mangrove forest, and spectra of particular species is generated from Field-spectro-radiometer with wavelength 
ranges from 350 nm to 2500 nm, and 10 nm band width. This spectral library has been used as an input signal since it 
contains noise across wavelength ranges from 350 – 450 nm, 1000 – 1200 nm, and 2000 – 2500 nm due to atmospheric 
conditions. These noises can be removed effectively by the proposed wavelet based HABF techniques and conventional 
method of denoising. The performance of each method was compared with performance evaluation parameter such as PSNR 
and MSE 
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Introduction 
The Hyperspectral remote sensing is defined as the 

simultaneous acquisition of images in many narrow 
contiguous spectral bands1-4. It focuses primarily on 
advanced land imaging techniques5-6. The wavelength 
regions ranges from 300 to 1000 nm having about  
70 bands, and then operates in the Shortwave Infrared 
Region (SWIR) with a wavelength of 900 to 2500 nm 
having 172 bands5. The hyperspectral data provides 
three-dimensional data cube (Fig. 1).  

The hyperspectral image is a huge data since it 
contains larger number of bands. Though it has 
numerous bands, not all bands are necessary to be 
incorporated into the analysis to attain qualitative and 
quantitative remote sensing data7. As Hyperion is also 
a push broom type sensor and generate error in the very 
near infrared (VNIR) and short wave infrared (SWIR) 
region, which is appeard as a vertical strip in the 
images8-9. These errors must be corrected before data 
processing and pre-processing the data is vital for 
enhancing the classification accuracy10. Atmospheric 
correction is broadly used in hyperspectral images to 
derive reflectance from the radiance image. Several 

commercial packages are available to carry out the 
atmospheric correction process, such as Atmospheric 
and Topographic Correction (ATCOR 4)11, 
Atmospheric Correction (ACORN 4.1)12, (FLAASH)13 

and High accuracy and Atmospheric accuracy 

 
 

Fig. 1 — Hyperion image cube R-3D (752.43 nm), G-3D 
(650.67 nm), and B-3D (548.920 nm) 
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Correction for Hyperspectral data (HATCH)14. 
FLAASH and QUAC algorithms are widely used for 
atmospheric correction while FLAASH provides better 
results15-17. MODTRAN based FLAASH provides 
well-adjusted output from the atmospheric correction 
parameter, water vapour column and aerosol from the 
image18-21. Various researchers have carried out 
preprocessing of hyperspectral imagery in their 
research22-27. Denoising is one of the essential tasks in 
image processing that enhance the quality of 
information in the image28. Most of hyperspectral 
based imagery has been affected severely by existing 
noise. Therefore it is very much essential to preprocess 
the noisy spectra of hyper spectral sensor.  

Remote sensing techniques have been widely used 
in past decades for the activities of mangrove 
ecosystems of India29,30. Due to inherent variations in 
the detector’s sensitivity and the warm-up period 
required by the instrument, detectors response at VNIR 
(3.5 – 1.0 µm) and SWIR 2 regions (1.8 – 25 µm). 
Some portion of electromagnetic radiation taking 
journey through the atmosphere is absorbed by the 
water vapour present in the atmosphere, and hence, the 
reflectance from the particular target has been affected 
by adverse noise31. A new field-based Push broom 
Imaging Spectrometer (PIS) was developed by Zhang 
et al.32 and the imaging spectro-radiometer coupled 
with more noise signal, which due to physical 
instruments, sun’s illumination, field environment 
complex condition and others33. The Hyperspectral 
imaging system is the imaging techniques in one 
system to offer comprehensive information of object, 
which otherwise cannot be achieved with either 
conventional imaging or spectroscopy alone34. Many 
denoising techniques exist at literature, such as 
denoising the spectra based on Mexican hat wavelet35, 
the wavelet based spectroscopy and spectral analysis36, 
noise reduction of hyperspectral data using single 
spectral analysis proposed37-39. The proposed method 
provides excellent performance when compared to 
conventional median filter and center weighted 
threshold value for median (CWM) filter. Andria et 
al.40 proposed a method that consists of liner filtering 
of only the vertical and diagonal details of the image, 
and the 1st level 2D wavelet decomposition is carried 
out for the image. Prasad et al.41 used Moving average 
and Savitzky-Golay method to remove the self 
generated noise presented in the spectral profile 
obtained from hyperspectral sensor42. The central 
objective of the article is to perform preprocessing of 
the hyperspectral image efficiently for the selected 

study. This study emphasises the importance of each 
preprocessing procedure and the ways to overcome the 
shortfalls in the previously used preprocessing methods 
to obtain efficiently corrected data to achieve accurate 
results from the hyperspectral imagery. In addition, this 
article attempted the noise reduction of spectra of 
mangrove species, which obtained from field Spectro-
radiometer. It is the first attempt to propose the wavelet 
based denoising techniques such as Hybrid wavelet 
adaptive bilateral filtering and performance of each 
techniques in terms of Peak Signal to Noise Ratio 
(PSNR), and MSE (Mean Square Error) evaluated. 
 

Materials and Methods 
Case study and image data used  

In present study EO-1 Hyperion 
(EO1H1420532012272110KZ_PF2_01) data obtained 
from the www.earthexplorer.usgs.gov website dated 
on 29.09.2012 is exploited. This Hyperion image data 
set has to undergo preprocessing before further 
analysis. Level 1Gst is HDF format and was 
calibrated to obtain the radiance values provided as a 
16-bit integer. The Muthupet mangroves forest is 
located at the southernmost end of the Cauvery delta, 
Tiruvarur District, Tamil Nadu, India which lies 
between 1022’33’’ N and 7929’33’’ E (Fig. 2). In 
the study area, six mangrove species are available in 
which the Avicennia marina is dominant and its 
breadth varies from a few meters to 2.5 km. The 
Muthupet mangroves receive freshwater mostly 
through the northeast monsoon season from October 
to November29. The drained rivers in the study  
area are Paminiyar, Koraiyar, Kilaithankiyar, 
Marakkakoraiyar, and other tributaries of the river 
Cauvery flow through Muthupet and adjacent village. 
For study purpose, the Hyperion image is cropped 
spatially by 217235 pixel size which covers 
mangrove, sand-dunes, saltpan, agriculture and barren 
land. To run proposed algorithm, sample of mangrove 

 
 

Fig. 2 — Location of the study area 
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species is picked from Muthupet mangrove forest, and 
spectra of particular species was obtained from ASD 
Spectro-radiometer. The specification of data that 
have used mentioned in Table 1. 
 
Methodology 
Band selection (Bad bands removal) 

The primary step is the selection of bands to 
overcome the redundancy in the spectral bands of the 
hyperspectral image. By dropping the redundant data, 
one can shorten the processing times and improve the 
object recognition accuracy. The hyperion level 1G 
data has 242 bands of which only 198 are non-zero 
due to the low response of the detector. Thus out of 
242 bands, only 198 bands requires calibration. The 
hyperion data is therefore processed with the 
calibrated 198 non-zero bands (bands 1 to 7 and 225 
to 242 intentionally removed) for mangrove species 
matching). In this study, among the 198 non-zero 
bands, some of them fall in the overlap region of the 
two Spectro-radiometer, (bands 56 to 78) thus the 
bands 77 and 78 are ignored due to the presence of 
their higher noise level which leaves us with 196 
unique bands. In addition to the water vapour 
absorption bands, the other bands which have to be 
eliminated and were identified to be bands 120 to  
132 (1346 to 1467 nm), bands 165 to 182 (1800 to 
1971 nm) and bands 221 (above 2356 nm) and higher. 
Water absorption band absorbs all the incident solar 
energy and are visually identified. Finally, 162 bands 
are chosen. The list of bands which are eliminated 
including the water absorption bands is given below 
in Table 2. The band selection can be carried out 
using the basic tool in ENVI ‘Resize the data’. The 
Figure 3 shows the flowchart which involves both 
preprocessing and denoising techniques. 

Table 2 — List of unused bands of the Hyperion sensor 

Bands Description 
1 to 7 Not illuminated 
58 to 78 Overlap region 
120 to 132 Water absorption band 
165 to 182 Water absorption band 
185 to 187 Identified by bad band list 
221 to 224 Water absorption band 
225 to 242 Not illuminated 

 

 
 

Fig. 3 — Flow chart for methodology 
 
Bad column removal  

In Hyperion datasets, due to the poor response 
from the detectors, the majority of the abnormal 
pixels in the image appear as vertical strips5. After 
visualization of each band, it is found that bad 
columns 108 and 182 which exist in bands 8, bad 
column 118-120 exist in band 9. These bad columns 
weeded out by taking the average of the adjacent 
pixels, either with a 4-pixel average (the average of 
the four nearest neighbours) or with an 8-pixel 
average (the average of the eight nearest neighbours). 
This can be performed using the pixel editor tool of 
the image window in ENVI module. 
 
DN to radiometric calibration 

The radiance is said to be the amount of radiation 
that comes from a target area. Since FLAASH module 
can accept the image only as radiance values, the 
conversion of the DN values to radiance values is 
mandatory. Two scaling factor is required for the 

Table 1 — Specification of the used hyperspectral image 

Data set attribute Attribute values 

Spectral range 0.4-2.5 μm 
Spatial resolution 30 m 
Spectral resolution 10 nm 
Radiometric resolution 16 bits/pixel 
Swath Width 7.5 km 
Acquisition data 2012/09/28 
Cloud cover 10 % to 19 % 
Orbit path 141 
Orbit row 53 
Processing Level L1Gst 
Sun Azimuth 110.630587 
Sun Elevation 57.197791 
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VNIR and SWIR bands. The Radiance L (W/m2 /µm/ 
sr) is computed using the formula L = DN/40 for 
VNIR bands and L = DN/80 for SWIR bands. 
 
FLAASH module 

ENVI’s FLAASH module is used for retrieving the 
spectral reflectance from the hyperspectral radiance 
images. It compensates the atmospheric effects and 
corrects the wavelengths in the visible region of the 
electromagnetic spectrum through NIR and SWIR 
region. FLAASH has inbuilt support for hyperspectral 
sensors. 
 
Denoising using hybrid adaptive bilateral filtering using discrete 
wavelet transform 

It mainly involves three stages, which are (i) Signal 
decomposition, (ii) Noise removal using proposed 
filter, and (iii) Performance assessment. The input 
signal is decomposed into low frequency component, 
and high frequency component using discrete wavelet 
transform. In this article, the sym4 wavelet has been 
used for decomposition of signal. After 
decomposition of signal, adaptive bilateral filter is 
applied to transformed component, it is a modified 
filter from bilateral filter. Riechert et al.44 explored 
that the non local, and bilateral filter have a new 
adaptive version as follows. 

 

BF*[u]x = ∑ Gσr ||x y||€ Gσr(||u(x)-u(y) 

||) u(y)  … (1) 
 

Where, Wx = ∑ Gσr ||x y||  € Gσr(||u(x) 
-u(y) ||)  … (2) 

 

Where, 𝐵𝜏 𝑥  𝑖𝑠 set of neighbours of x that is similar 
to x. 

The denoising steps of the noisy spectral profile 
using discrete wavelet transform based on HABF 
filtering techniques are described as follows: 
mangrove spectral profile takes up noisy signal 
generated from ASD, and it contains noise at the 
wavelength of 350-450 nm, 100-1200 nm, and 2000-
2500 nm of spectral profile which is used as an input 
for denoising model. The input signal was then 
decomposed into low and high frequency component. 
The standard deviation is the crucial parameter that 
controls the output of spectral profile, the bilateral 
filter half-width, and bilateral filter standard deviation 
assigned as follows. The IDWT can be applied to both 
high level, and low level transformed signal using 
sym4 wavelet. The performance parameters such as 
MSE and PSNR can be evaluated in order to check 
the filtering performance on noisy signal. In signal 

processing, MSE or Minimum Squared Deviation 
(MSD) of an estimator, which estimates unobserved 
quantity, and measure the average of the square of the 
error. The ratio frequently used as a measurement in 
terms of quality between original and denoised signal. 
The denoising effect is proportional to PSNR and is 
inversely proportional to MSE, and are represented as 
follows: 

 

PSNR  10 log
∑ ρᵢ 

∑  ρᵢ ρᵢ
  … (3) 

 

MSE n ∑ ρ ρ   … (4) 
 

Finally, the output results of proposed system were 
compared with the existing algorithm such as 
Savithzky-Golay and Moving average method. 
Savitzky-Golay filter performed the middle position 
and neighbors in the spectrum. Tsai & Philpot41 

disussed the filter size an important parameter in 
moving average method, which takes the mean 
spectral value of all points within a particular window 
since new value of the focal point of the window. This 
method is exclusively based on linear computation. 
 
Results and Discussion 
Effect of bad column 

In present work, we are addressing the bad column 
removal which is mandatory to improve the 
reflectance. After selecting a good number of bands, 
the bad columns can be found in the columns from 
435 to 538 in band 8; similarly, in bands 9 and 10 bad 
columns are between 435-465 and 435-445, 
respectively. It is required to correct the bad column 
in the Hyperion images. This de-striping can be 
achieved by taking the average of adjacent columns in 
the corresponding band. The value of each bad pixel 
of the concerned column is shown as a negative value 
in the atmospherically corrected reflectance image. 
Figures 4(a, c and e) contains the bad columns. After 
the computation of the average of neighbourhood 
pixels (average of 4 pixel or average 8 pixels), the bad 
pixel is replaced with the new average value. As a 
result, it transforms into a destriped image which is 
shown in Figures 4(b, d and f). 
 
Atmospheric correction results-FLAASH  

Once essential bands have been selected based on 
the application of the FLAASH model, which run on 
few parameters such as the radiance data, sensor type, 
mean ground elevation, scene centre location and flight 
time and sensor altitude should be provided as input for 
processing the radiance data. In Figures 5(a and b), we 
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can discriminate visually. There exists an evident 
difference in the feature before and after preprocessing, 
i.e. by seeing the spectral signature in Figure 5(b), there 
exist variations in reflectance with respect to the 
wavelength. In this study, we primarily focus our 
attention on mangrove feature. In Figure 5(b), we can 
observe the invisible portion in the spectrum, the 
chlorophyll available in the vegetation absorbs the blue 
and red wavelength more extremely than green 
therefore generates a small reflectance peak within a 
green wavelength in the spectrum. The reflectance 
abruptly surges across the boundary between red and 
infrared wavelengths because of interaction with the 
internal cellular structure of leaves. 
 
Conversion of negative value from reflectance image result 

Sometimes FLAASH output may lead to negative 
DN pixels, to avoid this and to convert the reflectance 
values between 0 to 1, the equation 5 is used. If the 

amplitude of both end member spectra and spectral 
libraries lie between 0 to 1, it may be easy to identify 
the object. When one comes across for matching the 
end member spectra (image spectra) with the spectral 
libraries, it is easy to match the spectra. Figure 6(a), 
inferred that the negative DN occurs when the 
reflectance tends to decrease. After applying the 

 

Fig. 4 — Bad column removal: (a) Bad column present at band 8,
(b) After removing bad column of band 8, (c) Bad column present
at band 9, (d) After removing bad column of band 9, (e) bad
column present at band 10, and (f) after removing bad column of
band 10 
 

 

Fig. 5 — Atmospheric results: (a, b) Spectral curve of mangrove 
before atmospheric correction, and (c, d) Spectral curve of 
mangrove after atmospheric correction 
 

 
 

Fig. 6 — Conversion of negative value: (a) Before conversion, 
and (b) After conversion 
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formula, the negative values are removed as shown in 
Figure 6(b). 
 

(b1 le 0)*0+ (b1 ge 10000)*1+ (b1 gt 0 and b1 lt 
10000)*float (b1)/1000  … (5) 

 

The proposed system consist of various stages, (i) 
Selection of noisy signal, (ii) Discrete wavelet 
transform, (iii) Assignment of bilateral filter 
parameter, (iv) Inverse discrete wavelet transform, 
and (v) Evaluation of performance parameter. The 
input signal that is used in the study is the spectral 
profile of species of mangrove. These spectra can be 
derived from Analytic Spectral Devices (ASD) with 
the wavelength ranges from 350-2500 nm. Due to 
complex environment, spectral response is affected in 
a particular wavelength region, such as visible region 
of the electromagnetic spectrum. Reflectance is 
affected at wavelengths 350-455 nm, 1100-1450 nm, 
and at wavelength 2000-2500 nm by noise. In order to 
smoothen the spectral profile of mangrove species, 

the discrete wavelet transform is applied to the noisy 
signal to obtain the approximation and detail 
coefficient. Before application of bilateral filtering to 
low level and high level coefficient, assigning 
standard deviation is crucial factor to reach the 
desired softening of spectral profile. After that 
bilateral filter is applied to high and low level 
transformed signal, followed by reconstruction of 
signal. 

The proposed study can be correlated with  
Prasad et al.41, in which Moving average method and 
Savitzky-golay were used for noise reduction of 
mangrove species namely Avicennia marina. The 
same technique was executed for mangrove spectral 
library, but the outcome of such method is not 
efficient. The hybrid adaptive bilateral filtering has 
smoothened the signal and the noise can be eliminated 
as shown in Figure 7. Among the denoising 
techniques, HABF yield good results with PSNR and 
MSE value of 34.9062 and 0.0060, respectively. The 

 
Fig.7 — Denoised signal from HABF, Savitzky-Golay, and Moving average method 
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values of PSNR and MSE for HABMF were  
33.8934 and 0.0062, respectively as shown in  
Table 3.  
 
Conclusion 

This study attempted all necessary preprocessing 
steps on hyperion data and are sequentially  
explained. The FLAASH module provided better 
atmospherically corrected reflectance images and it 
was found that at certain times, the FLAASH model 
provided the negative DN pixels, which can be 
rectified by using the standard formula. After 
preprocessing procedures, the images can be used for 
data dimensionality and further science on image 
processing. This study also attempted to propose the 
denoising techniques for noise reduction of spectral 
profile of mangrove species. The field spectro-
radiometer was used for generation of spectra for 
mangrove species, which are affected due 
environmental complex conditions such as moisture 
present in atmosphere as well as in leaf causes noise 
at particular wavelength. In order to obtain efficient 
hyperspectral image classification and interpretation, 
appropriate end-members are highly required. With 
this study, noise at wavelengths from 350-450 nm, 
100-1200 nm, and 2000-2500 nm can eliminated from 
electromagnetic spectrum. The obtained PSNR and 
MSE values of hybrid adaptive bilateral filters are 
34.9062 and 0.0060, respectively. Similarly for 
commonly used filter such as Savitzky-Golay and 
Moving average method, the obtained PSNR and 
MSE values are 32.9.9029, 0.0051, 31.9042 and 
0.0050, respectively. 
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