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Abstract—One of the most popular and widely used techniques
for analyzing remotely sensed hyperspectral data is spectral un-
mixing, which relies on two stages: (i) identification of pure spec-
tral signatures (endmembers) in the data, and (ii) estimation of the
abundance of each endmember in each (possibly mixed) pixel. Due
to the high dimensionality of the hyperspectral data, spectral un-
mixing is a very time-consuming task. With recent advances in re-
configurable computing, especially using field programmable gate
arrays (FPGAs), hyperspectral image processing algorithms can
now be accelerated for on-board exploitation using compact hard-
ware components with small size and cost. Although in previous
work several efforts have been directed towards FPGA implemen-
tation of endmember extraction algorithms, the abundance esti-
mation step has received comparatively much less attention. In this
work, we develop a parallel FPGA-based design of the image space
reconstruction algorithm (ISRA), a technique for solving linear in-
verse problems with positive constraints that has been used to es-
timate the abundance of each endmember in each pixel of a hyper-
spectral image. It is an iterative algorithm that guarantees conver-
gence (after a certain number of iterations) and positive values in
the results of the abundances (an important consideration in un-
mixing applications). Our system includes a direct memory access
(DMA) module and implements a pre-fetching technique to hide
the latency of the input/output communications. The method has
been implemented on a Virtex-4 XC4VFX60 FPGA (a model that
is similar to radiation-hardened FPGAs certified for space opera-
tion) and tested using real hyperspectral data sets collected by the
Airborne Visible Infra-Red Imaging Spectrometer (AVIRIS) over
the Cuprite mining district in Nevada and the Jasper Ridge Biolog-
ical Preserve in California. Experimental results demonstrate that
our hardware version can significantly outperform an equivalent
software version, thus being able to provide abundance estimation
results in near real-time, which makes our reconfigurable system
appealing for on-board hyperspectral data processing.
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I. INTRODUCTION

H YPERSPECTRAL imaging, also known as imaging
spectroscopy, is a technique that has been widely used

during recent years in Earth and planetary remote sensing [1].
It generates hundreds of images, corresponding to different
wavelength channels, for the same area on the surface of the
Earth. The concept of hyperspectral imaging originated at
NASA’s Jet Propulsion Laboratory in California, which devel-
oped instruments such as the Airborne Imaging Spectrometer
(AIS), then called AVIRIS (for Airborne Visible Infra-Red
Imaging Spectrometer [2]). This system is now able to cover
the wavelength region from 400 to 2500 nanometers using 224
spectral channels, at nominal spectral resolution of 10 nanome-
ters. As a result, each pixel (considered as a vector) collected by
a hyperspectral instrument can be seen as a spectral signature
or ‘fingerprint’ of the underlying materials within the pixel (see
Fig. 1).
The number and variety of processing tasks in hyperspectral

remote sensing is enormous [3]. However, one of the main prob-
lems in hyperspectral data exploitation is the presence of mixed
pixels [4], which arise when the spatial resolution of the sensor
is not enough to separate spectrally distinct materials [5]. Spec-
tral unmixing is one of the most popular techniques to analyze
hyperspectral data [6]. It comprises two stages: (i) identification
of pure spectral signatures (endmembers) in the data [7], and (ii)
estimation of the abundance of each endmember in each (pos-
sibly mixed) pixel [8].
A standard technique for spectral mixture analysis is linear

spectral unmixing [7], [8], which assumes that the collected
spectra at the spectrometer can be expressed in the form of
a linear combination of endmembers weighted by their cor-
responding abundances (see Fig. 2). It should be noted that
the linear mixture model assumes minimal secondary reflec-
tions and/or multiple scattering effects in the data collection
procedure, and hence the measured spectra can be expressed
as a linear combination of the spectral signatures of materials
present in the mixed pixel [see Fig. 3(a)]. Although the linear
model has practical advantages such as ease of implementation
and flexibility in different applications [5], nonlinear spectral
unmixing may best characterize the resultant mixed spectra for
certain endmember distributions, such as those in which the
endmember components are randomly distributed throughout
the field of view of the instrument [4], [9]. In those cases, the
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Fig. 1. The concept of hyperspectral imaging.

Fig. 2. Graphical interpretation of the linear mixture model.

mixed spectra collected at the imaging instrument is better de-
scribed by assuming that part of the source radiation is multiply
scattered before being collected at the sensor [see Fig. 3(b)].
Despite the fact that the nonlinear model may be more precise
in certain circumstances, its proper application requires a priori
information about the geometry and physical properties of the
observed objects, making it difficult to address in situations
where there is no such information. In the following, we focus
on the linear model for simplicity.
Due to the high dimensionality of the hyperspectral data,

spectral unmixing is a very time-consuming task [10]. With
recent advances in reconfigurable computing, especially using
field programmable gate arrays (FPGAs) [11]–[13], hyperspec-
tral image processing algorithms can now be accelerated for
on-board exploitation using compact hardware components
with small size and cost. As the hardware design can be carried
out at the register-transfer level (RTL), the emerging electronic
design automation (EDA) tools allow design engineers to
perform hardware/software co-design by transforming imple-
mentations developed in high-level programming languages
into low level RTL designs in such a way that the design cycle
can be greatly simplified. Therefore, as the hardware advances,
the real-time implementation of the software and the subse-
quent on-board processing have become feasible goals in the
context of remotely sensed hyperspectral imaging [14], [15].

FPGAs are now fully reconfigurable [16], [17], a technological
feature that, in our application context, allows a control station
on Earth to adaptively select a data processing algorithm (out
of a pool of available algorithms implemented on the FPGA) to
be applied on-board. The ever-growing computational demands
of remote sensing applications can fully benefit from compact,
reconfigurable hardware components and take advantage of
the small size and relatively low cost of these units [18]–[20].
Although in previous work several efforts have been directed
towards FPGA implementation of endmember extraction algo-
rithms [21]–[26], the abundance estimation step has received
comparatively much less attention in this kind of hardware
platform.
In this work, we develop a parallel FPGA-based design

of the image space reconstruction algorithm (ISRA) [27], a
technique for solving linear inverse problems with positive
constraints that has been used in hyperspectral imaging ap-
plications to estimate the proportion of each endmember in
each pixel of a hyperspectral image [28], [29]. ISRA is one
of numerous existing algorithms for abundance estimation in
hyperspectral image data, including expectation-maximiza-
tion maximum likelihood (EMML) [30], fully constrained
least-squares unmixing (FCLSU) [8], and non-negative con-
strained least-squares unmixing (NNLSU) [31]. All these
algorithms are computationally intensive and place a heavy
burden on computing systems. The main distinguishing fea-
tures of ISRA are its iterative unmixing nature [32], and the
fact that it guarantees convergence (after a certain number of
iterations) and positive values in the results of the abundances.
This is an important consideration in unmixing applications, as
the derivation of negative abundances (which is possible if an
unconstrained model for abundance estimation is applied [5])
is not physically meaningful. Our main reasons for selecting
the ISRA algorithm for hardware implementation over other
abundance estimation algorithms are: (i) the fact that this algo-
rithm provides physically meaningful abundance estimations,
(ii) its iterative nature, which allows controlling the quality of
the obtained solutions depending on the number of iterations
executed, and (iii) the higher computational complexity of
this algorithm as compared to other abundance estimation
solutions, which demands fast implementations in order to be



250 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 5, NO. 1, FEBRUARY 2012

Fig. 3. Linear versus nonlinear mixture models: (a) single scattering versus (b) multiple scattering.

fully operational. Our parallel design to accelerate the ISRA
algorithm has been implemented on a Virtex-4 XC4VFX60
FPGA (a model that is similar to radiation-hardened FPGAs
certified for space operation) and tested using real hyperspectral
data sets collected by AVIRIS.
The remainder of the paper is organized as follows. Section II

formulates the spectral unmixing problem in mathematical
terms and describes the ISRA algorithm. Section III describes
its parallel implementation on a Xilinx Virtex-4 XC4VFX60
FPGA. Section IV provides an experimental assessment of both
abundance estimation accuracy and parallel performance of
the proposed FPGA-based implementation using well-known
hyperspectral data sets collected by AVIRIS over two different
sites: the Cuprite mining district in Nevada, and the Jasper
Ridge Biological Preserve in California. Finally, Section V
concludes with some remarks and hints at plausible future
research lines.

II. SPECTRAL UNMIXING AND THE IMAGE SPACE
RECONSTRUCTION ALGORITHM (ISRA)

Let us assume that a hyperspectral scene with bands
is denoted by , in which a (possibly mixed) pixel of
the scene is represented by an -dimensional vector

, where denotes the set of
real numbers in which the pixel’s spectral response at sensor
wavelengths is included. Under the linear mixture
model assumption [6], each pixel vector can be approximated
using the following expression:

(1)

where denotes the spectral response of an endmember, is
a scalar value designating the fractional abundance of the end-
member , is the total number of endmembers, and is a
noise vector. It should be noted that can be seen
as a matrix. The solution of the linear spectral mixture
problem described in (1) relies on the correct determination of
a set of endmembers and their correspondent abundance frac-
tions at each pixel . A -dimensional uncon-

strained abundance estimate in can be simply obtained (in
least squares sense) by the following expression [5]:

(2)

The main advantages of the unconstrained abundance estima-
tion approach in (2) are: (i) the simplicity of its implemen-
tation, and (ii) its fast execution. However, under this uncon-
strained model the derivation of negative abundances is possible
if the model endmembers are not pure or if they are affected by
variability caused by spatial or temporal variations [7]. To ad-
dress this issue, two physical constrains can be imposed into the
model described in (1), these are the abundance non-negativity
constraint (ANC), i.e., , and the abundance sum-to-one
constraint (ASC), i.e., [8]. Imposing the ASC
constraint results in the following optimization problem:

(3)

Similarly, imposing the ANC constraint results in the fol-
lowing optimization problem:

(4)

As indicated in [8], a fully constrained (i.e. ASC-constrained
and ANC-constrained) estimate can be obtained in least-squares
sense by solving the optimization problems in (3) and (4) simul-
taneously. While partially constrained solutions imposing only
the ANC have found success in the literature [31], the ASC is
however, prone to strong criticisms because, in a real image,
there is a strong signature variability [33] that, at the very least,
introduces positive scaling factors varying from pixel to pixel in
the signatures present in the mixtures. As a result, the signatures
are defined up to a scale factor, and thus, the the ASC should be
replaced with a generalized ASC of the form ,
in which the weights denote the pixel-dependent scale fac-
tors. What we conclude is that the non-negativity of the end-
members automatically imposes a generalized ASC. For this
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reason, in this work we focus on solutions that do not explic-
itly impose the ASC constraint but only the ANC constraint.
A non-negative constrained least-squares (NCLS) algorithm

can be used to obtain a solution to the ANC-constrained problem
described in (4) in iterative fashion [31]. A successful approach
for this purpose in different applications [34] has been ISRA
[27], a multiplicative algorithm for solving NCLS problems.
The algorithm is based on the following iterative expression:

(5)

where the endmember abundances at pixel are iteratively es-
timated, so that the abundances at the -th iteration, ,
depend on the abundances estimated at the -th iteration, .
The procedure starts with an unconstrained abundance estima-
tion which is progressively refined in a given number of it-
erations. For illustrative purposes, Algorithm 1 shows the ISRA
pseudocode for unmixing one hyperspectral pixel vector using
a set of endmembers. For simplicity, in the pseudocode is
treated as an -dimensional vector, and is treated as a -di-
mensional matrix. The estimated abundance vector is a -di-
mensional vector, and variable denotes the number of iter-
ations per pixel in the abundance estimation process. The pseu-
docode is subdivided into the numerator and denominator cal-
culations in (5). When these terms are obtained, they are divided
and multiplied by the previous abundance vector. It is important
to emphasize that the calculations of the fractional abundances
for each pixel are independent, so they can be calculated simul-
taneously without data dependencies, thus increasing the possi-
bility of parallelization.

Algorithm 1 Pseudocode of ISRA algorithm for unmixing one
hyperspectral pixel vector using a set of endmembers

// For a certain number of iterations

for ( ; ; ) {

// For all endmembers

for ( ; ; ) {

// For all bands

for ( ; ; ) {

// Calculate the numerator of (5)

;

// Calculate the denominator of (5) using
from previous iteration (in the first iteration,

)

for ( ; ; ) {

;

end for

;

;

} end for

// Calculate the new

);

;

;

} end for

} end for

In order to achieve the highest degree of parallelization and
hardware reuse as possible, we have rewritten Algorithm 1 in
order to make sure that each processing unit consumes the least
possible resources. For this purpose, in Algorithm 2 the numer-
ator is obtained by first calculating the dot-product between the
pixel and the endmember, and then the result is multiplied by the
previous abundance fraction. Subsequently, in order to calculate
the denominator we use the same structure to obtain partial sums
that will be accumulated until we obtain the final result. Finally,
we divide the numerator by the denominator at each iteration.
In the following section we develop an FPGA implementation
of Algorithm 2.

Algorithm 2 Modified version of Algorithm 1 in order to
achieve higher degree of parallelization

// For a certain number of iterations

for ( ; ; ) {

// For all endmembers

for ( ; ; ) {

// For all bands

for ( ; ; ) {

;

} end for

;

for ( ; ; ) {

for ( ; ; ) {

;

} end for

;

;

} end for

// Calculate the new

;

;

;

} end for

} end for
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Fig. 4. Hardware architecture to implement the complete system.

III. FPGA IMPLEMENTATION OF ISRA

Fig. 4 shows the architecture of the hardware used to im-
plement the ISRA algorithm, along with the input/output (I/O)
communications. For data input, we use a double data rate
(DDR2)-type synchronous dynamic random access memory
(SDRAM) and a direct memory access (DMA) module (con-
trolled by a PowerPC) with a first-in first-out (FIFO) unit to
store pixel data. The ISRA module is used to implement our
parallel version of the ISRA. Finally, a transmitter is used to
send the fractional abundances via a RS232 port. The general
structure of the hardware used to implement the ISRA can be
seen as a pipelined architecture. We can distinguish three stages
which are communicated using the FIFO structure: the first
stage provides the necessary data for the system (endmembers
and image data), the second stage carries out the abundance
estimation process for each pixel, and finally the third stage
sends such fractional abundances via a RS232 port. In our im-
plementation these three steps work in parallel. In other words,
while our design is sending some results, it is also computing
the following results and reading the next data needed.
Fig. 5 shows the hardware architecture used to implement the

ISRA basic unit. Three different memories are used to store the
endmembers, the current pixel, and the fractional abundances
for the current pixel, respectively. The ISRA data path repre-
sents the hardware architecture used to perform the calculations.
The control unit carries out the ISRA execution: it reads the ap-
propriate memory locations for each of the memories and up-
dates the fractional abundances. In addition, we use a combi-
national circuit based on multiplexers to select the appropriate
input data. Once calculated, the system writes the estimated
abundances to the read FIFO.
Fig. 6 describes the architecture of the data path used to im-

plement the ISRA basic unit following the design criteria dis-
cussed in the previous section. The dot-product unit is used
for calculating both the numerator and denominator in (5), al-
lowing a proper reuse of hardware resources. To perform the
update of a fractional abundance value, it proceeds as follows:

Fig. 5. Hardware architecture to implement the ISRA basic unit.

Fig. 6. Hardware architecture to implement the ISRA data path.

during cycles (where is the number of bands) it computes
the dot-product between the current pixel and the endmember
corresponding to the proportion of abundance that is being up-
dated. In the next clock cycle, the result of the dot-product is
multiplied by the previous abundance fraction and the result is
stored in a register called , thus concluding the calculation
of the numerator. To calculate the denominator, the aforemen-
tioned procedure is repeated times (where is the number of
endmembers) with the appropriate input data, while partial re-
sults are accumulated using an adder and the register . The
calculation of the denominator requires therefore
clock cycles. The process finalizes with the division between the
numerator and the denominator in 5 clock cycles.
Since the fractional abundances can be calculated simultane-

ously for different pixels, the calculation of the ISRA algorithm
can be parallelized as illustrated in Fig. 7. As we can see, the
ISRA basic unit is replicated times and we add two referees,
one to read from the write FIFO and to send data to the corre-
sponding basic unit or units, and the other to write the abun-
dance fractions to the read FIFO. The number of times that we
can replicate the ISRA basic unit is determined by the amount
of available hardware resources and fixes the speedup of the
parallel implementation. Since the FIFOs are now shared for all
the ISRA basic units, a mechanism that guarantees that only one
unit is using the FIFOs at each time must be incorporated. The
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Fig. 7. Hardware architecture to implement the parallel ISRA module.

TABLE I
SUMMARY OF RESOURCES USED FOR THE FPGA IMPLEMENTATION OF

THE ISRA DATA PATH IN THE VIRTEX-4 XC4VFX60

most straightforward solution for this problem is to include a
referee module that checks which units need to use the FIFOs
and acknowledges the right to use one of the units following
some criteria. At this point, it is important to clarify that intro-
ducing a referee for a large number of modules would not de-
termine the critical path of the system. This is because for all
pixels the number of iterations is the same, and hence the be-
havior of the referees are quite predictable since the readings
from the write FIFO and the writings to the read FIFO will al-
ways be in order.
To reduce the amount of hardware resources needed to im-

plement the ISRA module, we have analyzed the amount of
hardware resources required for the ISRA basic unit in a spe-
cific hardware architecture (Xilinx Virtex-4 XC4VFX60) that
will be described later on. Table I shows the results of this anal-
ysis. As we can see in Table I, the divisor required approx-
imately one third of the available resources of the data path
and yet is the component used the least time. Therefore, it is a
very good candidate to improve resources consumption. To ad-
dress this issue, we propose to have a single divisor shared by
all ISRA basic units and meet the request of each ISRA basic
unit using a referee. However, since the number of clock cy-
cles elapsed between two divisions for the same ISRA basic
unit, , is high compared with
the number of read clock cycles for the pixels (also, the time
between the divisions for two consecutive basic units), if the
number of ISRA basic units that can operate in parallel, , sat-
isfies: , we can ensure that the referee is not
necessary because there will not be any collisions. If we reach or
exceed this amount, the use of a referee is then essential. Fig. 8

shows a timing diagram with ISRA basic units in parallel that
illustrates the collision phenomena.
To conclude this section, we provide a step-by-step descrip-

tion of how the proposed architecture performs the abundance
estimation with a set of endmembers for each pixel from a
hyperspectral image:
• Firstly, the PowerPC sends an order to the DMA to write
the set of endmembers, , in the write FIFO.

• Later, the read referee reads these endmembers and sends
them to all ISRA basic units where are stored in the end-
members memory.

• After the PowerPC has written the set of endmembers, it
sends an order to the DMA to start copying a piece of the
image from the DDR2 SDRAM to the write FIFO. The
main bottleneck in this kind of system is frequently the data
input, which is addressed in our implementation by the in-
corporation of a DMA that eliminates most I/O overheads.
Moreover, the PowerPCmonitors the write FIFO and sends
a new order to the DMA every time that it detects that the
write FIFO is half-empty. This time, the DMA will bring
a piece of the image that occupies half of the write FIFO
total capacity.

• When the first pixel data are written in the write FIFO, the
read referee sends them to the first ISRA basic unit and it
starts working. While storing the pixel data, we initialize
the values of the fractional abundances to , with the
idea that it is a good starting point for this kind of itera-
tive algorithm. Once the pixel is stored, the fractional abun-
dances are estimated using the proposed ISRA procedure
explained above, and finally the vector of estimated
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Fig. 8. Timing diagram with ISRA basic units in parallel.

abundances is written in the read FIFO through the write
referee.

• Finally, the transmitter extracts the fractional abundance
vector obtained for pixel from the read FIFO and sends
them via a RS232 port.

• As the next pixel data are written to the write FIFO, the
read referee sends them to the appropiate ISRA basic unit
when it finishes the execution with a previous pixel. Thus,
the different ISRA basic units work in parallel. It should be
noted that, except initially, there will not be any collisions
in data transmissions to the different ISRA basic units and
we will never have a conflict in the writing of the abun-
dance values, mainly because in our implementation the
number of endmembers is always inferior to the number
of bands .

IV. EXPERIMENTAL RESULTS

In this section we illustrate the unmixing accuracy and par-
allel performance of the proposed FPGA implementation. The
section is organized as follows. In Section IV-A we describe the
FPGA board used in our experiments. Section IV-B describes
the hyperspectral data sets that will be used for demonstration
purposes. Section IV-C evaluates the fractional estimation ac-
curacy of the considered implementation. Finally, Section IV-D
shows the resources used by our hardware implementation and
further performs a comparison (in terms of computational per-
formance) between our proposed FPGA design with an equiva-
lent optimized software version.

A. FPGA Architecture

The hardware architecture described in Section III has been
implemented using the VHDL language.1 Further, we have used
the Xilinx ISE environment2 and the Embedded Development
Kit (EDK) environment3 to specify the complete system. The
full system has been implemented on a ML410 board (see
Fig. 9), a low-cost reconfigurable board with a single Virtex-4
XC4VFX60 FPGA component, a DDR2 SDRAM DIMM slot

1http://www.vhdl.org.
2http://www.xilinx.com/support/download/index.htm.
3http://www.xilinx.com/ise/embedded/edk_pstudio.htm.

Fig. 9. Xilinx ML410 board with a Virtex-4 XC4VFX60 FPGA component.

which holds up to 2GBytes, a RS232 port, and some additional
components not used in our implementation. We use a Xilinx
Virtex-4 XC4VFX60 FPGA because is based on the same archi-
tecture as other FPGAs [35] that have been certified by several
international agencies for space operation. This FPGA is very
close to the space-grade Virtex-4QV XQR4VFX60 FPGA so
we could easily implement our design on it. We have followed
a balance optimization goal in the mapping process of the de-
sign.We use the IP Core Generator to generate the floating point
multiplier, adder and divider units with single precision (32 bits)
following the IEEE 754 standard. These units limit the clock
cycle, so as future work we are planning to implement our own
floating point units.

B. Hyperspectral Image Data Sets

Several different hyperspectral data sets have been used in
our experiments:

The first one is the well-known AVIRIS Cuprite scene [see
Fig. 10(a)], collected in the summer of 1997 and available online
in reflectance units after atmospheric correction.4 The portion

4http://aviris.jpl.nasa.gov.
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Fig. 10. (a) False color composition of the AVIRIS hyperspectral over the Cuprite mining district in Nevada. (b) U.S. Geological Survey mineral spectral signa-
tures used for validation purposes.

used in experiments corresponds to a 350 350-pixel subset of
the sector labeled as f970619t01p02_r02_sc03.a.rfl in the online
data which comprises 224 spectral bands in the range from 400
to 2500 nanometers, and a total size of around 50 Megabytes.
Bands 1–3, 105–115, and 150–170 were removed prior to the
analysis due to water absorption and low SNR in those bands.
The site is well understood mineralogically, and has several ex-
posed minerals of interest including alunite, buddingtonite, cal-
cite, kaolinite and muscovite. Reference ground signatures of
the above minerals [see Fig. 10(b)], available in the form of a
U.S. Geological Survey library (USGS)5 will be used to esti-
mate the fractional abundances in this work.

Second, we have used a set of two AVIRIS images taken
over the Jasper Ridge Biological Preserve in California. The
datasets are available in both radiance (uncorrected) and re-
flectance (atmospherically corrected) units. Each of the data
sets, acquired on April 1998, consist of 512 614 pixels and
224 spectral bands (for a total size of around 140 Megabytes
each).Water absorption and low SNR bands were removed prior
to the analysis. In a previous study of surface materials over this
area, image endmembers were derived from the scenes above
based on extensive ground knowledge [36]. Fig. 11 plots spec-
tral signatures in radiance and reflectance units associated to the
main constituent materials at Jasper Ridge. These signatures,
corresponding to materials such as soil, evergreen forest, dry
grass, chaparral vegetation, and shade, were obtained from the
image scene by using a hybrid method combining visual in-
spection and prior information about the scene. The location
of these materials is also identified in Fig. 11. Ground knowl-
edge was used to identify homogeneous vegetation, shadow and
soil areas in the scene. Inside those areas, representative pixels
were selected as ground-truth spectra by comparing them to a
spectral library of field data, used to represent landscape com-
ponents at Jasper Ridge. In this process, we ensured that library

5http://speclab.cr.usgs.gov/spectral-lib.html.

spectra matched the phenology at the time of the image, and that
there was little mis-calibration between field spectra and image
spectra.

C. Analysis of Abundance Estimation Accuracy

Before analyzing the parallel properties of the proposed
implementation, we first conducted an experiment-based cross
examination of the fractional abundances estimated by our
proposed ISRA implementation using different hyperspectral
scenes. First, we emphasize that our hardware version gives
exactly the same results as our software implementation. Both
implementations have been validated after testing them with
a wide set of synthetic data with known results, in order to
guarantee that both versions offer exactly the same results for
the considered scenes. In this work, we assume that the spec-
tral endmembers are known in advance. These endmembers
comprise a set of USGS spectral library signatures (convolved
to the image spectral bands) in the case of the AVIRIS Cuprite
scene (available in reflectance units), and a set of image pixels
labeled as spectrally pure in the case of the AVIRIS Jasper
Ridge scene (available both in radiance and reflectance units).
Based on these endmembers, we estimated the fractional abun-
dances for each pixel in the considered scenes. The metric used
for quantitative comparison in our experiments is the root mean
square error (RMSE) between the original and the reconstructed
hyperspectral scenes [7], which can be defined as follows. Let
us assume that is the original hyperspectral scene, and
that is a reconstructed version of , obtained using (5)
with a set of endmembers and their corresponding estimated
fractional abundances. Let us also assume that the pixel vector
at spatial coordinates in the original hyperspectral scene
is given by ,
while the corresponding pixel vector at the same spatial co-
ordinates in the reconstructed hyperspectral scene is given by

. With the
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Fig. 11. AVIRIS hyperspectral images collected over Jasper Ridge Biological Preserve in radiance (left) and reflectance (right) units, along with the spectral
signatures and spatial location of representative endmembers in the two considered scenes.

above notation in mind, the RMSE between the original and
the reconstructed hyperspectral scenes is calculated as follows:

(6)

where denotes the number of samples and is the numbers of
lines (hence, denotes the total number of pixels). As a result,
low RMSE scores mean high similarity between the compared
images.
Figs. 12, 13, and 14, respectively, represent the per-pixel and

overall RMSE (in the parentheses) between the original and
the reconstructed hyperspectral scene for the AVIRIS Cuprite
and AVIRIS Jasper Ridge (reflectance and radiance) scenes. It
should be noted that the only input parameter used for ISRA (be-
sides the set of endmembers and the input hyperspectral scene)
is the number of iterations in Algorithms 1 and 2. In our
experiments, this parameter was varied between 10 and 600
to illustrate the convergence of the algorithm (we experimen-
tally observed that, beyond 600 iterations, there were no vari-
ations in the obtained results). In the figures, warmer colors
indicate greater error. From the results in Figs. 12, 13 and 14
we can conclude that, after 100-150 iterations the RMSE de-
creases very slowly, so that the observed improvements are quite
small. It is noteworthy that the error in the reconstruction of the
AVIRIS Cuprite scene is greater than the error for the Jasper

Ridge AVIRIS scene. This is because in the first case the sig-
natures used as endmembers are extracted from the USGS li-
brary collected on the field. Despite an atmospheric correction
algorithm was applied to derive the AVIRIS Cuprite data in re-
flectance units, the ground signatures are free of atmospheric
interferers and hence it is expected that higher reconstruction er-
rors are observed in this case. On the other hand, in the AVIRIS
Jasper Ridge images (both radiance and reflectance) we used
pure spectral signatures directly derived from the hyperspectral
images. As a result, the RMSE reconstruction errors are smaller
in both cases.

D. Parallel Performance Evaluation

In this subsection we conduct an experimental evaluation
of the computational performance of our proposed FPGA
implementation. For illustrative purposes, Table II shows
the resources used for our hardware implementation of the
proposed ISRA design for different values of the ISRA basic
units that can operate in parallel, . The FPGA design was
implemented on the Xilinx Virtex-4 XC4VFX60 FPGA of the
ML410 board. This FPGA has a total of 25280 slices, 50560
slice flip flops and 50560 four input look-up tables (LUTs)
available. In addition, the FPGA includes some heterogeneous
resources such as two PowerPCs, 128 DSP48Es, and distributed
block RAMs. In our implementation, we took advantage of
these resources to optimize the design. One PowerPC monitors
the communications and the block RAMs are used to imple-
ment the FIFO, so the vast majority of the slices are used for
the implementation of the ISRA together with the DSP48Es
multipliers.
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Fig. 12. Per-pixel and overall (in the parentheses) RMSE reconstruction errors for different number of iterations after reconstructing the AVIRIS Cuprite scene
with the USGS reference signatures.

TABLE II
SUMMARY OF RESOURCE UTILIZATION FOR THE FPGA-BASED IMPLEMENTATION OF ISRA FOR

DIFFERENT NUMBERS OF MODULES IN PARALLEL ON A VIRTEX-4 XC4VFX60 FPGA

As shown by Table II, our design can be scaled up to
ISRA basic units in parallel. An interesting behavior of the pro-
posed parallel ISRA module is that it can be scaled without sig-
nificant increase in the critical path delay (the clock frequency
remains almost constant). For the maximum number of basic
units used in our experiments , the percentage of
total hardware utilization is 90.08% thus reaching almost full

hardware occupancy. However, other values of tested in our
experiments, e.g. , still leave room in the FPGA for
additional algorithms. In any case, this value could be signif-
icantly increased in more recent FPGA boards. For example, in
a Virtex-4 FPGA XQR4VLX200 (89,088 slices) certified for
space, we could have 3.5 times more ISRA units in parallel
simply synthesizing the second stage of the hardware architec-
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Fig. 13. Per-pixel and overall (in the parentheses) RMSE reconstruction errors for different number of iterations after reconstructing the AVIRIS Jasper Ridge
scene in reflectance units with the image pixels labeled as spectrally pure.

ture for the new number of units in parallel. In this way, we
could achieve a speedup of 3.5 without any modifications in
our proposed design. In the case of an airborne platform without
the need for space-certified hardware, we could use a Virtex-6
XQ6VLX550T (550000 logics cells) which has nearly 10 times
more logic cells than the FPGA used in our experiments.
Another important aspect in our hardware implementation is

the issue of communications, which are often the main bottle-
neck of a parallel system. We have paid special attention to this
issue in our design. To reduce the I/O overheads, we have in-
cluded a DMA and we have applied a pre-fetching approach
in order to hide the communication latency. Basically, while the
ISRA modules are processing a set of data, the DMA is fetching
the following data set, and storing it in the write FIFO. Having in
mind the proposed optimization concerning the use of available
resources, it is important to find a balance between the number
of DMA operations and the capacity of the destination FIFO. In
other words, we need to fit enough information in the FIFO so
that the ISRA modules are always busy. In addition, the greater
the FIFO capacity the fewer DMA operations will be required.
We have evaluated several FIFO sizes and identified that, for
1024 positions or more, there are no penalties due to reading of
the input data. To demonstrate the advantages of using a DMA,
we have developed another version in which the image data are
read from memory and written to the write FIFO by the Pow-
erPC instead of the DMA. In this version, the execution time
was increased more than an order of magnitude so we can con-
clude that the resources used for the DMA (367 slices) are well
spent.

TABLE III
EXECUTION TIMES (MINUTES) MEASURED FOR THE FPGA HARDWARE

IMPLEMENTATION (HW) AND FOR AN EQUIVALENT SOFTWARE (SW) VERSION
OF ISRA USING THE CONSIDERED HYPERSPECTRAL IMAGES AND

DIFFERENT NUMBERS OF ITERATIONS

Table III reports the processing times achieved by the con-
sidered FPGA implementation with regards to an equivalent
software version, developed in the C programming language
(without math library optimization) and executed on a PC with
a single AMD Athlon 2.6 GHz processor and 512 Mb of RAM.
Although the 512 MB memory system may not be enough for
many applications, it is enough for this case: the biggest image
demands 135 MB and the abundance fractions 6 MB. Hence
there is still enough space for the intermediate calculations
and OS memory system. This version has been extensively
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Fig. 14. Per-pixel and overall (in the parentheses) RMSE reconstruction errors for different number of iterations after reconstructing the AVIRIS Jasper Ridge
scene in radiance units with the image pixels labeled as spectrally pure.

fine-tuned using autovectorization capabilities and optimization
flags. Since the processing times for the AVIRIS Jasper Ridge
data in radiance and reflectance units are exactly the same, we
only report one of them in Table III. In all cases, the number of
ISRA modules used in parallel for the FPGA version is .
In our experiments, the processing times achieved in the FPGA
board show a speedup of around 10 when processing the
AVIRIS Cuprite scene and a speedup over 12 when it comes
to the two Jasper Ridge AVIRIS scenes. It is also interesting to
compare the time needed to process the two different images.
For the hardware implementation, processing the second image
consumes 2.6 times more execution time than processing the
first one. This is considered a good result, as the second image
is 2.6 times bigger than the first one. Hence, the execution
time scales linearly with the size of the image. Regarding the
software implementation, we experimentally observed that the
execution time increases 3.1 times, which is a slightly worst
result.
At this point, we should emphasize that the proposed FPGA

implementation is not only interesting due to its good perfor-
mance. In fact, very good parallel performance results have
also been reported in the literature for the proposed approach
implemented in commodity graphics processing units (GPUs)
[37]. We are aware that the use of these systems may provide
better performance than our FPGA implementation. However,
the main contribution of our work is to demonstrate that a small
device (certified for space applications) provides good perfor-
mance with reasonable power/energy features, and that this de-

vice can operationally perform computations on board. This ref-
erence also includes a general comparison in terms of abun-
dance estimation accuracy and computational cost concerning
different hyperspectral abundance estimation algorithms.
Finally, we emphasize that other FPGA implementations of

ISRA are available in the literature [28], [29]. However, the
authors indicate that their full FPGA design and implementa-
tion (tested on a Virtex II Pro FPGA) required more execution
time than the serial implementation presented in [34], [38]. This
was due to data transmission and I/O bottlenecks. Since our ap-
proach optimizes I/O significantly, a comparison with regards
to the approach in [28], [29] was not deemed suitable in terms
of execution time. On the other hand, we synthesized our pro-
posed implementation on the same Virtex II Pro FPGA in order
to draw a comparison in terms of area occupation with regards
to available approaches. While the implementation in [28], [29]
requires 93% of the available resources for two units in parallel,
our proposed implementation can scale up to 10 units in parallel
and requires 90% of the available resources.

V. CONCLUSIONS AND FUTURE RESEARCH LINES

In this paper, we have described a parallel implementation
of the image space reconstruction algorithm (ISRA), a popular
approach to estimate positive fractional abundances in spectral
unmixing of remotely sensed hyperspectral data. Our experi-
mental results, conducted on a Virtex-4 XC4VFX60 FPGA (a
platform with the same architecture and similar area than radi-
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ation-hardened FPGAs that have been certified by international
remote sensing agencies and are commonly used in both air-
borne and spaceborne Earth Observation missions) demonstrate
that our hardware implementation can significantly outperform
(in terms of computation time) an equivalent software version,
and is also able to provide accurate abundance estimation results
in reconfigurable hardware with compact size, thus making our
system appealing for on-board and near real-time hyperspec-
tral image processing. An important advantage of our design,
which carefully optimizes input/output (I/O) communications,
is its scalability, which makes it easy to be ported to new (pos-
sibly certified) FPGA developments as they become available.
As future work, we plan to modify the algorithm to make the
number of iterations per pixel adaptive, in the sense that the
estimation does not need to be a fixed and constant value for
all the pixels that compose the hyperspectral image. Different
pixels may require different numbers of iterations, and we could
iterate until the observed reconstruction error is below a given
threshold. Although the proposed design is portable, in the fu-
ture we will focus on improving the proposed implementation to
make better use of hardware resources and decrease processing
times.
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