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ABSTRACT
Contemporary and future high spectral resolution sounders represent a significant technical advancement
for environmental and meteorological prediction and monitoring. Given their large volume of spectral
observations, the use of robust data compression techniques will be beneficial to data transmission and
storage. In this paper, a novel adaptive vector quantization (VQ)-based linear prediction (AVQLP) method
for lossless compression of high spectral resolution sounder data is proposed. The AVQLP method optimally adjusts the quantization codebook sizes to yield the maximum compression on prediction residuals
and side information. The method outperforms the state-of-the-art compression methods [Joint Photographic Experts Group (JPEG)-LS, JPEG2000 Parts 1 and 2, Consultative Committee for Space Data
Systems (CCSDS) Image Data Compression (IDC) 5/3, Context-Based Adaptive Lossless Image Coding
(CALIC), and 3D Set Partitioning in Hierarchical Trees (SPIHT)] and achieves a new high in lossless
compression for the standard test set of 10 NASA Atmospheric Infrared Sounder (AIRS) granules. It also
compares favorably in terms of computational efficiency and compression gain to recently reported adaptive clustering methods for lossless compression of high spectral resolution data. Given its superior compression performance, the AVQLP method is well suited to ground operation of high spectral resolution
satellite data compression for rebroadcast and archiving purposes.

1. Introduction
In the era of contemporary and future high spectral
resolution sounders, such as the Atmospheric Infrared
Sounder (AIRS; Aumann and Strow 2001), Cross-track
Infrared Sounder (CrIS; Bloom 2001), Infrared Atmospheric Sounding Interferometer (IASI; Phulpin et al.
2002), Geosynchronous Imaging Fourier Transform
Spectrometer (GIFTS; Smith et al. 2002), and Hyperspectral Environmental Suite (HES; Huang et al.
2004a; Schmit et al. 2006), better inference of atmospheric, cloud, and surface parameters is feasible. An
unprecedented amount of three-dimensional (3D) data,
consisting of two spatial and one spectral dimension, is
produced by the ultraspectral sounders. Given the large
volume of 3D data that will be generated by an ul-
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traspectral sounder each day, the use of robust data
compression techniques will be beneficial to data rebroadcast, transfer, and storage.
There are differences between ultraspectral sounder
data and hyperspectral imager data in terms of application areas and subsequent user constraints on the
data compression. The hyperspectral imager data [e.g.,
the well-known Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) data (Abousleman 1999)] is in
the visible or near-infrared regions with major application categories of anomaly detection, target recognition, and background characterization (Shaw and
Burke 2003). Lossy compression is usually acceptable
for imager data as long as the tolerance limits in application-specific metrics are met (Saghri et al. 1995).
These metrics include those that signify scientific loss
for end users (Qian et al. 2001; Ryan and Arnold 1998),
content-independent metrics (Shen et al. 1993), and
even visual comparisons (Eckstein et al. 2000). On the
other hand, the ultraspectral sounder data are in the
infrared region with the main purpose of retrieving at-
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mospheric temperature and absorbing gas profiles, as
well as surface properties, for better weather and climate prediction. The physical retrieval of these geophysical parameters involves the inverse solution of the
radiative transfer equation, and it is a mathematically
ill-posed problem (Huang et al. 2002); that is, the solution is sensitive to the error or noise in the data. Therefore, there is a need for lossless or near-lossless compression of ultraspectral sounder data to avoid potential retrieval degradation due to lossy compression.
In the literature, state-of-the-art lossless compression
methods investigated for ultraspectral sounder data
have been categorized as transform-, prediction-, projection-, and clustering-based methods (Huang et al.
2006). Serra-Sagrista et al. (2005) provide a comparison
of various transform-based lossless compression methods for ultraspectral sounder data. The ultraspectral
sounder data feature strong correlations in disjoint
spectral regions affected by the same type of absorbing
gases at various altitudes. To take advantage of this
feature, a bias-adjusted reordering (BAR) data preprocessing scheme (Huang et al. 2004c,d) is used to improve compression gains of state-of-the-art transformand prediction-based methods for ultraspectral sounder
data. The minimum spanning tree (MST; Edmonds
1967) reordering can also be used as a data preprocessing scheme (Ahuja et al. 2006) for ultraspectral sounder
data compression.
Vector quantization (VQ; Gray 1984) is a clusteringbased method that has long been used for hyperspectral
imager data compression (Abousleman et al. 1997;
Motta et al. 2003). To reduce the computational burden
for ultraspectral sounder data compression, predictive
partitioned VQ (PPVQ) was proposed by Huang et al.
(2004b), which falls under the category of predictive
vector quantization (Cuperman and Gersho 1982; Gersho and Gray 1991). Huang et al. (2005a) also developed a fast precomputed vector quantization (FPVQ)
scheme with optimal bit allocation. In this paper, we
present a new coding method, adaptive VQ-based linear prediction (AVQLP), for lossless compression of
ultraspectral sounder data. The method combines vector quantization and linear prediction in an adaptive
way. The size of the VQ codebook is adaptively increased. The VQ code words are used as linear predictors for estimating each spectral channel. Thus, the size
of the linear predictors is also adaptive. This method
also introduces adaptive uniform quantization to reduce the VQ codebooks and linear prediction coefficients as side information. The compression ratios obtained by AVQLP are compared with those produced
by conventional VQ, as well as several state-of-the-art
methods, such as Context-Based Adaptive Lossless Im-
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TABLE 1. Ten selected AIRS granules for ultraspectral sounder
data compression studies from 2 Mar 2004.
Granule
index

Time
(UTC)

Local time
adjustment

Granule
Granule
Granule
Granule

9
16
60
82

0000:53:31
0100:35:31
0500:59:31
0800:11:31

⫺12 h
⫹2 h
⫹7 h
⫺5 h

Granule
Granule
Granule
Granule
Granule
Granule

120
126
129
151
182
193

1100:59:31
1200:35:31
1200:53:31
1500:05:31
1800:11:31
1900:17:31

⫺10 h
⫺0 h
⫺2 h
⫹11 h
⫹8 h
⫺7 h

Geographical location
Pacific Ocean, daytime
Europe, nighttime
Asia, daytime
North America,
nighttime
Antarctica, nighttime
Africa, daytime
Arctic, daytime
Australia, nighttime
Asia, nighttime
North America,
daytime

age Coding (CALIC; Wu 1997), Joint Photographic Experts Group (JPEG)-LS (ISO/IEC 1999), JPEG2000
(ISO/IEC 2004a), and the latest lossless compression
recommendation from the Consultative Committee for
Space Data Systems (CCSDS 1997; CCSDS 2005).
Given its superior compression performance, the
AVQLP method is well suited to ground operation of
ultraspectral sounder data compression for rebroadcast
and archiving purposes.
The rest of the paper is arranged as follows. Section
2 describes the ultraspectral sounder data used in this
study. Section 3 highlights the AVQLP compression
method, while section 4 presents the compression results
of the AVQLP method. Section 5 summarizes the paper.

2. Ultraspectral sounder data
The ultraspectral sounder dataset with 10 AIRS
(available online at http://www-airs.jpl.nasa.gov) digital
count granules was prepared at the direction of the
National Oceanic and Atmospheric Administration
(NOAA) to serve as a standard test set for ultraspectral
compression studies in support of the NOAA nextgeneration geostationary operational environmental
satellite. The data are publicly available via anonymous
ftp (ftp://ftp.ssec.wisc.edu/pub/bormin/Count/). It consists of 10 digital count granules, five daytime and five
nighttime, selected from representative geographical
regions of the earth on 2 March 2004. Their locations,
UTC times, and local time adjustments are listed in
Table 1.
This standard ultraspectral sounder dataset is obtained from the National Aeronautics and Space Administration (NASA) AIRS digital counts collected on
2 March 2004. The AIRS data include 2378 infrared
channels in the 3.74- to 15.4-m region of the spectrum.
A day’s worth of AIRS data is divided into 240 gran-
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ules, each of 6-min durations. The AIRS digital count
data range from 12 to 14 bits for different channels. To
make the selected data more generic to other ultraspectral sounders, 271 AIRS-specific bad channels are excluded. Each resulting granule is saved as a binary file,
arranged as 2107 channels, 135 scan lines, and 90 crosstrack footprints per scan line; that is, there are a total of
135 ⫻ 90 ⫽ 12 150 footprints per channel. For this
study, the data represent a 2D matrix with size 2107 ⫻
12 150. Figure 1 shows the 10 AIRS digital count granules at wavenumber 800.01 cm⫺1. In these granules,
coast lines are depicted by solid curves, and multiple
clouds at various altitudes are shown as different levels
of grayscale.

Step 4: Update the distortion by
m

d⫽

兺 兺

i⫽1 ᭙X∈Si

㛳X ⫺ Vi 㛳.

共4兲

If | d0 ⫺ d | ⬍ ␦, stop, otherwise go to step 2.
The adaptive VQ starts with a codebook of two random code words for input to the LBG algorithm, and
the codebook size is doubled until the best estimated
compression gain is reached. Doubling of the codebook
is achieved by splitting each codeword Vi, (i ⫽ 1, . . . ,
m) into two code words, Vi ⫺  and Vi ⫹ , where  is
a fixed perturbation vector.

b. Adaptive linear prediction
3. Adaptive VQ-based linear prediction method
The AVQLP method consists of four stages: adaptive
VQ, adaptive LP, adaptive scalar quantization (SQ),
and adaptive arithmetic coding (AC), as depicted in
Fig. 2. Each step is briefly described.

a. Adaptive vector quantization
The 3D spectral data cube of size nx ⫻ ny ⫻ nc is
reshaped into a 2D matrix A of size ns pixels by nc
channels, where ns ⫽ nx ⫻ ny. In this step, each 2D
spatial frame with ns pixels is considered a vector; that
is, A ⫽ {X1, . . . , Xnc}. The Linde–Buzo–Gray (LBG)
algorithm (Linde et al. 1980), also known as the generalized Lloyd algorithm (Gray 1984; Gersho and Gray
1991), can be used to generate a VQ codebook from the
input granule. The algorithm starts with an initial codebook and iterates until the process converges. An iteration of the algorithm is decomposed into a clustering
step, where the vectors are partitioned into clusters,
and a codebook step, where new code vectors (also
known as code words) are calculated. The algorithm
can be described as follows.
Step 1: Begin with an initial codebook, V ⫽ {Vi; i ⫽
1, . . . , m}, where m is the number of code words.
Step 2: Assign each input vector, X ∈ A, to its nearest
cluster Si, given by
X ∈ Si, if

|| X ⫺ Vi || ⱕ || X ⫺ Vj ||,᭙ j

共1兲

and compute the distortion by
m

d0 ⫽

兺 兺

i⫽1 ᭙X∈Si

㛳 X ⫺ Vi 㛳.

共2兲

Step 3: Update the code words as the centroids of the
clusters, given by
Vi ⫽

兺

1
X,
n共Si兲 ᭙X∈Si

where n(Si) is the cardinality of the set Si.

共3兲

The VQ code words, V, obtained from the previous
stage are used as predictors for the input granule A. The
problem is formulated as A ⫽ V C, where C is the
matrix of the LP coefficients obtained by C ⫽ (VT V)⫺1
VT A. The prediction residuals are rounded. For the
cases where the predicted channel residual norm is
greater than the predicted channel norm, the predicted
channel replaces the residual.

c. Adaptive scalar quantization
To reduce side information, adaptive SQ is first applied to the VQ code words and then to the prediction
coefficients. The adaptive SQ is based on the wellknown Lloyd–Max scalar quantization algorithm
(Lloyd 1982; Max 1960). The Lloyd–Max scalar quantization algorithm is used to find the quantizers and
partition endpoints that minimize the mean squared
distortion, given a probability density function (PDF).
Each obtained quantizer is the centroid of a PDF between the neighboring partition endpoints, whereas
each obtained endpoint is at the midpoint of two neighboring quantizers. Both the sizes of the SQ codebooks
for VQ code words and prediction coefficients are
doubled until the best estimated compression gain is
adaptively reached. Steps 1–3 are repeated until there is
no improvement in the estimated compression gain.

d. Adaptive arithmetic coding
The arithmetic coding is an entropy coder that approaches the optimal compression bound. It utilizes the
concept of interval subdivision, where successive input
symbols are encoded as intervals on the range [0, 1)
based on their probability of occurrence (Said 2004).
Given a set of source symbols T ⫽ {t1, . . . , tn} with
probabilities P ⫽ { p1, . . . , pn}, the cumulative probabilities are calculated as ck ⫽ 兺k⫺1
i⫽1 pi, with c1 ⫽ 0. The
range [0, 1) is initially represented by a base l0 ⫽ 0 and
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FIG. 1. AIRS digital counts at wavenumber 800.01 cm⫺1 for the 10 selected granules on 2 Mar 2004.

a length r0 ⫽ 1. The kth input symbol tk corresponds to
an interval with the lower bound lk and the range rk
satisfying lk ⫽ lk⫺1 ⫹ ck rk⫺1 and rk ⫽ pk rk⫺1. A symbol
with a higher occurrence probability will posses a larger
interval, which requires fewer bits to represent,

whereas symbols with a lower occurrence probability
will have a smaller interval, which requires more bits to
represent. During the interval reduction process, the
arithmetic encoder outputs the leading bits, which are
the same between the upper and lower bounds of the
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FIG. 2. Block diagram of the AVQLP method.

current interval. Using the leading bits and the statistics
of the received symbols, the arithmetic decoder can
adaptively duplicate the same interval reduction process and locate the correct symbol. In the context-based
adaptive AC (Witten et al. 1987) a symbol is encoded
based on the occurrence probabilities of its previous
symbols, denoted as the context of the symbol. The context-based adaptive AC generally yields better compression gain than the context-free static AC, since it
exploits the higher-order statistical dependencies
among neighboring symbols. For the proposed AVQLP
compression method, the previous three symbols in the
same residual spatial frame are chosen as context for
the current residual symbol, and the context-based
adaptive AC is used to encode the prediction residuals
and the SQ indexes for both VQ codebook and prediction coefficients.

4. Results
In this study the aforementioned NASA AIRS ultraspectral sounder dataset with 2107 channels is used
for lossless compression. Table 2 shows the achieved
compression ratios using the AVQLP compression
method. For comparison, the compression ratios using
state-of-the-art methods, such as CALIC, JPEG-LS,
JPEG2000 Parts 1 and 2 (ISO/IEC 2004a,b; Huang et
al. 2005b; Penna et al. 2006), 3D Set Partitioning in
Hierarchical Trees (SPIHT; Huang et al. 2004a, 2006),

and the CCSDS recommendation for Image Data Compression (IDC) 5/3 method (Serra-Sagrista et al. 2005)
are also shown. The recently released JPEG2000 Part 2
supports compression of 3D data by allowing a 1D
wavelet transform along one dimension followed by the
2D spatial wavelet transform on the other two dimensions. As seen from Table 2, the AVQLP method significantly outperforms all these methods in terms of
compression ratios.
Conventionally, the VQ uses code words to approximate the data, and then the VQ codebooks and residuals are compressed. In the proposed AVQLP, the VQ
code words are used as linear predictors to approximate
the data, and then the VQ codebooks, prediction coefficients, and prediction residuals are compressed. The
superior compression gain of AVQLP over its adaptive
VQ counterpart (without linear prediction) for the
aforementioned AIRS dataset is shown in Table 3.
In some literature on AIRS ultraspectral sounder
data compression, compression ratios have been reported based on a partial set (with 1502 lower noise
channels and increased bit depth) instead of the full set
of AIRS ultraspectral sounder test data. In the real
world all the channels in the spaceborne ultraspectral
sounder are expected to be transmitted, although not
all are expected to be used. Getting rid of the higher
noise channels and assuming larger data bit depth to
boost compression ratios will lead to an overoptimistic
estimate of future sounders’ spectral design and data
transmission feasibility. Therefore, this practice of using the partial set of the data with increased bit depth is
not encouraged. However, for a fair comparison the
compression ratios of the AVQLP method for the 1502channel subset are listed in Table 4, along with those
from a previously reported adaptive clustering method
(Gladkova et al. 2005). As seen, the average compression ratio of 4.30 from AVQLP outperforms the value
of 3.50 from the adaptive clustering method. It also

TABLE 2. Comparison of compression ratios from CALIC, JPEG-LS, JPEG2000 Parts 1 and 2, 3D SPIHT, CCSDS IDC 5/3, and
AVQLP for the 10 tested AIRS granules with 2107 channels. JPEG2000 Part 2 supports 3D data compression.
Granule index

CALIC

JPEG-LS

JPEG2000 Part 1

JPEG2000 Part 2

3D SPIHT

CCSDS IDC 5/3

AVQLP

9
16
60
82
120
126
129
151
182
193
Avg

2.01
2.04
1.92
2.09
2.00
1.91
2.08
1.93
1.89
1.91
1.98

2.46
2.51
2.40
2.58
2.48
2.40
2.58
2.44
2.37
2.41
2.46

2.38
2.44
2.29
2.52
2.40
2.29
2.52
2.33
2.25
2.30
2.37

2.63
2.71
2.51
2.80
2.62
2.51
2.82
2.55
2.52
2.51
2.62

2.35
2.46
2.33
2.47
2.41
2.32
2.50
2.29
2.26
2.33
2.37

2.00
2.05
1.89
2.13
1.93
1.93
2.10
1.89
1.93
1.88
1.97

3.35
3.37
3.33
3.40
3.32
3.32
3.42
3.26
3.21
3.29
3.33
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TABLE 3. Comparison of compression ratios from the AVQLP
method and its adaptive VQ counterpart (without linear prediction) for the 10 tested AIRS granules with 2107 channels.
Granule index

VQ

AVQLP

9
16
60
82
120
126
129
151
182
193
Avg

2.45
2.46
2.35
2.51
2.39
2.35
2.57
2.29
2.21
2.37
2.39

3.35
3.37
3.33
3.40
3.32
3.32
3.42
3.26
3.21
3.29
3.33

compares favorably to the average compression ratio of
3.72 over 235 global AIRS granules produced by a
more recent method also based on adaptive clustering
(Gladkova and Grossberg 2006).

5. Summary
Contemporary and future hyperspectral and ultraspectral infrared sounders generate a huge amount
of data. The compression of high spectral resolution
sounder data is better to be lossless or near lossless to
avoid potential degradation of the geophysical retrieval
in the associated ill-posed problem. In this paper, we
propose the adaptive VQ-based linear prediction
(AVQLP) method for high spectral resolution data
compression. The method is compared favorably with
other state-of-the-art methods, including JPEG-LS and
JPEG2000, and the two recent International Organization for Standardization/International Electrotechnical
Commission (ISO/IEC) standards for image compres-

TABLE 4. Compression comparison of the AVQLP method to
the adaptive clustering method applied to the 1502-channel lower
noise subset of the 10 tested granules with increased bit depth.
Granule index
(1502-channel subset)

AVQLP

Adaptive clustering

9
16
60
82
120
126
129
151
182
193
Avg

4.36
4.35
4.29
4.40
4.28
4.28
4.42
4.21
4.18
4.28
4.30

3.50
3.51
3.50
3.51
3.50
3.50
3.52
3.50
3.50
3.50
3.50
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sion. The significantly higher compression ratios show
the advantage of the AVQLP method for lossless compression of hyperspectral and ultraspectral data. The
AVQLP compression method is optimal in the sense
that both the VQ and SQ codebook sizes are adaptively
adjusted to yield the maximum compression gains on
prediction residuals and side information. For the realtime implementation of the AVQLP method, the VQ
and SQ codebook sizes can be predetermined from the
experiments on the test data.
Acknowledgments. This work is prepared in support
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