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Abstract— Sparse representation (SR) can transform spectral
signatures of hyperspectral pixels into sparse coefficients with
very few nonzero entries, which can efficiently be used for com-
pression. In this paper, a spectral–spatial adaptive SR (SSASR)
method is proposed for hyperspectral image (HSI) compression
by taking advantage of the spectral and spatial information
of HSIs. First, we construct superpixels, i.e., homogeneous
regions with adaptive sizes and shapes, to describe HSIs. Since
homogeneous regions usually consist of similar pixels, pixels
within each superpixel will be similar and share similar spectral
signatures. Then, the spectral signatures of each superpixel
can be simultaneously coded in the SR model to exploit their
joint sparsity. Since different superpixels generally have different
performances of SR, their rate–distortion performances in the
sparse coding will be different. To achieve the best possible
overall rate–distortion performance, an adaptive coding scheme is
introduced to adaptively assign distortions to superpixels. Finally,
the obtained sparse coefficients are quantized and entropy coded
and constitute the final bitstream with the coded superpixel
map. The experimental results over several HSIs show that the
proposed SSASR method outperforms some state-of-the-art HSI
compression methods in terms of the rate–distortion and spectral
fidelity performances.

Index Terms— Compression, hyperspectral image (HSI), sparse
representation (SR), superpixel.

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) generally consist of
more than one hundred spectral bands. Since HSIs can

provide abundant spectral and spatial information [1]–[4],
research studies on HSI processing have become more and
more popular, e.g., classification of ground materials [5], [6],
target detection [7], [8], and unmixing [9], [10]. Although
image analysis can benefit from the abundant data of HSIs,
the vast data may create a heavy burden for the storage and
transmission of HSIs. Thus, how to effectively compress HSIs
is becoming an important problem among HSI applications.
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There are two types of HSI compression methods, lossless
compression and lossy compression. For lossless compression,
the key is to eliminate redundancy of the data without loss of
information [11]. However, the best compression ratios (CRs)
achieved by lossless methods are of the order of 3:1 [12].
In contrast, lossy compression [13] loses some information
to achieve higher CRs than lossless compression. Therefore,
lossy compression is a promising research topic in terms of
high CRs, and is the focus of this paper.

During the past decades, frequency domain-based compres-
sion approaches have been successively used in 2-D digital
images and show promising performance, e.g., the Joint
Photographic Experts Group (JPEG) standard [14] and the
JPEG2000 standard [15]. JPEG transforms images by dis-
crete cosine transform (DCT). JPEG2000 mainly uses discrete
wavelet transform (DWT) instead of DCT and can usu-
ally achieve higher CRs than the JPEG. In addition, con-
sidering the superiority of DWT in digital image analysis,
Pearlman et al. [16] propose a set-partitioned embedded
block (SPECK) compression method. In detail, they transform
the original image into blocks (i.e., wavelet coefficients) by the
DWT and then recursively split the blocks into subblocks to
find significant coefficients. The SPECK has been extended
to a 3-D version of SPECK (i.e., the 3-D SPECK) for
HSI compression in [17]. The 3-D-SPECK separately applies
a 3-D DWT to small portions of hyperspectral bands and then
extends the method of splitting blocks and finding significant
coefficients to the 3-D case. In addition, the extension of
JPEG2000 to HSI compression has drawn wide attention.
An idea of using JPEG2000 for HSI compression is that
each spectral band is separately compressed by JPEG2000.
However, the band-by-band JPEG2000 method exploits only
the spatial redundancy in each spectral band without con-
sideration of the spectral redundancy in HSIs. In order to
achieve better compression performance, Rucker et al. [18]
propose the DWT + JPEG2000 method, which first applies
a wavelet-based decorrelating transform in the spectral direc-
tion and then uses JPEG2000 to compress the transformed
data in the spatial direction. Du et al. [19], [20] modify
the DWT + JPEG2000 method [18] using principal com-
ponent analysis (PCA) algorithm [21] for spectral decorre-
lation and introduce the PCA + JPEG2000 method. The
PCA + JPEG2000 method is widely used and can provide
superior compression performance over other HSI compres-
sion methods, including the DWT + JPEG2000 method.
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Furthermore, the PCA + JPEG2000 method has been shown to
do well in preserving useful information in HSIs for unmixing,
anomaly detection, and classification.

Recently, sparse representation (SR) theory has been
demonstrated to be a powerful tool in digital signal processing
[22], [23]. Generally, natural signals are considered to be
sparse and can be represented by sparse coefficients (vectors)
over a dictionary in the SR model. The sparse coefficients
contain only a few nonzero entries, so the information of
original signals is naturally compressed into the few nonzero
values of sparse coefficients. The SR compression method has
been applied to 2-D image compression in [24] by sparsely
representing nonoverlapping image patches over an offline
dictionary. The obtained sparse coefficients are quantized to
integers and then transformed into a bitstream by the entropy
coding technique.

The SR compression method can be extended to compres-
sion of HSIs, since spectral signatures of HSI pixels can
be sparsely represented according to [25]–[27]. The basic
method is to separately compress each HSI pixel by sparsely
representing the pixel’s spectral signature over a suitable
dictionary. Unlike the SR-based 2-D image compression [24],
which learns an offline dictionary (data-independent) for var-
ious images, the HSI compression requires a data-dependent
dictionary due to the large variety of HSIs. Subdictionary-
based dictionary construction method [28], which has a lower
complexity and leads to sparser representation, can be used for
SR compression. The above SR method for HSIs compression
can be called the pixelwise SR (PWSR) method. However, the
PWSR method ignores the spatial correlation of HSI pixels,
i.e., neighboring pixels usually represent the same material
and share the similar spectral signatures. In [29] and [30], it is
shown that simultaneous SR of correlative signals (i.e., similar
vectors) with the row-sparse coefficients can recover signals
with higher sparsity levels (i.e., sparser coefficients) compared
with the SR of the single signal. This is because the former
incorporates contextual information of signals into the model.
This is meaningful for compression since sparser coefficients
mean less nonzero data, and thus leads to a higher CR.
Therefore, the spatial correlation of HSI pixels is important
for the SR compression, since neighboring HSI pixels may
probably be correlative signals and can be represented by
sparser coefficients to improve the compression performance.

Different HSI pixels share different spatial correlations,
which are determined by the spatial structure of HSIs [31].
In order to exactly extract the spatial correlations of HSIs,
superpixels [32]–[36], which are defined as local homoge-
neous regions, have been introduced into HSI processing.
In this paper, we couple the SR with the superpixel technique
and propose a spectral–spatial adaptive SR (SSASR) method
to effectively take advantage of the spatial correlation for
compression. Applying the superpixel technique to the HSI
compression has the following advantages.

1) Superpixels have adaptive sizes and shapes according
to the structural information of HSIs and are generally
homogeneous. Therefore, the HSI pixels in the super-
pixel share the similar spectral signatures and thus are
correlative. Simultaneous SR can exploit the contextual

information of HSI pixels in superpixels and achieve
better compression performance.

2) Some superpixels may belong to regions of interest that
should be compressed with lower CRs. Some superpixels
may belong to backgrounds that can be compressed with
higher CRs. Since superpixels are independent of each
other, their compression tasks can also be independent.
As a consequence, it is very convenient to make custom
compression for different superpixels according to the
interest.

3) The number of superpixels is much less than the number
of pixels, so superpixel-based processes may be more
efficient than pixel-based processes. In addition, the
nonzero positions of sparse coefficients are recorded for
each superpixel rather than for each pixel in the SR.
That can significantly reduce the cost of encoding the
sparse coefficients and thus improve the CRs.

With these advantages, the proposed SSASR method first
constructs superpixels to effectively convey the spectral and
spatial information of HSIs instead of adopting HSI pixels.
Next, superpixels are represented in the SR model with sparse
coefficients, which is called sparse coding. Since superpixels
are of different sizes and shapes and represent different image
details, they generally have different performances of SR.
As a result, the rate–distortion performances of different
superpixels in the sparse coding will be different. To achieve
the possible best overall rate–distortion performance in sparse
coding, an adaptive coding scheme is introduced by adaptively
assigning distortions to superpixels. Except for the sparse
coefficients, the label map of superpixels, which records the
results of superpixel segmentation and the dictionary, must
be encoded to bits and involved in the final bitstream. The
label map occupies a high proportion of bits in the final
bitstream, especially when the CRs are high (i.e., the total
number of bits is limited). To better compress the superpixel
map, we relabel the superpixels to improve the compression
of entropy coding. Finally, the nonzero positions and the
quantized nonzero values of the sparse coefficients are entropy
coded to bits. The uniform quantizer [37] and Huffman
coding [38] are used for quantization and entropy coding,
respectively. The experimental results demonstrate the superi-
ority of the proposed SSASR method over the PWSR method
and some state-of-the-art HSI compression methods in terms
of not only the rate–distortion performance but also spectral
fidelity.

The remainder of this paper is organized as follows.
The SSASR compression method for HSIs is proposed in
Section II. Section III shows the experimental results and
discussions. Finally, the results of this paper are summarized
in Section IV.

II. SPECTRAL–SPATIAL ADAPTIVE SPARSE

REPRESENTATION COMPRESSION

The proposed SSASR method first constructs superpixels
to exploit the spatial–spectral information of HSIs. Then,
superpixels are coded to sparse coefficients in the adaptive
sparse coding scheme. Moreover, the label map of superpix-
els is encoded to reduce the abundance. Finally, the sparse
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Fig. 1. Proposed SSASR compression method for HSIs.

coefficients are quantized and entropy coded to bitstream. The
proposed compression method is shown in Fig. 1.

A. Construction of Superpixels

Superpixels are defined as a set of nonoverlapping
regions [36], which can be represented by

∀i, j ∈ K

{
Yi ∩ Y j = ∅
Yi ∪ Y j = Y

(1)

where Yk = {yk,1 yk,2 . . . yk,nk } (
∑K

k=1 nk = mn) denotes
the kth superpixel with nk pixels and K is the total number
of superpixels in image Y. The localized K -means clustering
scheme [32], which can be conveniently used for various appli-
cations by defining different distance measurements between
samples, is used in this paper. With the purpose of clustering
correlative HSI pixels that share similar spectral signatures, the
distance measurement between HSI pixels is defined based on
the spectral similarity by

d(ya, yb) =
∥∥∥∥ ya

‖ya‖2 −
yb

‖yb‖2
∥∥∥∥

2
(2)

where ya and yb are the spectral signatures of two arbitrary
HSI pixels and d(ya, yb) is the distance between ya and yb.
The distance in (2) mainly measures the similarity of spectral
shapes since the normalization of the spectral signatures in (2)
can reduce the effect of spectral brightness. After the K
initial clustering centers are uniformly chosen in the spatial
domain of HSIs, similar HSI pixels are recursively searched
around each clustering center within a fixed size window.
The implementation of the superpixels construction is shown
in Algorithm 1.

B. Adaptive Sparse Coding of Superpixels

It has been proved that simultaneous representation of
correlative HSI pixels, which are usually neighboring and
share similar spectral signatures, can improve the performance
of SR [36], [39], [40]. Superpixels can cluster correlative HSI
pixels, and so spectral signatures of each superpixel can be

Algorithm 1 Superpixel Construction
Input: 1). The hyperspectral image (size of M × N × B); 2).

The number of the superpixels K and maximum number
of iteration I ;

Output: The label map L (size of M × N) of superpixels;
1: Initialize label map of superpixels L = 0 and the number

of iteration q = 0;
2: Initialize K seed points {ŷ0

k}k=1,2,...,K ;
3: Calculate window size of 2

√
M N/K × 2

√
M N/K ;

4: while q < I do
5: for Each HSI pixel y do
6: Search seeds {ŷq

kv
}(v∈V ,kv∈{1,2,...,K }) around y within

the window (V is the numberof searched
seed points);

7: Calculate distances {d(y, ŷq
kv

)}v∈V between y
and V seed points by equation (2);

8: L(y) = arg min
kv

{d(y, ŷkv )}v∈V ;

9: end for
10: Update the kth (k = 1, 2, . . . K ) seed point by averaging

the spectral signatures and spatial positions of
pixels whose labels in L are equal to k;

11: q ← q + 1;
12: end while

simultaneously represented in the SR model. Let Yk denote
the spectral signature matrix of the kth superpixel. The SR of
the kth superpixel can be represented as

min ‖Xk‖row,0

s.t. Yk = DXk + N (3)

where Xk is the sparse coefficient matrix, ‖Xk‖row,0 denotes
the number of nonzero rows in Xk , D is the dictionary, and
N is the possible noise. As dictionary D is available, the
sparse coefficients Xk can be obtained by solving the relaxed
optimization problem [41]

X̂k = arg min ‖ Xk ‖row,0

s.t. ‖ Yk − DXk ‖2F ≤ δk (4)
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where δk is the target error [42] for the kth superpixel
to control the distortion of data. With the given error δk ,
the simultaneous orthogonal matching pursuit (SOMP) [43]
method can be used to effectively solve (4). To efficiently
and effectively construct dictionary D, the PCA subdictionary-
based method [28] is adopted in this paper. That is, we first
sample a few correlative HSI pixels (usually are three pixels)
from each superpixel, and then cluster those pixels by the
K -means method. Finally, PCA is applied to each cluster and
the projections over the first P principle components are used
as atoms of subdictionary. All subdictionaries constitute the
entire dictionary D.

It is very convenient to make custom compression of inter-
ested superpixels by defining different target errors. However,
in this paper, we focus on achieving the possible optimal
overall rate–distortion performance, i.e., rate is minimized for
a given overall data distortion (overall target error). Rate is
quantified using the bits per pixel per band (bpppb), which
is positively related to the number of nonzero sparse coeffi-
cients (more nonzero coefficients are needed to be encoded
with more bits and thus lead to higher rates, and vice
versa)

Rate ∝
∑

k

nk‖Xk‖row,0 (5)

where nk is the number of pixels in the kth superpixel and∑
k nk‖Xk‖row,0 denotes the total number of nonzero entries

in the sparse coefficients of the kth superpixel. Therefore, the
minimizing rate is equal to minimizing

∑
k nk‖Xk‖row,0. Let

sk = nk‖Xk‖row,0 denote the number of nonzero coefficients
for the kth superpixel. Let δk(sk) represent the target error as a
function of sk , which is obtained by solving (4). The problem
of minimizing rate for a given overall target distortion δt can
be described as

min
K∑

k=1

sk

s.t.

∣∣∣∣∣
K∑

k=1

δk(sk)− δt

∣∣∣∣∣ < ξ (6)

where ξ denotes the tolerant error and is a very small constant.
Generally, different superpixels have different performances of
SR, which means that the curve of function δk(sk) varies for
different values of k. The examples of three superpixels (from
the Indian Pines image) shown in Fig. 2 reveal this phenom-
enon. As a consequence, the problem in (6) is nondeterministic
polynomial time hard. To approximately solve (6), a greedy
algorithm-based sparse coding scheme is proposed. The sparse
coding scheme iteratively encodes superpixels from coarse to
fine. First, all superpixels are sparsely represented with a large

target error. Then, the overall error
∑K

k=1 δk(sk) is gradually
decreased with the step length of δt

I as the number of iterations
increases, where I is the maximum number of iterations.
In each iteration, the superpixel, which has the smallest
increase of

∑K
k=1 sk with per unit reduction of

∑K
k=1 δk(sk),

is greedily selected. In detail, the gain ratio of sk for the

Fig. 2. Representation errors of SR for three superpixels (from the Indian
Pines image) with different numbers of nonzero coefficients.

kth superpixel is first calculated as

�si
k

�δi
k

= si−1
k − si

k

δi−1
k − δi

k

(7)

where i denotes the i th iteration. Then, the superpixel with
the minimum gain ratio is chosen by

k̂i = arg mink
�si

k

�δi
k

(k = 1, 2, . . . , K ). (8)

This greedy criterion is a natural generalization of the stan-
dard greedy algorithm [44]. The chosen superpixel is further
encoded with a smaller target error and is responsible for
the decrease in the overall error. Finally, when the condition
of |∑K

k=1 δk(sk) − δt | < ξ is reached, the iteration stops
and the results of the adaptive sparse coding are obtained.
The implementation of the adaptive sparse coding is shown
in Algorithm 2.

C. Coding of the Superpixel Map

As a recorder of the superpixel segmentation results, the
superpixel map (label map) should be included in the final
compression results (bitstream) of the HSI. The entropy coding
(i.e., Huffman coding [45]) is used to compress and transform
the superpixel map to bits without losing any information.
However, the number of bits for encoding the superpixel
map is large. Especially, when CR is very high, the available
number of bits is limited. A large number of bits used for
encoding the superpixel map can result in fewer bits used for
sparse coding, and thus reduce the compression performance.
Furthermore, as the number of superpixels increases, the super-
pixel map becomes more complex and the cost of encoding
the map is increased. To effectively compress the superpixel
map, we relabel the superpixels to improve the compression
of entropy coding.

For the entropy coding, the minimum number of bits to
compress the superpixel map L can be approximately mea-
sured based on the entropy of signals

H (L) = −M N
K∑

k=1

nk

M N
log2

nk

M N
(9)
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Algorithm 2 Adaptive Sparse Coding
Input: 1). The superpixels {Yk}k=1,2,...,K ; 2). The trained

dictionary D; 3). The overall target distortion δt ;
Output: The sparse coefficients {Xk}k=1,2,...,K ;
1: Calculate step length δt/I ;
2: Set δ0

k = 2δt nk/M N , δ1
k = δ0−�δ, and obtain correspond-

ing sparse coefficients X0
k , X1

k ;
3: Calculate s0

k = nk‖X0
k‖row,0 and s1

k = nk‖X1
k‖row,0;

4: Calculate
�s1

k
�δ1

k
by (7);

5: Xk ← X0
k and i ← 1;

6: while |∑k δi
k − δt | > ξ do

7: Obtain k̂i by (8);
8: Solve Xi

k̂i = arg min ‖Xk̂i ‖row,0 s.t . ‖Yk̂i −
DXk̂i ‖2F < δi

k̂i ;

9: Renew δi+1
k̂i = δi

k̂i −�δ, si
k̂i = nk̂i ‖Xi

k̂i ‖row,0;

10: Solve Xi+1
k̂i = arg min ‖Xk̂i ‖row,0 s.t . ‖Yk̂i −

DXk̂i ‖2F < δi+1
k̂i ;

11: Renew si+1
k̂i = nk̂i ‖Xi+1

k̂i ‖row,0;

12: Calculate
�si+1

k̂i

�δi+1
k̂i

by (7);

13: Xk̂i ← Xi
k̂i and then i ← i + 1;

14: end while

where nk is the number of pixels with the label of k. Since
H (L) is positively related to K and negatively related to nk ,
we can reduce H (L) by reducing K and increasing nk .
Relabeling superpixels is a good method to simultaneously
reduce K and increase nk . The rule is to assign the same
label to the nonadjacent superpixels as much as possible and
make sure that the adjacent superpixels are assigned different
labels. As a consequence, many nonadjacent superpixels share
the same label, which means that K is decreased and nk is
increased, and thus reduce the number of bits for encoding the
superpixel map (i.e., improving the CRs of entropy coding).
At the same time, the results of the superpixel segmentation
are preserved without any losses. Fig. 3 demonstrates the
results of encoding the relabeled map and the original map
by Huffman coding. In Fig. 3, the test data is the Indian
Pines image and the number of superpixels increases from
200 to 1100. As the number of superpixels increases, the
bits of encoding the original map approximately increase
from 150 000 to 220 000. However, the bits of encoding the
relabeled map remain fairly stable around 60 000. Therefore,
the proposed method can significantly reduce the cost of
encoding the superpixel map and is robust for the number
of superpixels. The implementation details of the relabeling
for superpixels can be seen in Algorithm 3.

D. Quantization, Entropy Coding, and Decompression

The final compression results are in the form of bitstream,
which consist of three parts: the nonzero values of sparse
coefficients, the positions of nonzero rows in sparse coeffi-
cients, and the coded superpixel map. The classical Huffman
coding [45] is used to transform the above data to bits.

Fig. 3. Number of bits for coding the superpixel map by the original map
and the relabeled map.

Algorithm 3 Superpixel Map Coding
Input: 1). The label map L of superpixels; 2). The candidate

labels Lc = {1, 2, . . . , L};
Output: The relabeled map L̂ of superpixels;
1: Extract the coordinates �k of the kth superpixel;
2: Initialize relabeled map of superpixels L̂ = 0 ;
3: Select the initial superpixel k = 1 and assign the initial

label by L̂(�1) = 1;
4: for k = 2 : K do
5: Search adjacent superpixels around the kth superpixel

in L̂;
6: Record their labels in the set Lr by removing the

repetitive labels;
7: Calculate the label of the kth superpixel by L̂(�k) =

min{Lc − Lc ∩ Lr };
8: Clear Lr ;
9: end for

Algorithm 4 Decompression
Input: The bitstream of sparse coefficients, coded superpixel

map, and dictionary D;
Output: The reconstructed hyperspectral image Ŷ;
1: Decode the bitstream by Huffman decoding;
2: Requantize and recover the sparse coefficients X̂k and

dictionary D;
3: Decode superpixel map and obtain the spatial coordinates

�k of the kth superpixel;
4: for k = 1 : K do
5: Calculate the spectral signatures of the kth superpixel

by: Ŷ(�k) = D · X̂k ;
6: end for

Since the nonzero values of sparse coefficients are not inte-
gers, they should be quantized before the Huffman coding.
In this paper, the uniform quantizer is used for quantization.
Except for the inverse quantization and the Huffman decoding,
the decompression of the proposed SSASR method mainly
contains the SR reconstruction process, which is shown in
Algorithm 4.
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Fig. 4. False color composites of four HSIs. (a) Indian Pines image
(145 x 145). (b) Washington DC image (280 x 307). (c) Moffett image
(512 x 512). (d) Jasper Ridge image (512 x 512).

III. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, experimental data sets and setup are first
introduced. Then, the compression performances of the pro-
posed SSASR method are evaluated. Next, we analyze the
effect of compression on HSI classification. Finally, the com-
putational complexity of the proposed method is analyzed.

A. Experimental Data Sets and Setup

Four hyperspectral data sets are used: the Indian Pines
image, the Washington DC image, the Moffett image, and
the Jasper Ridge image. The Indian Pines image and
Washington DC image are chosen due to the availability of
labeled ground truth, which will be useful for analyzing the
effect of compression on classification. The Moffett image
and Jasper Ridge image are generally used for HSI compres-
sion [20]. The detailed descriptions of these HSIs are shown
in Fig. 4.

1) Indian Pines Image: The image is collected by the Air-
born/Visible Infrared Imageing Specrometer (AVIRIS) sensor
over the agricultural Indian pine test site in Northwestern
Indiana. This HSI consists of 224 spectral bands across the
spectral range from 0.4 to 2.5 μm and each band contains
145×145 pixels with a spatial resolution of 20 m. The 24 water
absorption and noise bands are removed in the experiment,
i.e., bands 1, 33, 97, 107–111, 153–167, and 224 [19]. The
false color composite of the Indian Pines image is shown
in Fig. 4(a).

2) Washington DC Image: The image is acquired by the
Hyperspectral Digital Image Collection Experiment sensor
over the Washington DC Mall. The spectral range of this image
is from 0.4 to 2.4 μm and the number of spectral bands is 191.
The spatial size of this image is 280×307. Fig. 4(b) shows the
false color composite of the Washington DC image.

3) Moffett and Jasper Ridge Images: The two images
are two popular 16-bit radiance data sets of the AVIRIS
sensor. They have the same spectral range, which is from
0.4 to 2.5 μm, and the number of spectral bands is 224.
The spatial sizes of the two images are both 512× 512. The
false composites of the two HSIs are, respectively, shown
in Fig. 4(c) and (d).

4) Methods for Comparison: To further demonstrate the
effectiveness of the proposed SSASR method, we compare
the SSASR method with other classical or state-of-the-art
compression methods, including the JPEG2000 with band
independent fixed rate (JPEG-BIFR) method [11], the
3-D-SPECK method [17], and the PCA +
JPEG2000 method [19]. In particular, the SSASR method
is also compared with the SR compression method without
considering the spatial information, which is called the PWSR
method. The JPEG-BIFR method first uses JPEG2000 to
compress each band of HSIs by fixing the same target rate
for each band and then distributes the target rate among the
bands with a simple bit allocation method. The 3-D-SPECK
method applies a 3-D DWT to HSIs and then recursively
splits the obtained blocks to find the significant coefficients.
The PCA + JPEG2000 method uses the PCA algorithm
for the spectral decorrelation of HSIs and then adopts the
JPEG2000 for the compression in the spatial domain. The
JPEG-BIFR method and the PCA + JPEG2000 method are
implemented with Kakadu Software.1

5) Parameter Setting: For the proposed SSASR method,
the number K of the superpixels plays an important role in
exploiting the spatial information. Thus, it must be carefully
determined. In this paper, the numbers of the superpixels for
the Indian Pines image, the Washington DC image, the Moffett
image, and Jasper Ridge image are set to 600, 2500, 5000,
and 5000, respectively. The discussion of this parameter will
be demonstrated in the following section. For superpixel con-
struction, the iteration number I is fixed to 10, which can make
superpixels construction algorithm be converged [32]. The size
of entire dictionary D is 1.5 times of the spectral bands’
number B . For subdictionary construction, dissimilar pixels in
training data are automatically picked up and regarded as the
initial cluster centers in the K -means algorithm. The spectral
angle distance (SAD) is used to measure the similarity of two
pixels. When two pixels’ SAD is larger than a threshold α, they
are recognized as dissimilar pixels. Initial cluster centers are
chosen based on the rule that any two initial cluster centers’
SAD should be larger than α. In our experiments, α is set
to an empirical value of 25◦. Let C represent the number of
chosen initial cluster centers. Since C is also the number of
subdictionaries, the number of atoms in each subdictionary
will be P = 1.5B/C . The dictionary for the PWSR method
contains 1.5B atoms, which are HSI pixels uniformly sampled
from image. The parameters of other compression methods
including the JPEG-BIFR method, the 3-D-SPECK method,
and the PCA + JPEG2000 method are set to the default values
in [11], [17], [19], respectively.

1http://www.kakadusoftware.com
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Fig. 5. Rate–distortion performances of various compression methods over four HSIs. (a) Indian Pines image. (b) Washington DC image. (c) Moffett image.
(d) Jasper Ridge image.

B. Compression Performance Comparisons

In this section, the compression performances of the pro-
posed SSASR method are mainly evaluated by the widely used
rate–distortion performance. In addition, the spectral fidelity
of the SSASR method is analyzed as in [20].

1) Rate–Distortion Performance: The rate–distortion per-
formance, which is a very important indicator for HSI com-
pression [19], [20], is analyzed. HSIs are compressed and
then reconstructed by decompressing. The signal-to-noise
ratios (SNRs) between the original image and the recon-
structed images is calculated to measure the distortion of HSIs.
The SNR is calculated by

SNR = 10 log10
‖ Y ‖2F
‖Y − Ŷ‖2F

(10)

where Ŷ denotes the reconstructed hyperspectral data. The
rates are quantified using the bpppb and are ranged from
0.1 to 1 bpppb. Note that the smaller rates mean the larger
CRs. Then, based on the concept that larger SNRs indicate
less distortion of the data, the proposed SSASR method is
compared with other compression methods in terms of SNR
values. The quantitative results over four test HSIs are shown
in Fig. 5. As can be observed in Fig. 5, the proposed SSASR

method achieves the highest SNRs for most rates, which shows
the superiority over compared methods, i.e., the JPEG-BIFR
method [11], 3-D SPECK method [17], PWSR method, and
PCA + JPEG2000 method [19]. Moreover, the improvement
of SSASR method over the PWSR method is large, which
demonstrates the effectiveness of exploiting the spectral and
spatial redundancy for compression. The PCA + JPEG2000
method also has very high SNRs compared with other methods
(e.g., JPEG-BIFR, 3-D-SPECK, and PWSR). Especially when
rates are small (e.g., 0.1 bpppb), the PCA + JPEG2000 method
is comparable to the proposed SSASR method since the gaps
of SNRs are very limited. As rates increase, the SSASR
method obviously outperforms the PCA + JPEG2000 method
in terms of SNR values. Therefore, the proposed SSASR
method provides a good rate–distortion performance.

Next, we conduct the experiments to analyze the effect of
the number K of the superpixels on the proposed SSASR
method. In the experiments, the number of the superpixels
is ranged from small values to large values. The corre-
sponding SNRs with respect to different rates (i.e., 0.1, 0.5,
and 1.0 bpppb) are recorded and used to analyze the effect on
the SSASR method. The visual results are shown in Fig. 6.
As can be seen in Fig. 6, as K increases, SNRs fist grow
to the stable and optimal values and then gradually drop.
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Fig. 6. Rate–distortion performances of various compression methods over four HSIs. (a) Indian Pines image. (b) Washington DC image. (c) Moffett image.
(d) Jasper Ridge image.

For the four HSIs, the stable SNRS are obtained when the
numbers of superpixels are ranged from 500 to 800, 2500
to 3500, 4000 to 6000, and 4000 to 6000, respectively. The
reasons why the SNR reduces with too small and too large K
are shown below. A too small K means that each superpixel
contains many pixels. This can make the superpixel more
heterogeneous and thus degrade the performance of joint
sparse coding (i.e., simultaneously SR). As a result, HSIs are
distorted more seriously after compression. A too large K
means each superpixel contains less pixels and will result in
the degradation of the SSASR method to the PWSR.

2) Spectral Fidelity Analysis: The rate–distortion perfor-
mance is used to evaluate the overall data fidelity. Except for
the overall data fidelity, we also care about the spectral fidelity
since spectral information is very important for HSI applica-
tions, e.g., classification and target detection. To analyze the
spectral fidelity, we conduct experiments by directly measuring
the distortion of all HSI pixels’ spectra. The Indian Pines
image and Washington DC image are used as test images.
In the experiments, the spectral distortion between original
HSI pixels and corresponding reconstruction pixels (obtained
after decompressing) are measured by the SADs. The SAD
between original pixel y and reconstruction pixel ŷ can be
denoted by

SAD(y, ŷ) = cos−1 yT ŷ
‖y‖2 · ‖ŷ‖2 . (11)

The smaller value of SAD means that the spectra of two
pixels are more similar, and thus indicates that the distortion

of pixels’ spectra is smaller. The mean and standard deviation
of SADs over all pixel pairs (original pixel and reconstructed
pixel) are calculated to indicate the average spectral distortion
of HSIs. The obtained mean and standard over two test
HSIs are shown in Table I. In order to further show the
effectiveness of the proposed SSASR method, we compare
the results of SSASR method with the results of other com-
pression methods (i.e., JPEG-BIFR [11], 3-D-SPECK [17],
PCA + JPEG2000 [19], and PWSR). All mean and standard
values of SADs with respect to various compression methods
are also shown in Table I. As can be observed in Table I,
in most cases, the proposed SSASR method has the smallest
values of μSAD and σSAD, which means that the average
spectral distortion of the proposed SSASR method is smaller
than other compression methods. Therefore, the proposed
SSASR method has a good performance of spectral fidelity.

C. Effect of Compression on Classification

Classification is an important application of HSIs. In order
to analyze the effect of compression on classification, we con-
duct experiments in this section. Similar to other HSI compres-
sion works [11], [19], [46], the pixelwise SVM [47] with RBF
kernel is used as the classifier. The classifier is used to classify
the reconstruction HSIs (obtained after decompressing) and
original HSIs, respectively. The obtained classification results
can be used for analysis. In the experiments, the Indian Pines
image and Washington DC image are used as test images since
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TABLE I

MEAN AND STANDARD DEVIATION OF SADs OVER ENTIRE HSIs WITH RESPECT TO VARIOUS COMPRESSION METHODS: JPEG-BIFR [11],
3-D-SPECK [17], PCA + JPEG2000 [19], PWSR, AND SSASR. THE SMALLEST VALUES FOR EACH CASE ARE GIVEN IN BOLD

the two HSIs have labeled pixels (i.e., ground reference). In the
pixelwise classification, 10% and 4% of the labeled pixels in
the Indian Pines image and the Washington DC image are,
respectively, used for training, and the rest labeled pixels are
test samples. The classification results with respect to various
compression methods are shown in Fig. 7. The classification
results over original HSIs are used as referential results and
represented by the red dotted lines.

Since pixelwise SVM classification is mainly based on spec-
tral information, the distortion of spectral information by HSI
compression can change the classification results. Therefore,
as the change of classification results is large, it means that
HSI compression seriously distorts spectral information and
thus largely influences classification performance. As reported
in Fig. 7(a), all compression methods distort spectral infor-
mation and thus have lower classification accuracies than
referential accuracies, especially when rates are small (from
0.1 to 0.3 bpppb). However, overall accuracies (OAs) of the
SSASR method are consistently closer to referential OAs
compared with those of other methods. The experiments of
spectral fidelity analysis in the last section have shown that the
spectral distortion of the SSASR method is smaller. As a result,
the change of classification results by the SSASR compression
is smaller. Therefore, the influence of the SSASR compression
on classification is smaller. Unlike the Washington DC image,
which contains many detailed regions, the Indian Pines image
mainly consists of large homogeneous regions and contains
less detailed regions. Therefore, some compression methods,
which smooth HSIs, can improve classification accuracies over
the Indian Pines image. For example, Fig. 7(b) shows that
the JPEG-BIFR method has very high classification accuracies
when rates are small (i.e., 0.1 to 0.3 bpppb). The classification
accuracies of the JPEG-BIFR method are even much higher
than the referential accuracies, which means that the change
of classification results by the JPEG-BIFR method is large.

Fig. 7. OA (%) with respect to various compression methods over two HSIs.
(a) Washington DC image. (b) Indian Pines image.

Therefore, the influence of the JPEG-BIFR compression on
classification is large. As can be seen in Fig. 7(b), the
classification results of the proposed SSASR method are closer
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TABLE II

EXECUTION TIME(s) OF THE Indian Pines IMAGE COMPRESSION
OBTAINED BY JPEG-BIFR [11], 3-D-SPECK [17],

PCA + JPEG2000 [19], PWSR, AND SSASR

to the referential results in most cases, which indicates that the
SSASR compression’s influence on classification is smaller.

D. Computational Complexity

The complexity of the proposed SSASR algorithm is ana-
lyzed in this section. Let M × N × B represent the size of
an HSI. According to [32], the complexity of the superpixel
construction is O(M N Is B), where Is means the number of
iterations required for convergence.

Dictionary construction in this paper has the complexity of
O(K C I ) + O((K/C)3), where I is the number of iterations
for the K -means algorithm. O(K C I ) is the complexity of
the K -means algorithm and O((K/C)3) is the complexity
of subdictionary construction. The adaptive sparse coding of
superpixels mainly consists of two parts, the initial coding and
the iterative coding of superpixels. The SOMP algorithm of
solving (4) is the main step in both parts. The complexity
of the SOMP algorithm is O(B3). In the initial coding, the
SOMP algorithm is separately applied to K superpixels, so
the complexity of this part is O(K B3). In the iterative coding,
the SOMP algorithm runs one time for each iteration. Thus, the
complexity of iterative coding is O(Ic B3), where Ic denotes
the number of iterations.

After the adaptive sparse coding, the main computation
burden lies on the Huffman coding. The complexity of
Huffman coding is O(ηM N log(ηM N)), where ηM N is the
overall number of nonzero values with respect to all sparse
coefficients. Therefore, the total complexity of the proposed
SSASR algorithm is O(M N Is B)+O(K C I )+O((K/C)3)+
O(K B3)+ O(Ic B3)+ O(ηM N log(ηM N)).

According to [17], except for 3-D DWT and the entropy
coding processes, only the most basic operations, e.g., memory
access, bit shifts, additions, and comparisons, are required in
the 3-D-SPECK method. For the PCA + JPEG2000 method,
the computation burden mainly lies on the implementation
of JPEG2000. The execution times of various compression
methods are shown in Table II. To save space, Table II shows
the results on the Indian Pines image. The execution time in
Table II is obtained based on the laptop, which has an Intel
Core CPU of 2.50 GHz and a 16-GB RAM. The PWSR and
SSASR methods are implemented on the MATLAB platform

(Huffman coding is implemented by C/C++ code). With
superpixel strategy, the SSASR method is more efficient than
the PWSR method, which is a pixel-level process, and thus
has less execution time in Table II. The 3-D SPECK method,
JPEG-BIFR method, and PCA + JPEG2000 method are
implemented by C/C++ code. Furthermore, the JPEG-BIFR
and PCA + JPEG2000 methods are based on Kakadu Soft-
ware, which is an optimized software of JPEG2000. Therefore,
they have less execution time than the PWSR and SSASR
methods. Note that parallel computation and C/C++ version
code can be used to accelerate the proposed method.

IV. CONCLUSION

This paper proposes a new SSAR method for HSI lossy
compression. In order to exploit the spatial and spectral
redundance in the HSI, the SSASR method first constructs
the superpixels to group neighboring and similar pixels. Then,
the spectral signatures of each superpixel are simultaneously
represented by the adaptive sparse coding scheme and result in
the joint sparsity in the sparse coefficients. Finally, the sparse
coefficients are transformed into bits by Huffman coding and
constitute the final bitstream with the encoded superpixel
map. The proposed SSASR compression method is evaluated
by not only the rate–distortion performance but also the
spectral fidelity performance. The experimental results show
the superiority of the proposed SSASR method over several
state-of-the-art compression methods.

In this paper, Huffman coding is used to transform the
sparse coefficients into the bitstream without considering the
contextual structure in the sparse coefficients. In addition,
the number of superpixels is empirically selected, which is
not adaptive for different HSIs. Therefore, our future work
will focus on using the contextual structure of the sparse
coefficients to further compress the superpixels and adaptively
determining the number of superpixels for different HSIs.
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