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Abstract: - This paper evaluates the impact of removing random noise of radiance data using a spectral-spatial 
smoothing approach on data compression onboard a hyperspectral satellite. A datacube acquired using a Short 
Wave Infrared Full Spectrum Imager II for target detection application of hyperspectral data was tested. The 
impact was evaluated using both the statistical based measures and a remote sensing application. The evaluation 
results show that compression on radiance data after removal of random noise produces better reconstruction 
fidelity and much higher evaluation scores for the remote sensing application than compression on radiance data 
without removal of random noise. The evaluation results indicate that random noise of radiance data should be 
removed before compression, if data compression is applied on radiance data onboard. 
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1 Introduction 
The Canadian Space Agency (CSA) is developing an 
operational spaceborne Hyperspectral Environment 
and Resource Observer (HERO) mission [1]. HERO 
will be a Canadian optical Earth observation mission 
that will address the stewardship of natural resources 
for sustainable development within Canada and 
globally. Through targeted imaging, mapping and 
regular monitoring of the Earth's surface, HERO will 
acquire and deliver high-quality hyperspectral data 
that will support decision-making in the management 
of sensitive ecosystems and valuable natural resources. 
One of the challenges in the development of a 
spaceborne hyperspectral imager is the extremely high 
data rate due to the huge data volume generated on 
board, which exceeds the downlink capacity, and may 
quickly exhaust the onboard storage capacity. To deal 
with this challenge the CSA has been developing data 
compression technology for hyperspectral imagery for 
many years. Compression techniques for operational 
use have been developed [2-5]. Recently, two near 
lossless data compression techniques for hyperspectral 
imagery: Successive Approximation Multi-stage 
Vector Quantization (SAMVQ) and Hierarchical Self-
Organizing Cluster Vector Quantization (HSOCVQ) 
have been developed and patented [6-7]. They well 
preserve spectral signature information for remote 
sensing applications [8-10], since the error introduced 
during the compression is less than the intrinsic noise 
of the original hyperspectral data caused by the 
instrument noise, and other error sources such as 
calibration and atmospheric correction [10]. The CSA 
would like to place a data compressor onboard HERO 
using these compression techniques to reduce the 

requirement for onboard storage and to better match 
the available downlink capacity. 

This paper addresses the impact of removing 
random noise of radiance data using a spectral-spatial 
smoothing approach on SAMVQ and HSOCVQ data 
compression performance onboard a hyperspectral 
satellite to examine whether the compression should 
be applied on radiance data or on their noise removed 
version. This will help to decide whether or not the 
removal of random noise should be applied onboard 
before compression. The impact of the pre-processing 
and radiometric conversion of the raw data to radiance 
on data compression performance and ultimately on 
remote sensing applications has been carried out and 
reported in [11]. In this paper, we evaluate the impact 
of removal of random noise on data compression using 
both statistical based measures and a remote sensing 
application. The root mean squared error (RMSE), 
signal-to-noise ratio (SNR) and percentage error are 
used as the statistical based measures. A target 
detection application of hyperspectral data is used as 
the remote sensing application. In section 2, we first 
describe the test data. Then the data processing 
procedures of generating the remote sensing products 
for target detection is described in section 3. The 
evaluation results of the statistical measures are shown 
in section 4. The evaluation results of the target 
detection application are shown in section 5. The 
conclusion is presented in the last section. 
 
 
2 Test Data Set  
A hyperspectral datacube acquired using a Short Wave 
Infrared Full Spectrum Imager II (SFSI-II) was utilised 
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Fig. 2 Block diagram of the data processing procedures (shaded boxes denote onboard processing if an onboard data 
compression is placed) 

in this paper. It was acquired using the SFSI-II on June 
7, 2002 flown at an altitude of 2900m with a ground 
sample size of 3.5m x 3.5m and 240 spectral bands 
between 1200 nm and 2450 nm with a band interval of 
5 nm. The sky was clear with a few cirrus clouds. 
Man-made targets with five different materials, 
awnings, polythene, plastic tarp, cotton and vinyl mat, 
were deployed in the scene. Fig. 1 shows the man-
made targets present in the scene of the test datacube. 
Seven pieces of awnings with varying sizes ranging 
from 12m x 12m to 0.2m x 0.2m, four pieces of 
polythene, four pieces of white tarp and four pieces of 
white cotton with varying sizes ranging from 6m to 
0.5m were deployed. In addition, a 3m x 3m piece of 
white tarp was placed on a large vinyl turf mat (11m x 
14m). The raw datacube is in 12-bit digital number 
and contains 140 along-track lines. The size of the 
datacube is 140 lines by 496 pixels per line by 240 
bands. 
 
 
3 Data Processing Procedures 
Fig. 2 shows the block diagram of the data processing 
procedures for target detection application using 
spectral un-mixing approach. There are three paths of 
processing procedures in the figure. In the upper path, 
which does not contain the onboard data compression, 
there are eight (8) processing steps to generate the 
fraction images from the acquired raw SFSI-II 
hyperspectral data. They are followings: 
 

(1) Removal of periodic noise of raw data. Periodic 
noise varies from aircraft to aircraft. It is probably 
caused by electrical emission and electromagnetic 
interference of an aircraft. In order to remove the 
periodic noise, the data is transformed into Fourier 
frequencies and a notch filter is applied to remove 

the peaks that exceed 20 units.  
(2) Subtraction of dark current. The average of the 

dark current recorded at the beginning and at the 
end of each flight line is subtracted from each 
pixel. 

(3) Correction of smile: Correction of the spectral 
shift due to the slit curvature [12]. 

(4) Correction of keystone. Correction of the 
geometric distortion caused by misalignment of 
the lens in the focal plane [13].          

(5) Radiometric conversion. A vicarious calibration is 
performed using calibration coefficients derived 
from a previous SFSI-II survey to convert the raw 
data into radiance. The radiance data is stored in 
16-bit digital number. 

(6) Removing noise of radiance data. Random noise 
of the radiance data is removed by applying a 
spectral-spatial smoothing based on the known 
noise characteristics of the SFSI-II sensor. This is 
done by averaging together spectra from a number 
of different pixels that are equivalent in light of 
the known noise characteristics of the sensor. This 
noise removal processing can significantly 
improve the data quality for remote sensing 
applications. Fig. 3 shows the typical radiance 

 
Fig. 1 Man-made targets present in the test SFSI-II 
datacube. 
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spectra of the test SFSI-II datadube over the site 
before and after the noise removal. The H2O band 
at 1470 nm and water vapour value cannot be 
properly estimated before the random noise is 
removed. They can be well estimated in the noise-
removed radiance spectra. 

(7) Destriping. Stripes in band images of radiance 
datacube are caused by the response difference 
between the adjacent detector elements. The 
intensity of the “bad” stripes is readjusted by 
applying a gain to them in order to correct them. 

(8) Spectral unmixing. 9 endmembers and their 
corresponding regions-of-interest (ROI) are 
selected manually from the original radiance 
datacube. They consist of the five man-made 
targets and four ground features (forest, gravel 
road, sand and grass). Each ROI is then used to 
extract the corresponding endmember spectrum 
from a radiance datacube to be evaluated using 
constrained spectral unmixing. Fraction image of 
each endmember is produced for the radiance 
datacube and used to identify the targets. 

Processing steps 1 to 4 are referred to as pre-
processing in this paper. The evaluation of the 
processing procedures of the middle and lower paths 
in Fig. 2 is the subject of this paper. In the middle path 
processing procedure, the noisy radiance data are 
undergone the removal of random noise before they 
are sent to compression. The input of the compression 
is the random noise-removed radiance (NRR) data. In 
the lower path processing procedure, the noisy 
radiance data are sent to compression directly and 
undergone the removal of random noise after 
compression. The input of the compression is the noisy 
radiance (NR) data. The evaluation of the upper and 
middle path processing procedures (i.e. with and 
without onboard data compression on radiance data) 
has been carried out and reported in [10]. 
 
 
4 Evaluation Results of Statistical Measures  
We evaluate the impact of removal of random noise on 
data compression using the statistical based measures 
first. Both the NRR and NR datacubes were 
compressed using SAMVQ at ratios 10:1 to 30:1 and 
HSOCVQ at ratios 10:1 to 20:1. The RMSE, SNR and 
Percentage Error (%E) used are defined as follows. 
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where ( )λi,jx  and ( )λi,jx̂  are digital numbers of the 
radiance datacube and the reconstructed datacube 
respectively at spatial location (i, j) of band λ. Nr, Nc 
and Nb are the total number of lines, the total number 
of pixels per line and the total number of bands of the 
datacube respectively.  

Table 1 lists the RMSE, SNR and %E of the 
reconstructed datacubes for both the NRR (shaded 
columns) and NR datacubes. It can be seen that 
compression on the NRR datacube produces better 
reconstruction fidelity than that on the NR datacube 
for the same compression algorithm and same 
compression ratio. The compression on the NRR 
datacube attains a SNR gain of between 7.4 and 9.7 dB 
and a percentage error reduction of between 1.8% and 
2.3%. This is probably due to the removal of random 
noise of the radiance data. The NRR datacube is more 
compressible than the NR datacube. The higher 

 
 
Fig. 3. Spectra of the SFSI-II radiance over the target 
site (a) before and (b) after removal of random noise. 
Band numbers start at 1100 nm (band 0) and end at 
2500 nm (band 250). 
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reconstruction fidelity of the NRR compressed 
datacubes are expected to produce more accurate 
fraction images for ground target detection application 
of hyperspectral data.  
 
 

5 Evaluation Results Using a Remote 
Sensing Application 

This section uses ground target detection of 
hyperspectral data as a remote sensing application to 
evaluate the impact of removing random noise of 
radiance data on data compression. The NRR and NR 
compressed datacubes using SAMVQ at ratios 10:1 to 
30:1 and HSOCVQ at ratios 10:1 to 20:1 were 
decompressed to produce the reconstructed datacubes 
for evaluation. The reconstructed datacubes are of the 
same size and format as the original, but have 
undergone compression. A double blind test approach 
was used to reduce self-deception and bias in the 
evaluation of the impact. The compressed datacubes 
were named using an arbitrary number when sent back 
to the user. The user derived the fraction images for 
detecting the targets and evaluated the impact based on 
pre-defined criteria by comparing the products derived 
from the compressed datacubes with those derived 
from the original datacube. The user has no knowledge 
of the compression status of the datacubes evaluated. 
The following four criteria were pre-defined and used 
to assess the impact. 1 point was scored if a criterion 
was met. 
  
(1) All targets that are present in the fraction images 

derived from the original datacube are present in 
the fraction images derived from the compressed 
datacubes,  

(2) No targets other than the ones present in the 
fraction images derived from the original are 
present in the fraction images derived from the 
compressed datacubes, 

(3) The T-test of the distribution of the fraction 
images derived from the compressed datacubes is 
not significantly different from that of the fraction 
images derived from the original datacube at a 
significance level of 0.01, 

(4) The percentage standard error (SE%) of a target 
ROI is less than 5%. It is used to measure the 
relative average deviation of the fraction images 
derived from the compressed datacubes and is 
defined as follows: 
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where if  is the fraction of an endmember for a pixel in 

an ROI derived from the original datacube, if̂  is the 
fraction of the endmember for the same pixel derived 
from a compressed datacube, f is the mean fraction of 
the endmember for the ROI of the original datacube, 
and n is the size of the ROI.  

The evaluation was performed on a ROI-by-ROI 
basis. The full score for a target ROI is 4. The full 
score for a compressed datacube is 20, as there are 5 
targets. Table 2 lists the evaluation score per target, 
total score per datacube of the blind compressed 
datacubes with compression applied on the NRR 
datacube (shaded columns) and on the NR datacube.  

When the compression was applied on the NRR 
datacube (i.e. the compression applied after removal of 
random noise), the compressed datacube SAMVQ 
10:1 got a total score 18 out of the full score of 20 and 
was ranked #1. For targets polythene, cotton and vinyl 
mat, this datacube got a full score of 4. Both the 
compressed datacubes HSOCVQ 10:1 and 20:1 got a 
total score 15 out of 20 and were ranked #2. 
Compressed datacubes SAMVQ 20:1 and 30:1 got a 
total score 14 and 13 respectively. They were #3 and 
#4. The user accepted all the 5 compressed NRR 
datacubes based on the pre-defined criteria. 

When the compression was applied on the NR 
datacube (i.e. the compression applied before removal 
of random noise), both the compressed datacubes at 
compression ratio 10:1 and 20:1 using SAMVQ got a 
total score 5 out of the full score of 20. The 
compressed datacube SAMVQ 30:1 got a total score 3. 
The compressed datacubes HSOCVQ 10:1 and 20:1 
got a total score 6 and 7 respectively.  

The total evaluation score of a NR compressed 
datacubes is much smaller than that of a NRR 
compressed datacube for the same compression ratio 
and the same compression algorithm. These evaluation 
scores are consistent with the statistical measures of 
the compressed datacubes shown in section 4. The 
evaluation results of this application show that 
removal of random noise of radiance data has 
significant impact on SAMVQ or HSOCVQ 
compression. Compression on the NRR radiance 
datacube by applying the removal of random noise in 
the radiance datacube before compression produces 
much higher evaluation scores and better user 
acceptability than that on the NR radiance datacube.  

The noise removal algorithm was designed to 
remove random noise in SFSI-II radiance data. The 
SAMVQ and HSOCVQ algorithms are lossy data 
compression algorithms. They act like a low-pass 
filter, suppressing the high frequency noise during the 
compression [14]. The noise removal algorithm may 
not well remove the random noise in the reconstructed 
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SFSI-II radiance data after compression using 
SAMVQ and HSOCVQ, since the random noise in the 
reconstructed radiance data is different from that in the 
original (uncompressed) radiance data. The noise 
removal algorithm probably needs to be redesigned in 
order to effectively remove random noise in the 
compressed radiance data. 
 
 
6 Conclusion 
This paper evaluated the impact of removing random 
noise of radiance data using a spectral-spatial 
smoothing approach on data compression algorithms 
to be placed onboard a hyperspectral satellite to 
examine whether the compression should be applied 
on either radiance data or on their noise removed 
version. The evaluation result will help to decide 
whether or not the removal of random noise should be 
applied onboard before compression. An SFSI-II 
datacube acquired for target detection was tested. The 
impact of removing random noise on compression was 
evaluated using both statistical based measures and a 
remote sensing application. The root mean squared 
error, signal-to-noise ratio and percentage error were 
used as the statistical based measures. A target 
detection application of hyperspectral data was used as 
the remote sensing application. Both the statistical 
based measures and the remote sensing application-
based measure show that removal of random noise of 
radiance data has significant impact on SAMVQ or 
HSOCVQ compression. Compression on the noise-
removed radiance (NRR) datacube produces better 
reconstruction fidelity and much higher evaluation 
scores than that on the noisy radiance (NR) datacube. 
The evaluation results indicate that random noise of 
radiance data should be removed before compression, 
if data compression is applied on radiance data 
onboard. 
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Table 1. Statistical Based Measures of Reconstructed Data with the Compression Applied on Noise-Removed 
Radiance (NRR) and Noisy Radiance (NR) Data 

RMSE SNR (dB)  Percentage Error (%) Compression 
Algorithm & Ratio NRR NR NRR-NR NRR NR NRR-NR NRR NR NRR-NR 

SAMVQ - 10:1 8.93 21.92 -12.99 41.26 31.59 9.67 0.68 2.46 -1.78 
SAMVQ - 20:1 12.92 28.00 -15.08 38.05 29.46 9.67 0.95 2.96 -1.87 
SAMVQ - 30:1 15.22 33.35 -18.13 36.62 27.94 8.59 1.09 3.28 -2.19 

HSOCVQ - 10:1 17.43 32.63 -15.20 35.45 28.08 8.68 1.33 3.64 -2.31 
HSOCVQ - 20:1 20.85 36.05 -15.20 33.89 27.21 7.37 1.59 4.05 -2.46 

 
 

Table 2 Application Evaluation Score Per Target, Total Score Per Compressed Datacube with Compression 
Applied on Noise-Removed Radiance (NRR) Datacube and Noisy Radiance (NR) Datacube 

 
 
 
 
 
 
 
 
 
 
 
 
 

Score per Target 
Awning 
(ROI 1 

size=71) 

Polythene 
(ROI 2 

size=29) 

Plastic tarp 
(ROI 3 

size=29) 

Cotton 
(ROI 4 

 size=28) 

Vinyl mat 
(ROI 5 

 size=80) 

Total score 
per 

datacube 
Compression 

Algorithm & Ratio 

NRR NR NRR NR NRR NR NRR NR NRR NR NRR NR 
SAMVQ - 10:1 3 2 4 0 3 1 4 1 4 1 18  5 
SAMVQ - 20:1 3 2 3 0 2 1 3 1 3 1 14  5 
SAMVQ - 30:1 3 1 2 0 2 0 3 1 3 1 13  3 

HSOCVQ - 10:1 3 1 4 0 3 1 1 1 4 3 15 6 
HSOCVQ - 20:1 3 1 4 0 2 1 3 2 3 3 15 7 
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