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Hyperspectral Image Compression: Adapting SPIHT
and EZW to Anisotropic 3-D Wavelet Coding
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Abstract—Hyperspectral images present some specific charac-
teristics that should be used by an efficient compression system.
In compression, wavelets have shown a good adaptability to a
wide range of data, while being of reasonable complexity. Some
wavelet-based compression algorithms have been successfully
used for some hyperspectral space missions. This paper focuses
on the optimization of a full wavelet compression system for
hyperspectral images. Each step of the compression algorithm is
studied and optimized. First, an algorithm to find the optimal 3-D
wavelet decomposition in a rate-distortion sense is defined. Then,
it is shown that a specific fixed decomposition has almost the same
performance, while being more useful in terms of complexity
issues. It is shown that this decomposition significantly improves
the classical isotropic decomposition. One of the most useful prop-
erties of this fixed decomposition is that it allows the use of zero
tree algorithms. Various tree structures, creating a relationship
between coefficients, are compared. Two efficient compression
methods based on zerotree coding (EZW and SPIHT) are adapted
on this near-optimal decomposition with the best tree structure
found. Performances are compared with the adaptation of JPEG
2000 for hyperspectral images on six different areas presenting
different statistical properties.

Index Terms—Compression, EZW, hyperspectral, JPEG 2000,
SPIHT, zerotrees.

. INTRODUCTION

MAGE sensors, whether used to observe the Earth from

space or to explore deep space and distant bodies, always
seek better data quality to improve the scientific or the strategic
value of the information provided. Improving the performance
of such sensors often requires an increase in the spatial res-
olution, the radiometric precision and possibly the number of
spectral bands. High-spectral resolution instruments, fall within
this global evolution. Such sensors, named either imaging spec-
trometers or hyperspectral sensors, are becoming increasingly
common nowadays.
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Fig. 1. Example of a hyperspectral data cube (Moffett Field): The front of the
cube is a color composite of three spectral bands while the other sides display
the spectra of the side pixels.

Significant constraints limiting the performance of a new
instrument are the available transmission bandwidth and the
on-board storage capacity. The compression step, therefore,
becomes a crucial part of the acquisition system as it enhances
the ability to store, access and transmit information. ldeally,
the compression should be lossless to ensure preservation of
the scientific value of data. However, lossless compression
techniques provide compression ratios of about two or three,
a limitation which is enforced in the hyperspectral case due to
the noise inherently present is such high-resolution sensors [1].
Near lossless compression becomes an increasingly acceptable
choice during the sensor definition.

Hyperspectral imagery, or spectral imagery, involves ob-
serving the same scene at different wavelengths (Fig. 1).
Typically, each image pixel is represented by hundreds of
values, corresponding to various wavelengths. These values
correspond to a sampling of the continuous spectrum emitted
by the pixel. This sampling of the spectrum at very high res-
olution allows pixel identification (materials, minerals, gases,
etc.). The availability of the spectral information for each pixel
leads to new applications in all fields that use remote sensing
data (agriculture, environment, or military), and can help to
improve the understanding of the solar system (mineral or
gas identification). Hyperspectral data are in a way similar to
video data, where wavelength corresponds to time, but their
statistical properties are different: there is no motion between
hyperspectral spectral planes but changes in color, as illustrated
in Fig. 2.
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Fig. 2. Example of hyperspectral data (Moffett Field): the same scene at four different wavelengths (taken from the 224 bands of the original image) at 458 nm
(a), at 664 nm (b), at 712 nm (c), and at 1211 nm (d). Strong similarities exist between the images, the relevant information is present in the details.

Due to the huge amount of information and specific proper-
ties involved, compressing hyperspectral images is a challenge
[2]. A suitable and adapted compression system is still being
awaited. Many actual hyperspectral instruments do not make
use of compression, thus limiting the amount of data that can
be stored and transmitted.

Existing work focuses mainly on two different techniques,
namely vector quantization and wavelets. This paper concen-
trates on the wavelet approach and more precisely on zerotree
based methods. Zerotree have demonstrated a good ability to
compress hyperspectral data [3] and are successfully used in
several space missions. Section Il presents the JPEG 2000 com-
pression standard and proposes various adaptations for hyper-
spectral images corresponding to several trade-offs between per-
formance and complexity. Section Il defines an algorithm to
find the best 3-D wavelet decomposition for hyperspectral im-
ages in a rate-distortion sense. Section IV proposes two adap-
tations of the zerotree structure and bit plane coding based on
the proposed anisotropic near-optimal wavelet decomposition.
The first adaptation closely follows EZW and the second one
is closer to SPIHT. The results obtained from various hyper-
spectral images are compared to the performance of JPEG 2000
algorithms in term of PSNR in Section V. We conclude and
present perspectives in Section VI.

Il. JPEG 2000 FOR HYPERSPECTRAL DATA

JPEG 2000 is the latest international standard for still image
compression, on which exhaustive bibliography can be found
(4], [5]-

Parts 1 and 2 of the JPEG 2000 standard [6], [7] are targeted
at still images in grey level or with three color bands, and pos-
sibly, a fourth alpha band. In these parts, no interband trans-
form is defined apart from color transforms. Part 2, however,
makes provisions for arbitrary spectral decorrelation, including
wavelet transform. Part 10, also known as JP3D, is targeted for
3-D images which are, however, as isotropic as possible [8].
This requirement does not suit hyperspectral images, for which
the spectral dimension involves a much higher correlation than
the spatial dimensions [9]. As a consequence, the JP3D part of
the standard is not ideally suited to hyperspectral image com-
pression. Instead, we propose to use the extensions of the JPEG
2000 standard by introducing transform on the spectral compo-
nents before applying the JPEG 2000 encoder.

The reference implementation of the JPEG 2000 compres-
sion system is the Verification Model (VM). The VM is used
by the JPEG 2000 committees as a vehicle for core experiments
and will ultimately evolve into an implementation of the final
JPEG 2000 standard [10]. During this study, VM 9.1, the latest
version to date, is used to evaluate the performance of JPEG
2000 compression standard on hyperspectral images. With the
options used here, performance is very similar to the one ob-
tained with another well-known implementation of JPEG 2000:
version 5.0 of Kakadu.

As already stated, Parts 1 and 2 do not include specifica-
tions for the case where the image has more than three bands
(color transform). However, the VM let the user specify a com-
ponent transform matrix, allowing Discrete Cosine Transform
(DCT) or Karhunen—Loeve Transform (KLT) (-Mlin option of
the VM). An option which applies a wavelet transform (DWT)
through the components is available as well (-Mtdt option). In
these cases, the 1-D transform is applied in the spectral dimen-
sion before JPEG 2000 encoding of each resulting image. The
Lagrangian rate-distortion optimization is also a very useful in-
gredient, since the various components have very different sta-
tistical properties, due to the energy compaction property of the
transform (-Flra option).

Fig. 3 compares the impact of various transforms, namely
DCT, KLT interband decorrelations or wavelet transform in
terms of Peak Signal to Noise Ratio (PSNR) (1) as a function
of bit per pixel per band (bpppb)

(216 _ 1)2
PSNR = 10log;, VISE 1)
MSE being the Mean Square Error. The high dynamics of the
image (16 bits) explains the high values reached by the PSNR.

As expected, introducing a decorrelation prior to the JPEG
2000 encoder greatly improves the results. The relative position
of the KLT and DWT are similar to the results obtained in [11].
However, the DCT provides smaller PSNR’s in our study.

The KLT depends on the image and requires more complex
operations: computation of the covariance matrix and eigenvec-
tors. This high complexity is still a deterrent for on-board im-
plementation, especially when the number of components in-
creases even if some work is done to reduce its complexity [12],
[13]. The wavelet transform approach seems more suitable, es-
pecially in the hyperspectral case where the number of compo-
nents is important. The wavelet transform also provides higher
performance than DCT.
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Fig. 3. Performances of the JPEG 2000 compression using either no interband
decorrelation, DCT, KLT, or DWT decorrelation on the Moffett Field data set
of Fig. 1.

Generally, the JPEG 2000 algorithm is computationally
demanding, especially in the context of on-board spacecraft,
where the implementation constraints are stiff. To the authors
knowledge, there is only one hardware implementation of
JPEG 2000 designed for space constraints [14]. In his paper,
Van Buren admits that his solution performs significantly lower
than Kakadu in the lossless case due to the absence of rate-dis-
tortion optimization. The Consultative Committee for Space
Data Systems (CCSDS), a working group gathering the main
space agencies (NASA, JAXA, ESA, CNES, CSA), issued
some recommendations for onboard image compression sys-
tems in [15]. The adopted recommendation groups the wavelet
coefficients in a structure similar to zerotrees instead of using
the JPEG 2000 standard. The intent of this recommendation is
to alleviate onboard implementation complexity. One should
view the JPEG 2000 performance in the present article as an
upper-bound to reach: our goal is to obtain performance close
to this improved version of JPEG 2000 (in terms of PSNR
versus bitrate tradeoff), while greatly reducing the algorithm
complexity.

The complexity reduction is not obtained directly through
the use of a wavelet transform in all dimensions, but it turns
out that the use of wavelets enables the use of efficient, simple
coding tools. Therefore, our study first involves the search for
an optimal wavelet decomposition in a rate-distortion sense.
This is the purpose of Section Ill. Then an efficient coding of
the wavelet coefficients with zerotree methods is proposed in
Section V.

I1l. OPTIMAL DECOMPOSITION

Before adapting the zerotrees to hyperspectral images, it is
necessary to define the extention of the wavelet transform to
hyperspectral images. Most current extensions are based on
isotropic 3-D decomposition [16]-[18], however, as mentioned
before, hyperspectral data are clearly not isotropic. In the
domain of video processing some anisotropic structure has also
been successfully used [19], [20]. However, no justification has
been given concerning the particular choice of this structure for
hyperspectral data, and more efficient decompositions could be
available. The best choice for video is anyway not obviously
the best choice for hyperspectral images, due to the differences
in their statistical behavior and in requirements for data quality.
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Fig. 4. Anisotropic decomposition and notations.
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The problem of finding the optimal wavelet decomposition
for 1-D signal has been explored in several publications [21],
[22]. For natural 2-D images, decompaosition possibilities were
long restricted to quadratic transforms (leading to square sub-
bands) but have since evolved to a more general framework
with anisotropic decompositions [23]. Several criteria were used
to characterize the optimal decomposition: entropy-based algo-
rithms [24] or rate-distortion compromise [25] for example. The
main advantage of the latest is that it provides simultaneously
the bit allocation between the different subbands [26].

The 3-D anisotropic wavelet decomposition is detailed in
Section 111-A. Section I11-A (Section I11-B) recalls the prin-
ciples of rate-distortion optimization looking for the optimal
decomposition. The idea of the algorithm is illustrated on a
well-known 2-D image in Section I11-C. Section I11-D details
the algorithm designed to find the optimal wavelet decompo-
sition for hyperspectral images and presents the results. The
last subsection (Section Il1I-E) finds a tradeoff between the
execution time and performance. All results presented in this
section are within the context of rate distortion theory and do
not take into account headers necessary to decode the final
bitstream. These results should not be compared directly with
those from Sections Il and V.

A. Three-Dimensional Anisotropic Wavelet Decomposition

Traditionally, on 2-D images, the wavelet decomposition is
isotropic, i.e., for one given subband, the level of decomposition
in the horizontal direction is the same as the level of decomposi-
tion in the vertical direction. This alternation between horizontal
and vertical decompositions leads to square subbands (cubes, in
the case of 3-D data). This is the case of the multiresolution
decomposition of Mallat [27] or the wavelet packets decompo-
sition. The term anisotropic is more general than the usual use
of wavelet packet. In most case for image processing, wavelet
packets correspond to a decomposition in a quadtree structure,
leading to square subbands. This process is justified by the prop-
erties of traditional images: their statistical properties are quite
similar in all directions.

Let us denote W%;" the wavelet subband space in the 3-D
case (Fig. 4):

* 1,7, k corresponding to the row, column and spectral levels,

respectively (implying the size of the considered subband);

e p, q, v being the row, column and spectral indexes,

respectively.
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A relation can be defined between subbands. For a row de-
composition, the anisotropic wavelet space satisfies
4T _ 2., 2p+1,q,

Wik = Wil @ Wi (2)
where @ denotes the direct sum of vector spaces. Note the factor
2 in the indexes, since decomposition level 7 + 1 has twice as
much subbands than level i.

For a column decomposition

,p7.q7r =
4,5,k

P,2q,7 p,2q+1,r
Wiivin @ Wil ®)

and for a spectral decomposition

WIS = WESEL @ WL @)

For any step of the decomposition, for all subbands, we are
able to choose the direction of the next decomposition, thus in-
creasing the flexibility of the space decomposition. Both mul-
tiresolution decomposition and wavelet packet decomposition
are special cases of this representation.

B. Rate-Distortion Optimization

1) Allocation Problem: The problem of bit allocation, i.e.,
distributing optimally the given bit budget between the sub-
bands, is a classical problem in data compression. Shoham and
Gersho [26] address this problem within the framework of rate-
distortion theory. Their solution consists in minimizing the dis-
tortion under the constraint of the available bit budget.

Within the context of wavelet decomposition, different quan-
tizers can be used for different subbands. Let S be the finite set
of the quantizer combination for the subbands, let B be one ele-
ment of S. The problem is to minimize the total distortion D(B)
for the given combination of quantizers, B, with the total rate
R(B) within the bit budget R..

gleig{D(B)} under R(B) < R.. (5)

Using the Lagrangian method, this constrained minimization
becomes the minimization of the Lagrangian cost function J
without constraint

J(A;) =D+ AsR. 6)

In the context of independent coded subbands, using additive
measures for rate and distortion, it can be shown that R-D opti-
mality is attained when all subbands operate at a constant slope
point A ; on their R-D curve. Thus, the problem becomes

min {Dy + Ay Ry} for each subband £. 7

The proof of the equivalence between the constrained and the
unconstrained problem is actually quite simple and can be found
in [26].

Algorithm: The algorithm is defined to search for the best de-
composition simultaneously with the best operating point. For a
given subband, the algorithm computes the R-D points for dif-
ferent quantizers, thus leading to the R-D curve for the current
subband. For a given quantizer g, the distortion D} is computed
using the square error as it has to be additive between subbands
to comply with (7). Note that, strictly speaking, the additive
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Fig. 5. llustration of the split-merge decision during the algorithm. For sake
of clarity, R-D curves in the hypothesis of decomposition in the two other di-
rections ( or spectral) are not represented and are considered to be above the
others. With the considered ,, the decision of splitting the current subband is
taken.

property holds only for orthogonal wavelets, but that the ones
that are used in the JPEG 2000 standard are very close to be
orthogonal.

The rate R} of each subband is evaluated using the arithmetic
coder from [28]. The choice of the coder is not critical here.
What is important is the relative position between the different
subbands, not the absolute performances. Simulations per-
formed with other rate estimation as the entropy of the subband
coefficient or using a combination of run length coding and
Rice coder lead to similar results. The independent coding of
the wavelet subbands is an implicit assumption here.

The R-D curve is also computed for the three possible further
decompositions (corresponding to the three directions). A rep-
resentation similar to Fig. 5 is obtained. For each value of ),
the cost function J is computed for each admissible R-D point.
The decision of splitting or not the given subband is taken ac-
cording to the minimum cost.

As an example, Fig. 5 shows a case for which the \; slope
leads to take the decision of splitting the given subband in z
direction.

Denote J, as the Lagrangian cost of coding the current sub-
band without further decomposition. The Lagrangian costs .J;,
Jo and .J3 evaluate the costs corresponding to a decomposition
of the current subband, respectively, on x, v or A direction. The
search for the best basis is done as follows:

Algorithm 1: Best-basis search

* Recursive function: cost (Wffzf» /\J)

— compute the cost .Jo = .J(As) using Shoham and Gersho
algorithm for the current subband

— compute the cost J;

J1 = cost (W?P0r /\]) + cost (W.2p+1’q’r7/\1) by

« if the minimum size is not reach for the rows:
i+1,5,k i+1,5,k
recursive calls

« otherwise J; = oo

— compute the cost Jo: similar to J; for the columns
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Fig. 6. Barbaraimage and the best anisotropic wavelet decomposition obtained
for a bitrate of 0.9 bit per pixel (bpp).

— compute the cost J3: similar to J; for the spectral dimension
— return the value min{.Jy, J1, Jo, J3}

* Global Function

— For each \: call cost (W(?,’(?,’(?? )\J)

— Full rate-distortion curve for the given image

This algorithm leads to a different decomposition for each
image and each target bitrate. It has to be emphasized that due
to the recursivity of the algorithm, the optimal R-D curve is first
calculated for the smallest subbands then the algorithm gathers
these values to take the splitting decision and finally to find the
optimal decomposition for each subband.

This search for the optimal basis is similar in spirit to the
one defined by Ramchandran in [25], with an extension to
anisotropic decomposition in a 3-D space.

C. On 2-D Images

The search for the best wavelet decomposition has been first
applied to natural 2-D images as an illustration. For some im-
ages (the well-known Lena for example), the best wavelet de-
composition is not so far from the classical multiresolution de-
composition. This result agrees with the choice of the multires-
olution decomposition for 2-D images in standard like JPEG
2000. However, in the case of images containing strong fre-
quency features, such as Barbara for example (Fig. 6), the de-
composition manages to concentrate the energy in very few sub-
bands (subband 1) and to group many coefficients within the
same subband (subband 2). The gain can reach 1.5 dB com-
pared to the classical multiresolution decomposition as shown
in Fig. 7. However, in the general case, for 2-D images, the gain
obtained with optimal decomposition is not sufficient to justify
such an increase in the complexity.

D. Optimal Decomposition for Hyperspectral Images

The results presented on Fig. 10 are obtained on data from the
AVIRIS hyperspectral sensor from JPL/NASA over the Moffett
Field site in California (Fig. 8). Moreover, they were confirmed
on different sites as well as on images acquired by the satellite
sensor from NASA: Hyperion.

As can be seen from Fig. 10, the best basis decomposition
brings a clear improvement, leading to an increase of the quality
of 8 dB compared to the isotropic decomposition. If the limit
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Fig. 7. Comparison between the classical decomposition and the best basis de-
composition in the case of a 2-D image containing strong frequency features.
For more natural images without strong frequency features, as Lena for example,
the gain is negligible.

is fixed in term of quality, let say for example a PSNR greater
than 70 dB, the necessary bit budget cuts down from 1 bit per
pixel per band (bpppb) to 0.5 bpppb which doubles the com-
pression rate. It is clearly seen that, due to the specific nature
of hyperspectral images, the adaptation of the transform has a
much larger impact.

E. Fixed Decomposition

There are two main drawbacks to this optimal search:

« the processing cost;

« the dependency from the image.

The processing cost is important, as an example, the pro-
cessing of an hyperspectral cube of 256 x 256 x 224 pixels with
a minimum subband size of 8 x 8 x 7 (5 decomposition levels)
requires to process the full rate distortion curve for 250 047 sub-
bands (arrangement of all possible subband sizes and positions
in the 3 dimensions). The dependency from the image also poses
a problem for the implementation of the transform. In general,
data independent transforms are preferred.

The aim is to define a fixed transform close enough to the
optimal one to give near-optimal results for a wide variety of
images and bitrates. After observing the general structure of the
optimal decomposition for different images at different bitrates,
it appears that one regular decomposition is close to the optimal
performance in many cases. This regular decomposition actu-
ally consists in decomposing first the spectra with a 1-D mul-
tiresolution wavelet and then using the standard multiresolution
decomposition on the resulting components.

The resulting decomposition and the resulting coefficients
values are illustrated in Fig. 9. This decomposition is compared
with the standard isotropic decomposition. Coefficients in grey
represent coefficients close to 0, white are positive and black are
negative coefficients. As can be seen in Fig. 10, the chosen fixed
transform is almost as efficient as the optimal one. The results
are illustrated here on the Moffett data cube [Fig. 8(b)] but were
confirmed on various hyperspectral images with very different
characteristics (sea, forest, mineral, cities; see Fig. 8) and from
different sensors (AVIRIS and Hyperion). The same experiment
applied on the popular video sequence tempete and on the 3-D
MR medical image sag_head confirm that this decomposition,
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(a) Moffett4

(d) Hawaiil (e) Hawaii2 (f) Hyperionl

Fig. 8. Different hyperspectral images used during the experiments. (a), (b) Different parts from the f970620t01p02_r03 run from AVIRIS sensor on Moffett Field
site. (a) Uniform spatial area with strong spectral features. (b) Mixed area with city (strong spatial frequency features). (c) From f010903t01p01_r03 AVIRIS run
over Harvard Forest, it contains mostly vegetation. (d), (e) From f000414t01p03_r08 run over Hawaii. (d) Two areas (mineral and sea) delimited by a coast line.
(e) Selected to illustrate a run containing clouds, thus a higher dynamic level and strong contrasts. (f) From Hyperion space sensor (EO1H0440342002212110PY)
and cover an area similar to (a) and (b) but with a different sensor.

Fig. 9. Classical 3-D isotropic decomposition (a) and anisotropic decomposition (b) with three levels of decomposition (simulation are done with five levels of
decomposition). For the isotropic decomposition, it can be seen easily that an important correlation remains between the coefficients in the lower spectral and
spatial frequencies. The remaining correlation (e.g., lines of coefficients with similar values on the side of the cube) is lower for the anisotropic decomposition.

also used in [19] or [20], is near optimal in the context of video These results are also a posteriori justification for the trans-
compression or medical image compression. form used in [29] and [30] in the context of hyperspectral image
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