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ABSTRACT

In this paper, we develop a new lossy compression framework for hy-
perspectral images, termed hyperspectral coded aperture (HYCA),
which combines the ideas of spectral unmixing and compressive
sensing. It takes advantage of two main properties of hyperspec-
tral data, namely the high spatial correlation that can be observed
in the data and the generally low number of endmembers needed in
order to explain the data. In other words, our proposed approach
intends to exploit the fact that the high dimensional hyperspectral
data lives in a subspace of much lower dimension due to the mixing
phenomenon. Our experimental results, conducted with synthetic
hyperspectral data, indicate that the proposed approach represents a
promising new strategy.

Index Terms—Hyperspectral imaging, compressive sensing,
spectral unmixing.

1. INTRODUCTION

Hyperspectral imaging allows an imaging spectrometer to collect
hundreds of bands (at different wavelength channels) for the same
area on the surface of the Earth [1]. For instance, the NASA Jet
Propulsion Laboratory’s Airborne Visible Infra-Red Imaging Spec-
trometer (AVIRIS) covers the wavelength region from 0.4 to 2.5 mi-
crons using 224 spectral channels, at nominal spectral resolution of
10 nanometers [2]. The resulting multidimensional data cube typi-
cally comprises several gigabytes per � ight. Due to the extremely
large volumes of data collected by imaging spectrometers, hyper-
spectral data compression has received considerable interest in re-
cent years [3, 4]. These data are usually collected by a satellite or
an airbone instrument and sent to a ground station on Earth for sub-
sequent processing. Usually the bandwith connection between the
satellite/airborne platform and the ground station is reduced, which
limits the amount of data that can be transmitted. As a result, there
is a clear need for (either lossless or lossy) hyperspectral data com-
pression techniques that can be applied onboard the imaging instru-
ment [5–7].

In addition to extremely large dimensionality, another problem
in the analysis of hyperspectral data is the presence of mixed pix-
els [8], which result from insuf� cient spatial resolution or due to
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the presence of the mixture phenomenon at different scales. Mixed
pixels can also result when distinct materials are combined into a
homogeneus or intimate mixture. The spectra of the individual ma-
terials wich forms the mixed pixel are often called endmembers in
the hyperspectral imaging literature [9]. Linear spectral unmixing
is one of the more simple and widely used approaches for charac-
terizing mixed pixels in hyperspectral data [10]. Let us assume that
Y ∈ R

l×n is a hyperspectral image with l bands and n pixels. Under
the linear mixture assumption, we can model the hyperspectral data
as follows:

Y = MA + N, (1)

where M ∈ R
l×p is a matrix containing p endmembers and A ∈

R
p×n contains the abundance fractions asociated to each endmem-

ber in each pixel of the scene. Finally, N ∈ R
l×n is a matrix which

represents the noise introduced in the model by the acquisition pro-
cess. Over the last years, several techniques have been proposed for
identifying the endmembers in M [11] and the abundances in A [10].
As a result, spectral unmixing has become an active research topic
in recent years.

In this paper, we develop a new lossy compression frame-
work for hyperspectral images, termed hyperspectral coded aperture
(HYCA), which combines the ideas of spectral unmixing and com-
pressive sensing [12–16]. It takes advantage of two main properties
of hyperspectral data, namely the high spatial correlation that can
be observed in the data and the generally low number of endmem-
bers needed in matrix M in order to explain the data Y. In other
words, our proposed approach intends to exploit the fact that the
high dimensional hyperspectral data lives in a subspace of much
lower dimension due to the mixing phenomenon. In the following,
we describe the newly developed approach and illustrate its potential
using synthetic data.

2. METHOD DESCRIPTION

The HYCA algorithm is a lossy compresion algorithm for hyper-
spectral images. It is an algorithm of compressive sensing type
which compresses the data on the adquisition process, then the com-
pressed signal is sent to Earth and stored in compressed form. Later
the original signal can be recovered with great � delity by taking ad-
vantage of the fact that the hyperspectral data can be explained using
a reduced set of spectral endmembers due to the mixing phenomenon
and also exploits the high spatial correlation of the fractional abun-
dances associated to the spectral endmembers. The algorithm can be
brie� y summarized as follows. First, we sub-sample the original hy-
perspectral data cube Y using a square window of sizem = ws×ws.
For each window, we take each pixel in each position of the window
and use it to generate a sub-sampled version of the original image
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Y. For instance, if ws = 2, we obtain m = 4 sub-sampled ver-
sions of the original image so that Y = [Y1, · · · ,Y4], where the
size in pixels of each sub-sampled version is n/4; if ws = 3, we
obtain m = 9 sub-sampled versions of the original image so that
Y = [Y1, · · · ,Y9], where the size in pixels of each sub-sampled
version is n/9. As a result, depending on the size ws of the win-
dow we obtain set of m sub-sampled versions of the original image
so that Y = [Y1,Y2, · · · ,Ym]. In order to compress the original
hyperspectral image and bring its dimensionality from l to q with
l > q, thus achieving a compression ratio of l/q, we generate a ran-
dom matrix H = [H1, · · · ,Hm] where each {Hi}mi=1 ∈ R

q×l is a
random matrix. With these considerations in mind, we can compress
the hyperspectral data Y by multiplying it by matrix H, obtaining
HY ∈ R

q×n as follows:

HY = [H1Y1, · · · ,HmYm] = HMA (2)

Let us now assume that K = HM = [H1M, · · · ,HmM]. If
we have available the matrices M and H, we can estimate A and de-
compress the transmitted, q-dimensional HY to obtain the original,
l-dimensional image Y on the ground after data transmission. In or-

der to do this, let ‖A‖F ≡
√

trace{AAT } be the Frobenius norm
of A. Since the abundance maps in hyperspectral images exhibit a
lot of spatial correlation, we exploit this feature for estimating matrix
A using the following optimization problem:

min
A

1

2
‖Y −KA‖2F + λTV TV(A), (3)

subject to A ≥ 0,

where:

TV(A) ≡
∑

{i,j}∈ ε
‖ai − aj‖1 (4)

is a vector extension of the non-isotropic TV [17], [18], which pro-
motes piecewise constant (or smooth) transitions in the fractional
abundance of the same endmember among neighboring pixels, and ε
denotes the set of horizontal and vertical neighbors in the image. It
should be noted that the optimization problem in Eq. (3), although
convex, is very hard to solve owing to non-smooth terms and its huge
dimensionality. To solve the problem in Eq. (3), we follow closely
the methodology introduced in [19]. The core idea is to introduce
a set of new variables per regularizer and then use the alternating
direction method of multipliers (ADMM) [20] to solve the resulting
constrained optimization problem. By a careful choice of the new
variables, the initial problem is converted into a sequence of much
simpler problems. With this in mind, an equivalent way of writing
the optimization problem in Eq. (3) is:

min
A

1

2
‖Y −KA‖2F + λTV ‖LA‖1,1 + ιR+(A), (5)

where L ≡ [Lh
TLv

T ]T is a linear operator computing the hori-
zontal and vertical differences between the components of A corre-
sponding to neighboring pixels and ιR+(A) =

∑n
i=1 ιR+(ai) is the

indicator function (ai represents the i-th column of A and ιR+(ai)
is zero if ai belongs to the nonnegative orthant and +∞ otherwise).
Given the objective function in Eq. (5), we write the following (con-

strained) equivalent formulation:

min
A,V1,V2,V3,V4

1

2
||Y − KV1||2F + ιR+(V2) + λTV ||(V3,V4)||1

subject to A = V1

A = V2

LA = (V3,V4)
(6)

3. EXPERIMENTAL RESULTS

In this section, we illustrate the proposed HYCA approach us-
ing synthetic hyperspectral images generated from spectral signa-
tures randomly selected from the United States Geological Survey
(USGS)1. The simulated images consist of a set of 5× 5 squares of
10×10 pixels each one, for a total size of 110×110 pixels. The � rst
row of squares contains the endmembers, the second row contains
mixtures of two endmembers, the third row contains mixtures of
three endmembers, and so on. Zero-mean Gaussian noise was added
to the synthetic scenes in different signal to noise ratios (SNRs) –
30dB, 50dB and 70dB– to simulate contributions from ambient and
instrumental sources, following the procedure described in [21]. For
illustrative purposes, Fig. 1 displays the ground-truth abundances
maps used for generating the simulated imagery.

In order to evaluate the performance of the HYCO method,
we used as performance discriminator the root mean square error
(RMSE) between the original image and the reconstructed image
after data compression and decompression. In our experiments, we
used a window size of ws = 2, so that m = 4. Here, the number
of endmembers was set to p = 5 based on the ground-truth infor-
mation. For the synthetic image without noise, we used the USGS
endmembers to form matrix M while in the noisy cases we de-
rived the endmembers using the vertex component analysis (VCA)
algorithm [21]. In this experiment, we bring the dimensionality
of the original hyperspectral image from l = 224 to q = 3, thus
achieving a compression ratio of l/q = 74.67. Table 3 shows the
RMSE between the original and the reconstructed images. Here,
we performed 10 Monte-Carlo runs for each case as the generation
of matrix H is random and reported the average value obtained
(plus/minus the standard deviation) in Table 3. In all cases, we
optimized the λTV parameter empirically. As shown by Table 3, the
RMSE values are consistently very low, with very small standard
deviation across the conducted Monte-Carlo runs. For illustrative
purposes, Fig. 2(a) shows one of the spectral bands of the original
synthetic image with SNR=∞ (speci� cally, band number 50) while
Fig. 2(e) shows the same band in the image after compression and
decompression. Similarly, the image pairs in Figs. 2(b,f), Fig. 2(c,g)
and Fig. 2(d,h) show the same band in the original and reconstructed
image for SNR values of 70dB, 50dB and 30dB, respectively. Even
in high noise scenarios, the quality of the decompressed image is
quite high, despite the use of a very high compression ratio above
70. Despite the fact that the results obtained are very encouraging,
further experimentation with real hyperspectral scenes is highly
desirable. These will be conducted in future work.
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(a) Endmember #1 (b) Endmember #2 (c) Endmember #3 (d) Endmember #4 (e) Endmember #5

Fig. 1. True abundance maps of endmembers in the synthetic hyperspectral data.
.

Table 1. Average (plus/minus standard deviation) of the reconstruction RMSE between the original and the reconstructed images after
compression/decompression (for different SNR values) after 10 Monte-Carlo runs.

SNR=30dB SNR=50dB SNR=70dB SNR=∞
0.01820 ± 0.00095 0.0025 ± 0.00031 0.00055 ± 0.00020 0.00030 ± 0.00025

(a) Original (SNR=∞) (b) Original (SNR=70dB) (c) Original (SNR=50dB) (d) Original (SNR=30dB)

(e) Decompressed (SNR=∞) (f) Decompressed (SNR=70dB) (g) Decompressed (SNR=50dB) (h) Decompressed (SNR=30dB)

Fig. 2. Band 50 of the synthetic hyperspectral image (top row) and the decompressed image (bottom row) for different SNR values.
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