
2950 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 8, NO. 6, JUNE 2015

Dual-Mode FPGA Implementation of Target
and Anomaly Detection Algorithms for

Real-Time Hyperspectral Imaging
Bin Yang, Minhua Yang, Antonio Plaza, Fellow, IEEE, Lianru Gao, Member, IEEE,

and Bing Zhang, Senior Member, IEEE

Abstract—Target and anomaly detection are important tech-
niques for remotely sensed hyperspectral data interpretation. Due
to the high dimensionality of hyperspectral data and the large
computational complexity associated to processing algorithms,
developing fast techniques for target and anomaly detection has
received considerable attention in recent years. Although several
high-performance architectures have been evaluated for this
purpose, field programmable gate arrays (FPGAs) offer the pos-
sibility of onboard hyperspectral data processing with low-power
consumption, reconfigurability and radiation tolerance, which
make FPGAs a relevant platform for hyperspectral processing.
In this paper, we develop a novel FPGA-based technique for
efficient target detection in hyperspectral images. The proposed
method uses a streaming background statistics (SBS) approach
for optimizing the constrained energy minimization (CEM) and
Reed-Xiaoli (RX) algorithms, which are widely used techniques
for target and anomaly detection, respectively. Specifically, these
two algorithms are implemented in streaming fashion on FPGAs.
Most importantly, we present a dual mode that implements a
flexible datapath to decide in real time which one among these
two algorithms should be used, thus allowing for the dynamic
adaptation of the hardware to either target detection or anomaly
detection scenarios. Our experiments, conducted with several
well-known hyperspectral scenes, indicate the effectiveness of the
proposed implementations.

Index Terms—Field programmable gate arrays (FPGAs),
hyperspectral imaging, real-time processing, streaming back-
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I. INTRODUCTION

H YPERSPECTRAL imaging provides significant infor-
mation about the spectral characteristics of materials in

the surface of the Earth [1]–[3]. Due to the increased spatial,
spectral, and temporal resolution of hyperspectral data sets, the
analysis of these data sets now requires improved computing
infrastructure in order to cope with the required processing
times in many time-sensitive applications [4]. In the last few
years, many techniques have been designed for hyperspectral
data exploitation in areas such as classification [5] or spectral
unmixing [6]. Hyperspectral imagery has also been widely used
in reconnaissance and surveillance applications, where targets
of interest need to be detected and characterized [7], [8].

The process of detecting and characterizing a target in hyper-
spectral imagery can be considered as consisting of two main
stages:

1) Usually an anomaly detector [9], [10], which identifies
spectral vectors that have significant spectral differences
from their surrounding background pixels. In [11], a
spectral anomaly detection algorithm was developed for
detecting targets of unknown spectral distribution against
a background with unknown spectral covariance. This
algorithm, now commonly referred to as the Reed-Xiaoli
(RX) anomaly detector, has been successfully applied to
many hyperspectral target detection applications [7], [10],
[12], [13] and is considered as the benchmark anomaly
detection algorithm for hyperspectral data.

2) To identify whether or not the anomaly is a target or natu-
ral clutter (background). This stage can be achieved if the
spectral signature of the target is known. Such signature
can be obtained from a spectral library [8]. A success-
ful algorithm for this purpose is (among several others
[8], [10]) the constrained energy minimization (CEM)
[14]. It detects the desired target signal source using a
unity constraint while suppressing noise and unknown
signal sources by minimizing the average output power.
Combining techniques for anomaly and target detection
(in joint or separate fashion) offers great advantages in
practical applications.

The improved spatial, spectral, and temporal resolutions pro-
vided by hyperspectral instruments demand fast computing
solutions that can accelerate the efficient exploitation of hyper-
spectral data sets. Techniques based on hardware accelerators
such as clusters [15], [16], distributed platforms [17], and
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specialized devices such as commodity graphics processing
units (GPUs) [18]–[20] or field programmable gate arrays
(FPGAs) [21] have been widely used for accelerating hyper-
spectral imaging algorithms. Due to their reconfigurability,
low-power consumption, the availability of rad-hard devel-
opments, and their capacity to be installed onboard airborne
and satellite instruments, FPGAs represent a very interesting
architecture for this purpose.

An FPGA [22] can be roughly defined as an array of inter-
connected logic blocks. One of the main advantages of these
devices is that both the logic blocks and their interconnections
can be (re)configured by their users as many times as needed in
order to implement different combinational or sequential logic
functions. This characteristic provides FPGAs with the advan-
tages of both software and hardware systems, in the sense that
FPGAs now exhibit more flexibility and shorter development
times than application specific integrated circuits (ASICs) but,
at the same time, are able to provide much more competent
levels of performance, closer to those offered by GPUs (but
with much lower power consumption). In fact, the power and
energy efficiency of FPGAs have significantly improved dur-
ing the last decade. FPGA vendors have achieved this goal by
improving the FPGA architectures, including optimized hard-
ware modules, and taking advantage of the most recent silicon
technology. For instance, manufacturing companies such as
Xilinx1 or Altera2 have reported a 50% reduction in the power
consumption when moving from their previous generation of
FPGAs [21]. This feature, together with the availability of
FPGAs with increased tolerance to ionizing radiation in space,
has consolidated FPGAs as the current standard choice for
on-board hyperspectral remote sensing [23]–[25].

In the past, there have been several developments toward the
implementation of target and anomaly detection algorithms in
FPGA architectures [26]. Specifically, Chapter 15 in [26] gen-
erally discusses the use of FPGAs in detection applications and
provides specific application case studies. Chapter 16 in [26]
describes FPGA implementations of techniques for hyperspec-
tral target detection applications. Chapter 17 in [26] describes
an on-board real-time processing technique for fast and accu-
rate target detection and discrimination in hyperspectral data.
Real-time implementations of several popular target detection
and classification algorithms for hyperspectral imagery have
also been discussed in [27]. Other implementations based on
software optimizations for target and anomaly detection algo-
rithms have also been explored in [28] and [29]. Despite the
availability of several FPGA implementations of target and
anomaly detection algorithms, few contributions have described
the possibility of exploiting different algorithms adaptively
using the same FPGA board or the joint use of anomaly and
target detection techniques using the same FPGA device.

In this work, we develop a dual-mode parallel FPGA-based
hardware platform able to realize real-time hyperspectral tar-
get and anomaly detection using the same hardware board.
Two highly representative algorithms: RX and CEM (consid-
ered as reference techniques for signature-based anomaly and

1http://www.xilinx.com
2http://www.altera.com

target detection, respectively) are optimized and integrated in
a newly designed parallel hardware module. By implementing
a flexible data path, these two detection modes can be com-
bined for their exploitation in different detection conditions.
Due to the similarities of certain parts of the RX and CEM
algorithms, these algorithms can share most of the processing
resources in the FPGA, thus allowing us to greatly optimize
the design while reducing power consumption. Specifically, our
design has been implemented on a Kintex-7 FPGA KC705
Evaluation Kit and tested using two real-hyperspectral data
sets, respectively, collected by the HyMap and AVIRIS instru-
ments over Cook City, Montana, and the World Trade Center
in New York City. Our experimental results demonstrate that
the proposed hardware platform can significantly outperform
an equivalent software version, being able to provide target and
anomaly detection results in real time, which makes our dual-
mode system highly appealing for on-board hyperspectral data
exploitation.

This paper is organized as follows. Section II briefly
describes the CEM and RX algorithms used for target and
anomaly detection purposes, respectively. Section III details
the software optimizations carried out for real-time process-
ing using the aforementioned algorithms. Section IV describes
the FPGA design and implementation carried out in this work.
Section V presents our experimental results. Finally, Section VI
concludes the paper with some remarks and hints at plausible
future research lines.

II. RELATED ALGORITHMS

In this section, we provide a short overview of the CEM and
RX algorithms, which have been widely used for signature-
based target and anomaly detection purposes, respectively.

A. CEM Algorithm

The CEM algorithm [14] is commonly used in situations in
which the spectral signature of the desired target is known.
Given a finite set of observations X = {x1,x2, . . . ,xN},
where x is a sample pixel vector, let us suppose that the desired
signature d is also known a priori. The objective of CEM is to
design a linear finite impulse response (FIR) filter w to mini-
mize the filter output power subject to the constraint dTw = 1.
The solution was shown in [31] and called CEM detector, with
the weight vector given by

w∗ =
R−1d

dTR−1d
(1)

where R = 1
N

[∑N
i=1 xix

T
i

]
is the sample autocorrelation

matrix of X.

B. RX Algorithm

In certain scenarios, prior knowledge about the target signa-
tures is not available. The RX algorithm [11] was developed
to address this particular scenario. Assuming that a single
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pixel target is the observation test vector, the result of the RX
algorithm is given by the filter

RX(x) = (x− ub)
T
∑−1

(x− ub) (2)

where ub is the estimated background clutter sample mean, and∑
is the estimated background clutter covariance. An impor-

tant variant of the RX algorithm was introduced in [28] by
replacing the sample covariance matrix by the sample cor-
relation matrix. As a result, the RX algorithm can also be
written as

RX(x) = xTR−1x (3)

which uses x and R−1 in place of (x− ub) and
∑−1, respec-

tively. This version of the RX algorithm has been widely used
in real-time scenarios for hyperspectral image processing [13],
[29].

C. Local Variants of CEM and RX Algorithms

The classic CEM and RX algorithms can be considered as
global target detectors because the correlation matrix is com-
puted using all the pixels of the image, and the background
is defined with reference to the full image. As a result, both
the CEM and RX calculate the detection results after collecting
the whole image data. Several variants of these algorithms have
been constructed by applying the same concept to a local region
comprising the neighborhood of each image pixel in order to
better capture the local statistics. This region is defined by a
sliding window centered on the pixel under test [29], or by the
image line in which the pixel is located [26]. These methods
are considered as the local versions of CEM and RX. However,
they are computationally more expensive than the original algo-
rithms because they involve the computation of a correlation
(or covariance) matrix and its inverse for every local region,
as opposed to the standard versions of the algorithm (which
perform the same calculation for the whole image). Although
several optimization techniques such as the QR-decomposition
[26] can reduce the complexity of the inverse matrix com-
putation, a significant amount of inverse matrix calculations
makes it difficult to realize real-time processing in practice. In
Section III, we present an optimization of the CEM and RX
algorithms (and their local versions) for real-time processing.

III. OPTIMIZATION OF CEM AND RX
FOR REAL-TIME PROCESSING

A. Streaming Background Statistics

In the aforementioned local detection algorithms, for each
pixel under test, the algorithm needs to calculate a new local
correlation matrix to produce the FIR filter. Even after using
the recurrence relation among the correlation matrices associ-
ated to neighboring pixels, there are a significant number of
pixels to replace. In order to reduce the run-time of every inde-
pendent correlation matrix computation, we present a streaming
background statistics (SBS) method to simplify the calculation
of the local background statistics. The method can be simply

described as follows. For the nth pixel under test xn, let the cor-
relation matrix Rn be computed by a set of previously collected
pixels. Then, Rn can be expressed as

Rn = (1/K)

[∑n−1

i=n−K
xixi

T

]
. (4)

Let us now define an SBS matrix Sn = K ·Rn, which can be
expressed as Sn =

∑n−1
i=n−K xix

T
i . Thus, for a new pixel under

test xn+1, the new relative SBS matrix will be expressed as

Sn+1 = Sn + xnx
T
n − xn−KxT

n−K . (5)

From this expression, it is easy to infer that, for the local
background, we do not need to calculate the correlation matrix
by traversing all the neighboring pixels. Instead, we only need
to add a new pixel and remove the oldest one. Most importantly,
based on this streaming structure we can easily perform an
inverse matrix real-time update by using a Sherman–Morrison
formula [31]. Then, this SBS matrix can be used to implement
in real time in the CEM and RX algorithms by replacing the
correlation matrix by the SBS matrix.

B. Real-Time Processing of Matrix Inversion

To perform a real-time matrix inversion, we first introduce
the Sherman–Morrison formula. Let us assume that A is an
invertible square matrix, and u and v are two different vectors.
Then the Sherman–Morrison formula states that

(A+ uvT)−1 = A−1 − A−1uvTA−1

1 + vTA−1u
. (6)

Here, uvT is the outer product of two vectors u and v. The
general form shown here is the one presented by Bartlett [32].
If the inverse of A is already known, the formula provides a
computationally affordable way to compute the inverse of A
corrected by the matrix uvT. This computation is relatively
cheap, because the inverse of A+ uvT does not have to be
computed from scratch (which in general is expensive) but can
be simply computed by correcting A−1 instead. Obviously, the
Sherman–Morrison formula can be performed in (5) by com-
puting the inverse of the SBS matrix. If a previous inverse
matrix S−1

n is known, we can easily derive the inverse of the
next SBS matrix S−1

n+1 by the following two steps:
Step 1) Calculate the transitional inverse matrix C−1

C−1 = (Sn + xnx
T
n)

−1 = S−1
n − S−1

n xnx
T
nS

−1
n

xT
nS

−1
n xn + 1

. (7)

Step 2) Calculate the inverse of matrix Sn+1

S−1
n+1 = (C− xn−KxT

n−K)−1

= C−1 − C−1xn−KxT
n−KC−1

xT
n−KC−1xn−K − 1

. (8)

At this point, it is important to note that we have not yet
obtained the inverse of the first SBS matrix SK+1. This means
that we still need to rebuild a computing unit to calculate such
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Fig. 1. Structure and processing flow of the SBS method.

inverse matrix. To avoid this problem, we use β times the iden-
tity matrix I as the initial inverse matrix S−1. As the inverse
of I is itself, the inverse matrix S−1

K+1 can be calculated in
pixel-by-pixel fashion through the first K pixels, using the same
Sherman–Morrison formula. This means that we have added an
additional matrix (1/β) · I to the SBS matrix; this procedure
can be expressed as

SK+1 = (1/β) · I+ x1x
T
1 + x2x

T
2 + · · ·+ xKxT

K . (9)

Most importantly, the additional matrix (1/β) · I will not
affect the performance of the detectors. Instead, it has the
capacity to make the detection results more stable [33].

C. Real-Time CEM and RX Algorithms

This section introduces the real-time versions of CEM and
RX algorithms. As the local versions of CEM and RX use the
individual correlation matrix to compute the detection results
for each pixel, our proposed SBS matrix can be simply applied
in the CEM and RX algorithms for real-time purposes. Since
the SBS matrix S is K times correlation matrix R, the inverse
of the SBS matrix is S−1 = (1/K)R−1. With these consider-
ations in mind, our SBS-based versions of the CEM and RX
algorithm can be simply described as follows:

SBS-CEM(x) =
K(xTS−1d)

K(dTS−1d)
=

xTS−1d

dTS−1d
(10)

SBS-RX(x) = K(xTS−1x). (11)

Furthermore, in our implementations, the current SBS matrix
Sn is used to calculate the detection result of the middle pixel
xn−K/2 instead of the current pixel xn, as shown in Fig. 1. In
this way, each pixel under test is located in the middle region
of the background, which can improve the performance of tar-
get detection. As a result, our proposed methods can also be
expressed as

SBS-CEM(xn−K/2) =
xT
n−K/2S

−1
n d

dTS−1
n d

(12)

SBS-RX(xn−K/2) = K(xT
n−K/2S

−1
n xn−K/2). (13)

Fig. 2. Hardware architecture to implement the complete system.

Fig. 3. Block RAM structure of SBS FIFO.

In Section IV, we describe a dual-mode FPGA design and
implementation for the aforementioned CEM and RX algo-
rithms in FPGA architectures. It is important to reiterate
that the proposed implementation is based on the previously
described software optimizations, which allowed us to simplify
the design of CEM and RX algorithms and adapt them to real-
time processing scenarios in order to facilitate their onboard
exploitation.

IV. DUAL-MODE FPGA DESIGN FOR TARGET DETECTION

In this section, we develop an FPGA hardware design for
both the CEM and RX algorithms that uses the SBS and
real-time matrix inversion updating method described in
Section III. The design mainly involves four modules, depicted
in Fig. 2. First, a double data rate type three synchronous
dynamic random access memory (DDR3 SDRAM) is used
to store the whole hyperspectral image. For data input, we
use a memory interface generator (MIG) to generate memory
controllers and interfaces. With a buffer unit, the MIG has been
designed to transfer pixels to the next module only when the
previous pixel has been processed. Second, two block random
access memories (RAMs) implemented as two first in first
out (FIFO) memories are used for registering the received
pixels. As shown in Fig. 3, two block RAMs with the same
size are connected in serial fashion, with three pixel registers
(xn, xn−K/2, and xn−K)—highlighted in Fig. 3 in orange
color—used to extract data for the subsequent calculation.
Then, the algorithm module is designed to implement our
parallel version of both the CEM and RX algorithm, which is
the most complicated part of the design and will be introduced
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Fig. 4. Hardware structure of (a) Block A in Fig. 2. (b) Block B1 and Block B2
in Fig. 2.

Fig. 5. Parallel structure of Block A in step 1) operation.

hereinafter. Finally, a direct memory access (DMA) module is
used to send the detection results via the peripheral component
interconnect (PCI) express bus.

A. Inverse Matrix Updating

The main function of the algorithm module is the calcula-
tion and updating of the matrix inversion operation, i.e., the
computation of (7) and (8). In order to improve the capability
of parallel computation with less logic resources, we arrange a
block with N (number of spectral bands) hard core multipliers
to realize the parallel matrix calculation (Block A in Fig. 2) and
two blocks (Block B1 and Block B2 in Fig. 2) with indepen-
dent multiplier for vector product calculation. A control unit
is designed to control the input/output of the blocks, so that
we can reuse these calculation blocks to implement the whole
computation. The construction of these blocks is graphically
illustrated in Fig. 4.

Next, we describe how we have implemented the calcula-
tion of (7) by using the aforementioned blocks, which can be
summarized in three steps.

Step 1) As shown in Fig. 5, the Block A is first used to cal-
culate the product S−1

n xn using as inputs the matrix
S−1
n and the vector xn. It is worth noting that the

register of matrix S−1
n should be set to β times the

identity matrix when the system is initialized.
Step 2) Then, we calculate the numerator S−1

n xnx
T
nS

−1
n in

(7) by reusing the Block A, as shown in Fig. 6(a). It
is important to note that the input vector xT

nS
−1
n is

equal to the transpose of S−1
n xn because of the sym-

metry of matrix S. At the same time, the Block B1 is
used to calculate the product xT

nS
−1
n xn of two vec-

tors. Further, a divider is connected to the output of
Block B1 to calculate the factor 1/(xT

nS
−1
n xn +1),

as shown in Fig. 6(b).

Fig. 6. Data flow of (a) Block A in step 2). (b) Block B1 in step 2).

Fig. 7. Reusing the Block A for calculating the matrix C−1 in step 3).

Step 3) Finally, we reuse the Block A to achieve a paral-
lel division calculation without additional dividers
(which usually needs more hardware resources than
multipliers). As shown in Fig. 7, the Block A cal-
culates the matrix C−1, which can share the same
memory space with matrix S−1 in the chip.

As described above, we calculate the inverse matrix C−1

by reusing two calculation blocks. Interestingly, we can imple-
ment the calculation of (8) by adopting the same design with
only one difference: to replace xTS−1x+ 1 by xTS−1x− 1 in
step 2). Thus, by repeating steps 1) to 3), we can perform the
real-time update of the inverse matrix of SBS by using a simple
hardware design.

There are two kinds of data that need to be stored in this
processing. One is the vector data, e.g., the pixel vector xn.
This is implemented by the registers in FPGA chip. Another is
the matrix data. There are two matrices that need to be consid-
ered in our design, i.e., the inverse matrix S−1

n and the temporal
matrix S−1

n xnx
T
nS

−1
n . For parallel computing purposes, each

matrix is implemented by a number of simple dual port RAMs
according to the number of spectral bands; thus, we can read
and write every line of the matrix at the same time. At last, the
control unit generates the signals for the control of the storage
units and calculation blocks.

Another important aspect in our hardware implementation is
the issue of arithmetical precision. We have paid special atten-
tion to this issue in our design. Although FPGA can implement
floating-point operations, the fixed-point structure is a much
simpler way with less processing time and less logic resources.
Fig. 8 shows the structure of our fixed-point data. For the input
reflectance image, we use 16-bits binary format in which the
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Fig. 8. Data structure in the design.

lower 10 bits express the fraction part, whereas the upper bits
express the integer part. The intermediate data and detection
results are expressed using 32 bits format, including a lower
10 bits fractional part. Since we reuse the same computing
modules (multipliers) to perform the calculation, all the data
are designed as signed numbers. It should be noted that, when
we calculate the reciprocal 1/(xT

nS
−1
n xn + 1), we use binary

1× 230 as the numerator; as a result, we perform a right shift
operation in the subsequent computing.

B. Dual-Mode Implementation

After updating the current inverse matrix, and according to
a simple mode command, the control unit is chosen at the next
step to calculate the current detection output. When the mode
command is set to “1,” the system executes the steps corre-
sponding to the target detection mode, according to (12). Again,
we reuse the blocks to perform the remainder computations.
First, we calculate the product of matrix S−1 and vector d by
using Block A. This process for calculating vector S−1

n d is sim-
ilar to step 1) and designated as step CEM1. Second, the Block
B1 calculates the product xT

n−K/2S
−1
n d in a step designated as

step CEM2. At the same time, the Block B2 is used to calculate
the denominator dTS−1

n d in (12). Finally, in step CEM3, the
outputs of the Blocks B1 and B2 are used to calculate the target
detection result by a single divider. Similarly, when the mode
command is set to “0,” the system executes the steps corre-
sponding to the anomaly detection mode. We first calculate the
product S−1

n xn−K/2 by using the Block A in a step designated
as RX1. Then, we calculate xT

n−K/2S
−1
n xn−K/2 by using the

Block B1 in step RX2. Considering that the RX results can be
visualized as a grayscale image in which, the higher the prob-
ability of detecting a target, the higher the value of the pixel,
we can remove the constant K in (13) without affecting the
detection performance.

It is important to note that all the illustrated compute steps
reuse the same blocks shown in Fig. 4. For each block oper-
ation, the input time of an N -dimensional vector is N times
of clock cycle and the delay of the multiplier is 1 clock cycle.
Thus, the run-time of these blocks is consistent with N + 1
times of the system clock period. In addition, five extra clock
cycles are needed for finishing the division stage, so the run-
time of step 2) is N + 6 clock cycles. For illustrative purposes,
Fig. 9 shows a timing diagram of our implementation of CEM
and RX algorithms. The run-time of each step is shown in
Fig. 9. It should be noted that, when we finish the calcula-
tion of step CEM1 or step RX1, the Block A is released and
the algorithm module is already for processing the next pixel.
Therefore, for each pixel, the run-time of both the target and
anomaly detection processes in our system is consistently the
same and comprising a total of 8N + 17 clocks.

V. EXPERIMENTAL RESULTS

The hardware architecture described in Section IV has been
implemented on a Kintex-7 FPGA KC705 Evaluation Kit. The
KC705 board provides features common to many embedded
processing systems, including 1 GB DDR3 SODIMM mem-
ory, an eight-lane PCI Express interface. The architecture has
been implemented using the Verilog language. To better com-
pare the performance of the proposed algorithms implemented
on the FPGA to an optimized software implementation on a
computer, the simulations were also conducted using MATLAB
and C language in Win7 system, using an Intel Core2 Quad
CPU with 2.5 GHz and 4 GB of main memory. The remain-
der of the section is organized as follows. First, we describe
the hyperspectral data sets used in experiments. Then, we pro-
vide an assessment of the developed implementations in terms
of target and anomaly detection accuracy. Finally, we pro-
vide an evaluation of the proposed FPGA implementations in
terms of computational performance as compared to an opti-
mized algorithm version and the aforementioned MATLAB/C
implementations.

A. Hyperspectral Image Data Set

Two real-hyperspectral data sets collected by different instru-
ments have been used for experimental evaluation of the target
and anomaly detection in different real scenarios. The two con-
sidered scenes contain ground-truth information, which has
been used for the evaluation. In the following, we provide a
description of the two considered data sets.

1) HyMap Data Over Cook City, Montana: This hyper-
spectral data set is provided as part of a publicly avail-
able self-test exercise for target detection purposes [34] by
the Digital Imaging and Remote Sensing Group, Center for
Imaging Science, Rochester Institute of Technology. The data
set includes HyMap reflectance images of Cook City in
Montana, USA, covering an area of 280× 800 pixels with 126
spectral bands between 0.4 and 2.4µm. The ground resolution
of the data is approximately 3 m. This data set also comprises
the exact locations and SPL files of a set of test targets, which
has made it one of the standard test sites for evaluating the accu-
racy of hyperspectral target and anomaly detection algorithms.
There is a grass region located in the data set and four real fabric
panels (see Table I) arranged as targets in this region, as shown
in Fig. 10(a) in which the area of interest is highlighted by a
yellow box. The spectral signature of each target is obtained
and preprocessed by the project-equipped SPL files. By rescal-
ing the SPL spectra to the true reflectance data and resampling
the SPL spectra according to the data set wavelength, we obtain
the prior target spectra, as given in Fig. 10(b).

2) AVIRIS Data Over the World Trade Center in New York
City: This data set was collected by the Airborne Visible Infra-
Red Imaging Spectrometer (AVIRIS), operated by NASA’s Jet
Propulsion Laboratory, over the World Trade Center (WTC)
area in New York, on September 16, 2001 (just five days after
the terrorist attacks that collapsed the two main towers in the
WTC complex) [29]. The full data set selected for experiments
consists of 614× 512 pixels with 224 spectral bands between
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Fig. 9. Timing diagram with algorithm module for the CEM and RX algorithm.

TABLE I
CHARACTERISTICS OF REAL TARGETS

0.4 and 2.5 µm. This area covered the hot spots correspond-
ing to latent fires at the WTC, which can be considered as
anomalies in this scene. Fig. 11 shows a true color represen-
tation of the portion selected for experiments and displays a
ground-truth data, highlighted by a yellow box, which shows
the spatial location of the hot spots provided by the United
States Geological Survey (USGS). Thus, we use this data set
to test the performance of our proposed anomaly detection
implementation.

B. Analysis of Target and Anomaly Detection Accuracy

In this section, we evaluate the detection accuracy of the pro-
posed real-time implementations of target and anomaly detec-
tion algorithms using the real hyperspectral data sets described
above. In our hardware design, the coefficient β is set to 10 000
and the length K of the SBS FIFO is set to N2 (square of
the number of spectral bands). The global and local versions
of CEM and RX algorithms are evaluated together with our
SBS-based approaches. For the global algorithms, the correla-
tion matrix is computed with reference to the full image. For
the local versions, the size of local window around each pixel
under test is set to 23× 23, as set in [29]. A regularization term
0.0001 · I is also added to the local correlation matrix for each
pixel that forces the filter coefficients of local algorithms to
shrink and get better performance [33].

1) Target Detection Using the HyMap Data: First, we focus
on the detection results obtained for the HyMap data set. Since

we have the spectra of four fabric panels as a prior knowledge,
we adopt the target detection mode in this work. Fig. 12 shows
the two-dimensional (2-D) plots of the F1 detection results
obtained by the Global-CEM, Local-CEM, and proposed SBS-
CEM for the HyMap data set. It should be pointed out that the
SBS-CEM is implemented by traversing the image pixels from
left to right and from top to bottom. The first K pixels are used
to calculate the initial inverse matrix and the detection output
is zero. After receiving the K + 1th pixel, the system output
results one-by-one. In order to show the detection results more
clearly, all of the 2-D plots are linearly enhanced from 0 to the
max. For illustrative purposes, we amplified the grass region
where the targets are located. As shown in Fig. 12, the target
F1 (located in the middle of the yellow box area in Fig. 10) can
be detected precisely by our proposed method. As we expected,
compared with the global and local CEM algorithm, the SBS-
CEM method has the same, or even better performance in terms
of target detection accuracy. This observation is confirmed by
the detection results of F2–F4 shown in Fig. 13. The receiver
operating characteristic (ROC) curves corresponding to the
detection results are given in Fig. 14. This type of curves estab-
lishes a one-to-one correspondence between the true positive
rate and the false alarm rate in the detection process. Thus, they
provide an essential metric for quantitative evaluation of detec-
tion performance. The algorithm with the best performance is
indicated by a curve nearest to the upper left, which indicates
the highest detection rate under the same false alarm rate. As
we can see, in the detection of F1, F2, and F3, the SBS-CEM
demonstrates the best performance. Furthermore, the area under
curve (AUC) is given in Table II. The higher the AUC, the better
the detection results.

2) Anomaly Detection Using the AVIRIS Data: For the
AVIRIS World Trade Center data set, we implement our sys-
tem working in the anomaly detection mode to detect the fire
hot spots. Similar to the target detection case, the global and
local versions of RX are used to compare with our proposed
SBS-RX method. Fig. 15 presents the detection results achieved
by the compared algorithms. From this figure, it is remarkable
that the proposed SBS-RX can properly detect small anoma-
lies that cannot be identified by the Global-RX. However, our
method also brings some false alarms, which in any event are
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Fig. 10. (a) HyMap reflectance image of Cook City in Montana, USA, and locations of the real targets. (b) Spectral signatures of four targets.

Fig. 11. AVIRIS image over the World Trade Center in New York City and
ground-truth map indicating the spatial location of hot spot fires, available from
the United States Geological Survey.

Fig. 12. Detection results for target F1 obtained by different algorithms:
(a) Global-CEM; (b) Local-CEM; and (c) SBS-CEM.

much less than those introduced by the Local-RX. Fig. 16
shows the ROC curves corresponding to the results reported
in Fig. 15. The AUC values corresponding to these curves are
0.9890 (Global-RX), 0.9208 (Local-RX), and 0.9833 (SBS-
RX), respectively. As noted, the proposed method performs
better than the Local-RX and similar than the Global-RX in this
particular experiment.

Fig. 13. Detection results obtained by different algorithms for targets: (a) F2;
(b) F3; and (c) F4.

Fig. 14. ROC curve obtained by different algorithms for the detection of
targets: (a) F1; (b) F2; (c) F3; and (d) F4.
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TABLE II
AUC OBTAINED BY DIFFERENT ALGORITHMS

FOR THE CONSIDERED TARGETS

Fig. 15. Detection results obtained by (a) the Global-RX; (b) Local-RX; and
(c) SBS-RX in the AVIRIS WTC data set.

Fig. 16. ROC curve obtained by different anomaly detection algorithms in the
AVIRIS WTC data set.

C. Computational Performance Analysis

In this section, we analyze the computational performance
of the proposed FPGA implementations. As mentioned before,
the FPGA design was implemented on the Kintex-7 FPGA
KC705 Evaluation Kit. This FPGA has a total of 50 950 slices,
20 3800 six input look-up tables (LUTs), and 40 7600 slice flip
flops available. In addition, the FPGA includes some hetero-
geneous resources such as 840 DSP48Es and 445 distributed
36 kb block RAMs. In our implementation, we took advantage
of these resources to optimize the design. The block RAMs
are used to implement the SBS FIFO and store the matrixes,
so the vast majority of the slices are used for the implementa-
tion of the algorithms together with the DSP48Es multipliers.
Table III shows the resources used for our FPGA implemen-
tation of the dual-mode detection process. It is important to
note that the FPGA implementations need to be adapted to dif-
ferent instruments because of the different number of spectral
bands. As shown in Table III, two different implementations
(which refer to the considered hyperspectral data sets) are com-
pared in our experiment. For the HyMap implementation, we
construct 126 (spectral band number) 32× 32 bits multipliers

in parallel to form the block A, while for the AVIRIS implemen-
tation, the number is 224. Moreover, according to the size of
matrix S and the depth of SBS FIFO, different RAM resources
are used by the two implementations. As a result, the percent-
age of hardware utilization increases as the number of spectral
band increases. The main bottleneck of our design is the use of
a large number of multipliers. In our experiments, the Xilinx
Kintex-7 series of FPGA can completely meet the require-
ments of our implementation. Also, our implementation can be
performed in a smaller, even space-grade FPGA such as Virtex-
4 XQR4VSX55, which has 512 DSP slices. The maximum
operation frequency of each part is provided in the table; all
the synthesized implementations can operate with a frequency
above 200 MHz.

In the remainder of this section, we first report the computa-
tional times obtained by the classic RX and CEM algorithms in
MATLAB (see Table IV). Then, we report the processing times
measured for our SBS-based implementations in the FPGA as
compared to the times obtained for the implementation of the
same algorithms using both MATLAB and C (see Table V). As
we can observe from Tables IV and V, the C implementations
are slightly faster than the MATLAB implementations. This
provides a representative comparison between two functionally
equivalent hardware and software implementations.

It is important to reiterate that, although the processing time
in the software implementations (C and MATLAB) for CEM
and RX algorithm is different, the processing time of the two
modes in our FPGA implementation is the same, as illustrated
by the clock diagram shown in Fig. 9. In the processing of
HyMap data set, when the FPGA clock frequency is set to
200 MHz, the processing time measured in the FPGA for both
the CEM and RX algorithm is only 1.09 s, as compared to
71.35 for the CEM and 61.86 s for the RX required by the C
implementations. Similarly, for the AVIRIS World Trade Center
data set, the processing time measured in the FPGA is only
2.71 s, as compared to 152.68 and 132.37 s required for the
C implementations. In both cases, we obtain significant advan-
tages in terms of processing time with respect to the software
implementations.

Most importantly, since the HyMap scanning rate is 12–
16 Hz with 512 pixels per line, this means that in order to
gather a full hyperspectral image with the same size of the con-
sidered data set, the HyMap sensor requires more than 27 s.
Similarly, although the cross-track line scan time in AVIRIS is
quite fast (8.3 ms to collect 512 full pixel vectors), this intro-
duces the need to process the WTC scene (with 614× 512
pixels, which represents the standard chunk size collected by
AVIRIS before writing the data to disk onboard) in approxi-
mately 5.09 s to achieve similar time for processing and data
acquisition. As a result, the proposed FPGA implementations
are strictly in real time for the two considered instruments,
as opposed to the software implementations. This represents
a significant improvement for adequate exploitation of these
algorithms in scenarios with real-time processing constraints.

At this point, we emphasize that other real-time processing
techniques for CEM and RX were proposed in the litera-
ture [26]–[29]. In [28], the matrix QR-decomposition and its
systolic array implementation was developed for matrix inverse
calculation, which makes CEM a candidate for line-by-line
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TABLE III
SUMMARY OF RESOURCE UTILIZATION FOR THE FPGA-BASED IMPLEMENTATION

FOR TWO CONSIDERED HYPERSPECTRAL IMAGES

TABLE IV
PROCESSING TIMES MEASURED FOR THE CEM AND RX ALGORITHMS

IMPLEMENTED IN MATLAB

TABLE V
PROCESSING TIMES MEASURED FOR SBS METHODS IN MATLAB, C, AND FPGA IMPLEMENTATIONS

processing in real time. Based on this method, an FPGA
implementation of CEM was developed in [26], which uses
systolic arrays architecture and the Coordinate Rotation Digital
Computer (CORDIC) algorithm for implementing the compu-
tation of a matrix inverse. Although the CORDIC circuit and
systolic arrays skillfully perform the matrix inverse calcula-
tion in real time, the system still needs to build the vector
product module (similar to the Block A in our design) and
FIR filter (similar to the Block B) to complete the detection.
Compared with these studies, we simplify the FPGA imple-
mentation of CEM by using a simple matrix inverse updating
method in conjunction with the proposed SBS. In this way,
we perform a pixel-by-pixel real-time processing design using
less hardware resources. Furthermore, our FPGA design takes
advantage of the structural similarity between the target and
anomaly detection algorithms to reuse the same hardware board
so that it can be adapted to different detection circumstances.
A GPU-based parallel implementation of RX has also been
developed in [29], in which global and local versions of RX

algorithm are optimized and performed in multicore platforms.
As reported in this literature, for the same AVIRIS data set
(shown in Fig. 11), the GPU processing time is 5.28 s for the
global RX and 256.3 s for the local RX, while the processing
time of our implementation is 2.71 s.

VI. CONCLUSION AND FUTURE LINES

In this paper, we have developed a new dual-mode FPGA
implementation of the CEM and RX algorithms, which are
standard techniques for hyperspectral target and anomaly
detection. Our implementations are not only based on hard-
ware developments, but also on algorithm optimizations. For
instance, in order to meet the real-time processing requirements
that are present in many application domains, a SBS method is
developed to calculate the local background and noise. Further,
we use a continuous update method to calculate the inverse of
the background matrix. Our experimental results, conducted
using a variety of hyperspectral scenes, demonstrate that our
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algorithms and hardware implementation can successfully
meet strict real-time target and anomaly detection require-
ments in two different case studies. Most importantly, our
implementation illustrates a case in which both target and
anomaly detection applications can be addressed using the
same hardware board, which implies that they can be used
in different detection circumstances. Although our hardware
implementation has been carried out in a professional Kintex-7
FPGA, in the future, we will implement our methods in dif-
ferent FPGA architectures (particularly, in radiation-hardened
FPGAs) in order to fully calibrate the possibility of porting
the hardware modules developed to real earth observation
missions, particularly in hardware modules, which can be
radiation-hardened. Additional experiments with other data
sets will also be conducted in future developments. Also,
multi-FPGA platforms provide a good choice to perform future
developments of our system. In the future, we are planning
to continue this research line using multi-FPGA platforms to
implement multitask hyperspectral processing systems includ-
ing techniques such as hyperspectral image preprocessing,
endmember extraction, and hyperspectral unmixing.
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