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Abstract—An embedded wavelet-based coder for the compres-
sion of hyperspectral imagery is described. The proposed coder,
three-dimensional (3-D) tarp, employs an explicit estimate of
the probability of coefficient significance to drive a nonadaptive
arithmetic coder, resulting in a simple implementation suited to
vectorized acceleration in single-instruction-multiple-data (SIMD)
hardware. The proposed 3-D tarp coder is compared to other
prominent coders for the compression of hyperspectral imagery,
and state-of-the-art rate-distortion performance is observed.

Index Terms—Embedded coding, hyperspectral compression,
tarp coding, three-dimensional wavelet transforms.

I. INTRODUCTION

CURRENTLY, there are no standards—or even commonly
accepted methodologies—for the compression of hyper-

spectral imagery. However, given the success of embedded
wavelet-based coders such as JPEG-2000 [1]–[3] and set par-
titioning in hiearchical trees (SPIHT) [4] for two-dimensional
(2-D) images, creating three-dimensional (3-D) versions of
such coders would constitute a reasonable approach. How-
ever, many such embedded wavelet-based coding schemes
utilize sophisticated processes such as context conditioning
(JPEG-2000), rate-distortion optimization (JPEG-2000), or
significance lists (SPIHT) that hinder scaling the algorithms
into a third dimension and present significant difficulty for
onboard implementations in hardware, particularly when
parallel processing is considered. In contrast to such complex
coders, in this letter, we propose the 3-D tarp algorithm that
offers: 1) rate-distortion performance roughly equivalent to
state-of-the-art 3-D coders; 2) low implementation complexity;
and 3) amenability to highly vectorized implementation in
data-parallel computing architectures.

Specifically, we extend the recently proposed tarp coder [5], a
2-D embedded wavelet-based coder with an exceedingly simple
implementation, to 3-D for the coding of hyperspectral imagery.
The tarp technique employs an explicit estimate of the prob-
ability of wavelet-coefficient significance and a simple non-
adaptive arithmetic coder, resulting in a still-image coder that is
easily scaled to higher dimensional datasets. While the proba-
bility estimate takes the form of Parzen windows, a well-known
nonparametric probability-estimation technique, the tarp coder
implements this Parzen-window probability estimate as a novel

Manuscript received July 7, 2003; revised January 11, 2004.
The authors are with the Department of Electrical and Computer Engineering

and the Visualization, Analysis, and Imaging Laboratory (VAIL) within the
GeoResources Institute (GRI), Mississippi State ERC, Mississippi State Uni-
versity, Starkville, MS 39762 USA.

Digital Object Identifier 10.1109/LGRS.2004.824762

sequence of one-dimensional (1-D) filtering operations coined
tarp filtering. Experimental results show that our 3-D version of
tarp achieves rate-distortion performance roughly equivalent to
JPEG-2000 [1]–[3] and a 3-D version of SPIHT [6].

As pertaining to hardware implementation, we show that
the most time-consuming operation of our tarp coder, the
tarp filtering, can be highly vectorized for implementation
on single-instruction-multiple-data (SIMD) architectures.
Thus, the proposed tarp coder can exploit the data-parallel
capabilities of modern general-purpose processors, or, for
greater concurrency, customized hardware with longer vectors
could be used. In any event, the tarp coder benefits from the
simplicity, elegance, and implicit synchronization of SIMD
implementation, whereas other algorithms, such as 3-D SPIHT
and JPEG-2000, typically achieve less parallelism despite
requiring a more complicated multiprocessor implementation.

The remainder of this letter is organized as follows. Next, in
Section II, we briefly review the theory of probability estimation
by Parzen windows, and then we describe tarp filtering and tarp
coding for 3-D datasets in Section III. The resulting 3-D tarp
coder for hyperspectral imagery is then experimentally evalu-
ated in Section IV. We then consider the vectorization of the
3-D tarp filter in Section V and finally make some concluding
remarks in Section VI.

II. ESTIMATION OF PROBABILITY OF SIGNIFICANCE

VIA PARZEN WINDOWS

Consider an -dimensional ( -D) field of real-valued trans-
form coefficients, , where

, is the set of real numbers, and is the set of integers.
Given a threshold , the coefficient at location is defined
to be significant with respect to if , and is insignifi-
cant otherwise. Define the significance state with respect to of

to be

otherwise.
(1)

In the hyperspectral-imagery coding application to be consid-
ered subsequently, is a 3-D subband of wavelet coefficients,
and a location within the subband.

Suppose we know that coefficients at locations
are significant with respect to some given

threshold, and we would like to estimate the probability that
the coefficient at location is also significant. Parzen windows
[7] is one approach to performing this probability estimate.
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Specifically, we estimate the probability that is significant
as

prob (2)

where is an -D window sequence. A possible window
sequence that is suited to the well-known Laplacian distribution
nature of wavelet-coefficient magnitudes in images is the Lapla-
cian window

(3)

where is the region of support of the window, is a pa-
rameter controlling the spread of the window,
is the norm of , and is chosen so that

(4)

As a result, it can be shown [7] that is guaranteed to be a
valid probability mass function, i.e., , , and

.
The density estimation of (2) can be considered to be the con-

volution of an -D filter of impulse response with a field
of Kronecker impulses situated at . If the region
of support of window is causal, then this convolution
can be calculated via a single raster scan through the coeffi-
cients. Below, we will define the causal region of support so
as to not include . By not including in , both an
encoder and its corresponding decoder in a compression system
can make the same estimate of by single raster scan, since
(2) depends on only values encountered strictly before the cur-
rent location in the raster scan.

III. TARP FILTERING AND CODING

In [5], Simard et al. propose using the density estimate of (2)
for still-image coding. Although there are several ways to do
so, we use (2) to code the significance of wavelet coefficients.
Specifically, the significance state of a set of coefficients for a
given threshold is coded via a raster scan through the coeffi-
cients. For coding efficiency, an entropy coder codes for
each coefficient, using the probability that for the cur-
rent coefficient as determined by the density-estimation proce-
dure. In [5], the -D convolution of (2) is implemented as a
sequence of 1-D filtering operations coined tarp filtering.1 This
1-D filtering approach is more efficient than a direct implemen-
tation of (2) in that only a limited number of probability esti-
mates need be buffered, and that, because probability estimates
are propagated from coefficient to coefficient, fewer arithmetic
operations are performed. Below, we describe the tarp-filtering
procedure in greater detail and consider its use in the coding of
hyperspectral imagery.

A. Three-Dimensional Tarp Filtering

For hyperspectral imagery with , ,
where , , and are the spatial-row, spatial-column, and

1The name tarp filtering comes from the shape of the Laplacian window of
(3), which resembles a tarp draped over a pole.

spectral-slice indexes, respectively, of the wavelet coefficient
. The Laplacian window (3) in this case is

(5)

where the causal region of support is

(6)

In order for (4) to hold for this and , it can be derived that

(7)

To estimate the probability of significance in three dimen-
sions, we propagate information from three neighboring values,
one at the left, one above, and one in the same spatial position in
the previous spectral slice. Raster scanning proceeds in the order
column, row, and then slice, and we use 1-D filters to propagate
probability estimates. Specifically, five 1-D filtering steps are
used. In the current slice, one filter processes each row from left
to right, another filter processes each row from right to left, and
a third filter processes each column from top to bottom. Next we
propagate information in the spectral direction. To do so, we use
buffers that hold probabilities for the entire previous slice, and
after each slice is coded, the probabilities in the slice buffer are
updated. Consequently, after a full slice is coded with the first
three filters, another two 1-D filtering steps ( and ) update
the probabilities for the current slice. Pseudocode for the 3-D
tarp filter is shown in Fig. 1.

The 3-D tarp filtering operation requires somewhat greater
buffer storage than its 2-D counterpart in [5]. Specifically, single
rows are stored for and , while entire spectral slices are
stored for , , and .

B. Three-Dimensional Tarp Coder

As the first step in coding hyperspectral data, we employ a
wavelet transform. As is usual for 2-D images, we implement
the 3-D wavelet transform in separable fashion, employing 1-D
transforms separately in the spatial-row, spatial-column, and
spectral-slice directions. We have found that the wavelet-packet
transform employed in [6], in which each spectral slice is de-
composed using a separable 2-D transform and followed with a
1-D decomposition in the spectral direction, significantly out-
performs a dyadic transform, the 3-D generalization of the 2-D
dyadic decomposition used ubiquitously in 2-D image coding.
We, therefore, use this “2-D spatial + 1-D spectral” wavelet-
packet transform exclusively in this letter.

The 3-D tarp coder, like other wavelet-based embedded
coders, is built on two processing passes, the significance pass
and refinement pass. In the significance pass, the significance
state of each coefficient is encoded, and, when a coefficient
transitions from insignificant to significant, the sign of the
coefficient is also encoded. In the refinement pass, all the
coefficients known to be significant (except those that became
significant in the immediately preceding significance pass) are
refined by coding the value of the bit in the current bitplane.
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Fig. 1. Pseudocode for the 3-D tarp filter. The volume is of sizeN �N �N .

Contrary to most wavelet-based embedded coders, which use
multiple-context adaptive arithmetic coding that is responsible
for a significant portion of their rate-distortion performance, the
3-D tarp coder uses a relatively simple nonadaptive binary arith-
metic coder. The tarp-filtering operation produces the estimate

of the probability of significance of the current coefficient,
and this probability estimate drives the arithmetic coder when
coding the significance state in the significance pass. To
produce , the tarp-filtering algorithm of Fig. 1 is deployed
on each subband independently. For the coding of sign bits in
the significance pass, and for the coding of refinement bits in
the refinement pass, we use a constant probability of 0.5 in the
nonadaptive arithmetic coder.

IV. EXPERIMENTAL RESULTS

The datasets we used in all experiments are from a TRW
Imaging Spectrometer III (TRWISIII), an airborne hyperspec-
tral sensor that collects images in 384 contiguous spectral chan-
nels from 400 nm (ultraviolet) to 2450 nm (infrared). The files
emanating from the TRWISIII sensor are 16-bit unsigned, big-
endian integers arranged in rows of 256 samples across. For the
results here, we retain 256 lines of data; thus, the TRWISIII
datasets are in the form of image cubes of size .
All data are raw from the sensor, i.e., no atmospheric correction
or other preprocessing has been applied.

In our results, we compare a software implementation of
the 3-D tarp coder described above to JPEG-2000 [1]–[3],
the recently developed image-coding standard, as well as to
3-D SPIHT [6], another prominent 3-D coder. JPEG-2000 is
an embedded wavelet-based coder that supports the coding
of hyperspectral imagery in that Annex N of Part 2 of the
standard [2] includes mechanisms for specifying arbitrary

Fig. 2. Rate-distortion curves for the “DREC” and “Tribbett” datasets.

decorrelating transforms across spectral slices, thus permit-
ting implementation of the wavelet-packet transform of [6].
Unfortunately, currently available implementations of the
JPEG-2000 standard do not yet typically conform to Part II
of the standard. The JPEG-2000 implementation we used is
Kakadu version 3.4 (http://www.kakadusoftware.com). Since
the Kakadu software implements only Part 1 of the JPEG-2000
standard, we separately impose a 1-D spectral transform on
the datasets before passing them to the Kakadu coder. We
use QccPack (http://qccpack.sourceforge.net) [8] implementa-
tions of 3-D tarp and 3-D SPIHT. All coders use the popular
Cohen-Daubechies-Feauveau 9-7 filter [9] with symmetric
extension and five levels of spatial and spectral decomposition.
For our proposed 3-D tarp coder, is fixed at 0.3, and the
filters are set to 0 beyond the subband boundaries.

In the following results, we use an SNR as the distortion mea-
sure. The SNR is defined as follows. Let be an

hyperspectral dataset with variance of . Let
be the reconstructed dataset from the compressed

bitstream. The mean square error (MSE) is defined as MSE
, while

the SNR in decibels is defined in terms of the MSE as SNR
MSE . All rate measurements are expressed in bits

per voxel (bpv).
Rate-distortion performance for our 3-D tarp coder, 3-D

SPIHT, and JPEG-2000 are shown in Fig. 2. In these results, we
see that all three techniques provide largely similar rate-distor-
tion performance for the datasets considered, with JPEG-2000
usually slightly outperforming the other two. Especially at
low bit rates (less than 1 bpv), all three techniques give nearly
identical rate-distortion performance.

Rate-distortion performance does not truly gauge the quality
of reconstructed datasets in analytic applications for which
hyperspectral imagery is commonly used, e.g., unsupervised
classification. However, Table I demonstrates that compression,
even to a relatively low rate, has very little effect on the overall
classification, and that each coding technique has roughly
equivalent post-compression classification performance. For
the results of Table I, the ISODATA and -means algorithms as
implemented in ENVI Ver. 3.6 were used.
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TABLE I
UNSUPERVISED CLASSIFICATION PERFORMANCE, PERCENTAGE OF CORRECTLY

CLASSIFIED PIXELS AS COMPARED TO CLASSIFICATION ON ORIGINAL DATASET.
RATE IS 0.5 BPV, AND k = 10 CLASSES WERE USED FOR k-MEANS

Fig. 3. Pseudocode for the vectorized 3-D tarp filter for SIMD architectures.
All buffer volumes initialized to zero at algorithm start. The “:” indicates
vectorization along the corresponding dimension. p is p offset by a
one-column shift to the right, i.e., p [x ; x ; x ] = p [x ; x � 1; x ]. This
shift is accomplished during loading of the vector.

V. PARALLELIZED IMPLEMENTATION OF

THREE-DIMENSIONAL TARP

Although the DWT and arithmetic coder consume nonneg-
ligible computational resources, the tarp-filtering operation is
responsible for an overwhelmingly large portion of the execu-
tion time of the software tarp coder used in the experimental
results of the previous section. However, the tarp filter permits
a significant amount of vectorization resulting in potentially
substantial acceleration of the tarp coder when implemented in
SIMD hardware. In the tarp-filtering operation, a large number
of the filters are confined within one spectral slice, thereby
allowing vectorization in the spectral direction, i.e., the fil-
tering of multiple spectral slices in parallel. Specifically, the

, , , and filters support vectorization in the spectral
direction, although the ordering of the computations must be
rearranged somewhat from that originally presented in Fig. 1.
Additionally, the spectral-direction filter, , can be vectorized
in the column direction. Finally, the calculation of the final
probability can be vectorized in either the row, column,
or spectral direction. Fig. 3 gives the resulting parallelized

version of the 3-D tarp filter. We note that the cost of the
reordering of the algorithm from that of Fig. 1 is increased
memory usage, since one must maintain entire buffer volumes
for rather than the single spectral slices needed for

, , and originally. However, recall that the tarp coder
employs tarp filtering on a subband-by-subband basis; con-
sequently, buffer volumes need be only as big as the largest
subband to be processed, specifically, . Addition-
ally, we note that, since the decoder needs for the current
coefficient in order to decode , the reordering of the tarp
filter shown in Fig. 3 is suitable for only the encoder of a
tarp-coder system. However, in hyperspectral applications, it
is the encoder that is most likely to have access to parallelized
hardware in time-critical onboard applications. We note that
decoding with the nonparallelized filtering of Fig. 1 is possible
even when the encoder uses parallelized filtering as in Fig. 3.

The degree of acceleration achieved by the vectorized tarp
coder will depend on the amount of data-parallelism supported
by the underlying SIMD architecture. To increase paralleliza-
tion and reduce computational complexity, the tarp-filtering
operations can be easily performed with fixed-point, rather than
floating-point, arithmetic. Modern general-purpose processors
typically support some integer-based SIMD processing. For
example, assuming that 16-bit fixed-point representations are
used, Motorola’s AltiVec SIMD implementation would support
eight parallel operations, while Intel’s MMX would support
four. Custom hardware implementation could conceivably
employ longer vectors such that the acceleration obtainable
would be limited by primarily the subband size.

Finally, we note that both SPIHT and JPEG-2000 support
parallelization to a certain extent, e.g., see [10], [11], and [3, ch.
17]. However, these algorithms are highly sequential by nature
and are difficult to make parallel. Additionally, the amount
of parallelization is limited and typically relies on pipelining
and multiprocessor, i.e., multiple-instruction-multiple-data
(MIMD), architectures. Consequently, such implementations
lack the simple and implicitly synchronized architecture of
SIMD-based tarp filtering.

VI. CONCLUSION

In this letter, we proposed the 3-D tarp algorithm, which
offers: 1) rate-distortion performance roughly equivalent to
state-of-the-art 3-D coders; 2) low implementation complexity;
and 3) amenability to highly vectorized implementation
in data-parallel computing architectures. Specifically, our
experimental observations indicate that all three techniques
considered for the compression of hyperspectral imagery—3-D
tarp, 3-D SPIHT, and JPEG-2000—provide largely similar
rate-distortion performance for the datasets tested, with
JPEG-2000 often slightly outperforming the other two. Espe-
cially at low bit rates (less than 1 bpv), all three techniques give
nearly identical rate-distortion performance. However, given
its simplicity of implementation and its ability to exploit a high
degree of vectorization, 3-D tarp is perhaps the coder of the
three that is best suited to onboard implementation, particularly
when using custom SIMD hardware with long vector lengths.
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