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Abstract—Anomaly target detection methods for hyperspectral
images (HSI) often have the problems of potential anomalies and
noise contamination when representing background. Therefore, a
spectral–spatial hyperspectral anomaly detection method is pro-
posed in this article, which is based on fractional Fourier transform
(FrFT) and saliency weighted collaborative representation. First,
hyperspectral pixels are projected to the fractional Fourier domain
by the FrFT, which can enhance the capability of the detector to
suppress the noise and make anomalies to be more distinctive. Then,
a saliency weighted matrix is designed as the regularization matrix
referring to context-aware saliency theory and combined with the
FrFT-based collaborative representation detector. The saliency-
weighted regularization matrix assigns different pixels with differ-
ent weights by using both spectral and spatial information, which
can reduce the influence of the potential anomalous pixels embed-
ded in the background when applying collaborative representation
theory. Finally, to further improve the performance of the proposed
method, a spectral–spatial detection procedure is employed to
calculate final anomaly scores by using both spectral information
and spatial information. The proposed method is compared with
nine state-of-the-art hyperspectral anomaly detection methods on
six HSI datasets, including two synthetic HSI datasets and four
real-world HSI datasets. Extensive experimental results illustrate
that the proposed method’s detection performance outperforms
other nine well-known compared methods in terms of area under
the receiver operating characteristic (ROC) curve values, visual
detection characteristics, ROC curve, and separability.

Index Terms—Collaborative representation, context-aware
saliency, fractional Fourier transform, hyperspectral anomaly
target detection, spectral–spatial information.
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I. INTRODUCTION

IN RECENT years, hyperspectral remote sensing has at-
tracted much attention on distinguishing different land sur-

face materials. Hyperspectral image (HSI) is a 3-D data cube
that contains rich spectral and spatial information simultane-
ously [1]. The spectral resolution of an HSI is no more than 10
nm, and the spectral range is from visible to even far-infrared
spectrum. Therefore, an HSI usually has hundreds of spectral
channels and can provide continuous spectral curves of the
materials. Compared with traditional visible or multispectral
remote sensing data, hyperspectral data contain richer spectral
information, which are more suitable for many remote sens-
ing applications, such as classification, target detection, and
anomaly detection [2], [3].

Hyperspectral anomaly detection can be seen as a special
type of target detection, where there is no prior information for
the target object. Therefore, a target is called as an anomaly in
the anomaly detection task. For the pixel under test (PUT) in
an HSI, it is classified as an abnormal pixel or a background
pixel by a hyperspectral anomaly detection method. As there
is no requirement for any prior information [4], hyperspectral
anomaly detection is viewed as an unsupervised binary clas-
sification problem [5]. As there is not enough information in
practical applications, hyperspectral anomaly detection has been
successfully applied in many important areas and scenarios [6],
such as environmental scenes monitoring, mineral exploration,
and military investigation [7].

In general, anomalies usually occur with low probabilities
in an HSI and their spectral curves are significantly different
with those of the background pixels [8]. To detect anomalies in
HSIs correctly, many kinds of hyperspectral anomaly detection
methods have been designed and proposed in the past decades.
The well-known Reed–Xiaoli (RX) method is the most typical
anomaly detection algorithm for HSIs in this field [9]. The RX
method uses Mahalanobis distance to calculate the difference be-
tween the PUT and the background pixels. When the whole HSI
is directly used for estimating the distribution of the background,
the RX method is called as the global version of RX (GRX) [10].
And if a local sliding window is adopted to estimate the reference
background, it is called as the local RX (LRX) [11]. Although
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the RX method is used as a benchmark method for hyperspectral
anomaly detection, its false-alarm rate (FAR) is usually high and
its detection performance is not satisfactory. The main reason is
that the RX method assumes that the distribution of the back-
ground is the multivariate normal Gaussian distribution [12],
but the Gaussian distribution is too simple to model complex
characteristics of the real HSIs accurately [13]. Besides, the
problem that some anomalies and noise may contaminate the
background can also reduce its detection performance [14].

In order to reduce the influences of the problems mentioned
above, many revisions of the RX method have been proposed to
get a high detection performance. For example, the weighted-
RXD (WRX) method aimed to reduce the influence of anomalies
on the covariance matrix when estimating background statis-
tics [15]. The blocked adaptive computationally efficient outlier
nominator (BACON) method was proposed in a paper by Billor
et al. [16], which updates the background information based
on an iteration strategy to solve the background contamination
problem [17]. By taking advantage of nonlinear kernel function,
the kernel-RX (KRX) is proposed to map the original data to a
high-dimensional space, which can distinguish anomalies from
the background pixels more easily in that feature space [18]. Fur-
thermore, a modified KRX method was proposed in apaper by
Khazai and Mojaradi [19] to improve the calculation efficiency
of the traditional KRX. Du and Zhang [20] proposed the random-
selection-based anomaly detector method, which adopted a
sample random selection process to get a purified background
set by picking out some representative pixels iteratively. The
cluster-based anomaly detector, proposed by Carlotto [21], uses
the k-means clustering method to segment the whole HSI and
get a purer background. In order to suppress the noise in the
background, the principal component analysis (PCA) technique
is employed as a preprocessing procedure before using the RX
method [22].

However, although these methods show their ability to im-
prove the performance of RX, the basic distribution assumption
for the background is not changed. Generally speaking, this
assumption is not in line with the fact that the background
distribution is very complicated in real-world HSIs and cannot
be simply described as the Gaussian distribution [23]. To avoid
estimating the statistical distribution of the background, other
anomaly detection methods have been successfully proposed for
real-world HSIs. As sparse representation (SR) theory has been
successfully applied to image processing applications, some
anomaly detection methods based on SR have been proposed
for HSIs. For instance, a sparse representation hyperspectral
anomaly detector was proposed by Chen et al. [24]. This method
is based on the assumption that a background pixel can be
well represented by only a few atoms from a sparse dictionary.
Zhang et al. [25] proposed a hyperspectral anomaly detection
method by using the low-rank and sparse matrix decomposition
technique. This method decomposes the HSI data matrix into
three parts: a low-rank matrix, a sparse matrix, and a noise
matrix, which can provide more comprehensive information
about the background pixels and anomalies. The SR-based
methods have the advantage that there is no need to set up
an assumption for the statistical data distribution of the HSI

dataset [26]. To preserve the local geometrical structure and spa-
tial information in the HSI, an anomaly detection method based
on graph and total variation regularized low-rank representation
(GTVLRR) is proposed [27]. But they also have a drawback
that it is hard to select a suitable sparsity level as there is no
prior information that can be used. Li and Du [28] proposed
a collaborative representation-based anomaly detector (CRD)
for HSIs. Compared to SR-based methods, the CRD method
utilizes the constraint of l2 norm minimization, and the pixel
under test is represented by all background pixels, which is
easier to implement. Su et al. [29] combined PCA with CRD
to propose a new anomaly detection method, in which the usage
of PCA is to extract the main information of the background and
to remove anomalies and noise in the background.

There are still other hyperspectral anomaly detection methods
proposed in the related literature, such as the supporting vector
data description (SVDD) method [30]. In SVDD, a minimum
hypersphere boundary is calculated according to the HSI data,
and pixels beyond the boundary are decided as anomalies. The
anomaly detection methods mentioned above are most only
based on spectral signatures. As an HSI is viewed as a 3D data
cube [31], it not only contains abundant spectral information,
but also contains the spatial information. By taking advantage
of these characteristics, anomaly detection methods have been
designed by making use of both spatial information and spectral
information [32]. For example, local sparsity divergence (LSD)
detector proposed in paper [33] is a spectral–spatial anomaly
detection method. The assumption of the LSD method is that an
anomaly pixel cannot be represented by only a few background
pixels selected from its spectral neighbors or its spatial neighbors
simultaneously.

Although these hyperspectral anomaly detection methods
have proven their effectiveness in related studies, some other
important issues can also affect the detection performance of
these methods. The first problem is that the background infor-
mation is usually contaminated by the anomalies or noise [34].
As real-world HSIs commonly contain various materials with
different spectral properties, noise is inevitably included, which
can deteriorate the detection performance when modeling the
background. Besides, when using the whole HSI to extract
background pixels, anomalies may interfere the estimation of
the background. To reduce these effects, a sliding rectangular
window or dual window is adopted to select reliable background
pixels. However, some anomalies can also be selected as back-
ground pixels, which will reduce the detection performance of
the method. The second problem is how to make use of the
rich spatial information of HSIs, as taking advantage of both
spatial information and spectral information can improve the
performance of an anomaly detection method [35].

In order to solve these two issues, a novel spectral–spatial
anomaly target detection method based on fractional Fourier
transform (FrFT) , context-aware saliency, and collaborative
representation theory (SSFSCRD) is proposed for HSIs in this
article. First, an FrFT-based CRD is designed and the original
HSI data are projected to the FrFT domain. By taking advantage
of the fractional Fourier transform, the noise suppression and
discrimination capability of the detector between anomalies and
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background can be enhanced [36]. Then, a saliency-weighted
matrix is proposed for the FrFT-based CRD as the regularization
matrix. Inspired by the visual saliency theory, the similarity of
two pixels are not only depended on their spectral informa-
tion, but also related with their spatial position information.
The new saliency-weighted regularization matrix used in the
collaborative representation theory is designed based on this
idea, which can reduce the effect of the abnormal pixel infor-
mation mixed in the background when applying collaborative
representation theory. Hence, the background can be represented
more accurately and precisely. Finally, the SSFSCRD method
also contains a spectral–spatial detection procedure to get the
final results, which can use both spectral information and spatial
information to enhance the anomaly detection performance.
All of these three parts can ensure that the performance of
the proposed SSFSCRD method is better when compared with
other state-of-the-art detection methods. Extensive experiments
on two synthetic HSI datasets and four real-world HSI datasets
are carried out to show the effectiveness and performance of the
proposed method. When compared with nine state-of-the-art hy-
perspectral anomaly detectors, the detection performance of the
proposed method outperforms other compared detectors in terms
of area under the receiver operating characteristic (ROC) curve
(AUC) values, visual detection characteristics, ROC curves, and
separability. The main contributions of the proposed SSFSCRD
method are as follows.

1) The FrFT is employed to design the FrFT-based CRD in
the proposed method. By taking advantage of the FrFT,
not only the influence of noise on the detection accuracy
can be reduced, but also the discrimination between the
background and anomalies can be improved to some ex-
tent.

2) Learning from the relevant principles of visual saliency
theory, a saliency-weighted regularization matrix is pro-
posed according to context-aware saliency and combined
with the FrFT-based CRD. The new regularization ma-
trix uses both spectral and spatial information to set
the weights for the background pixels. By adjusting the
weights of each pixel in the selected background, the in-
terference of potential anomalies to the detection accuracy
is reduced.

3) A spectral–spatial detection procedure is designed and
integrated in the proposed method to get the final detection
results. Through the comprehensive utilization of both
spectral information and spatial information, the detection
performance of the proposed SSFSCRD method is further
improved.

The remainder of this article is structured as follows. Section II
introduces the details of the proposed method. The experimental
datasets, settings and results of the proposed method and other
methods are given in Section III. Section IV discusses and
analyzes the parameters of the proposed method. Finally, the
conclusion of this article is outlined in Section V.

II. THE PROPOSED METHOD

The proposed SSFSCRD method mainly includes three parts.
In the beginning, the HSI data is projected to fractional Fourier

domain by using FrFT. Then, a saliency-weighted FrFTCRD is
used to get the preliminary detection result of the HSI. Finally,
a spectral-spatial detection procedure is applied to get the fi-
nal anomaly detection result. The framework of the proposed
method is shown in Fig. 1.

A. Collaborative Representation-Based Detector

In order to explain the CRD method clearly, some math-
ematical definitions and notations are given first. Let X =
{xi}M×N

i=1 ∈ RL×M×N be a 3D HSI data cube, where L is the
number of spectral bands. xi is the ith spectral vector which can
be written as xi = (xi1, x

i
2, . . . , x

i
L)
T . Denote the total number

of pixels inX asD, whereD =M ×N , andX can be rewritten
as a 2-D matrix X = {xi}Di=1 ∈ RL×D.

The basic idea of collaborative representation theory is that a
pixel belonging to the background of an HSI can be represented
by its spatial neighborhoods, while an anomaly cannot. The
spatial neighborhoods of a PUT form its background set, which
can be considered as a reconstruction dictionary used in the SR
theory. A sliding dual-window is adopted to select the spatial
neighborhoods of a PUT, and the pixels between the inner
window and the outer window are used as the background set, or
as atoms of the dictionary. For an under test pixely, letwin be the
size of the inner window andwout be the size of the outer window,
and the pixel number of the background set can be calculated
as s = wout × wout − win × win. Therefore, the background set
can be denoted as a matrix Xs = {xj}sj=1, where xj represents
a pixel between the outer and inner windows.

For an under-test pixel y, its collaborative representation
weight vector α is minimized by the following formulation:

argmin
α

||y −Xsα||+ λ||α||22 (1)

where λ is a Lagrange multiplier.
(1) is equivalent to the following formulation:

argmin
α

[αT (XT
sXs + λI)α− 2αTXT

s y]. (2)

The weight vector α can be calculated by taking derivative
with regard to α of (2) and setting the resultant equation to zero,
which can be written as the following equation:

α = (XT
sXs + λI)−1XT

s y. (3)

Considering the spectral similarity among the under-test pixel
and its each surrounding pixels in the matrix is different, so a
regularization matrix Γy is introduced as

Γy =

⎡
⎢⎢⎣
||y − x1||2 . . . 0

...
. . .

...

0 . . . ||y − xs||2

⎤
⎥⎥⎦ (4)

where x1,x2, . . . ,xs are the elements of the set Xs.
Adding the regulation Γy to (1), the optimization function is

modified as

argmin
α

||y −Xsα||+ λ||Γyα||22. (5)

Accordingly, the final result of α can be written as

α = (XT
sXs + λΓTyΓy)

−1XT
s y. (6)
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Fig. 1. Framework of the proposed method.

With the matrix Xs and the weight vector α, the PUT y can
be reconstructed as

ŷ = Xsα (7)

where ŷ is the reconstructed pixel of y.
The residual error between y and its reconstructed pixel ŷ can

be calculated as

r1 = ||y − ŷ||2 = ||y −Xsα||2. (8)

If r1 is larger than a given threshold σ, then the PUT is
determined as an anomaly.

B. Fractional Fourier Transform-Based CRD

The FrFT is an extension version of the traditional Fourier
transform (FT) [37]. By using FrFT, HSI pixels can be trans-
ferred into the fractional Fourier domain, and the features ob-
tained in this domain contains the information of both original
spectral domain and frequency Fourier domain. Projecting HSI
data to the fractional Fourier domain can not only suppress the
noise in the background, but also increase the discrimination
of anomalies. By taking advantage of these merits mentioned
above, FrFT is combined with CRD (FrFTCRD) to process the
HSI data in the proposed method.

Let xi = (xi1, x
i
2, . . . , x

i
L)
T be a pixel in X = {xi}M×N

i=1 ,
and its representation through FrFT is denoted as ϕ(xi), where
ϕ(xi) = (xip(1), (x

i
p(2), . . . , x

i
p(L))

T can be calculated by the
following equation:

xip(u) =
1

L

L∑
f=1

xifKp(f, u) (9)

in which u and f are indices and p is the fractional order of FrFT.
In (9), Kp(f, u) is defined as

Kp(f, u) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Aφexp[jπ(f
2cotφ− 2fucscφ+ u2cotφ)]

, φ �= nπ

δ(f − u), φ = 2nπ

δ(f + u), φ = (2n± 1)π

(10)

where the rotation angle φ is related to p as φ = pπ
2 [38], and

Aφ can be figured out by

Aφ =
exp[−jπsgn(sinφ)/4 + jφ/2]

|sinφ| 12 . (11)

To implement FrFT into CRD, the new optimization problem
can be written as

argmin
α

||ϕ̃(y)− ϕ̃(Xs)α||+ λ||Γϕ̃(y)α||22 (12)

where ϕ̃(y) is the amplitude of ϕ(y), ϕ̃(Xs) = {ϕ̃(xj)}sj=1,
and Γϕ̃(y) is defined as

Γϕ̃(y) =

⎡
⎢⎢⎣
||ϕ̃(y)− ϕ̃(x1)||2 . . . 0

...
. . .

...

0 . . . ||ϕ̃(y)− ϕ̃(xs)||2

⎤
⎥⎥⎦ .

(13)

The weight vector α can be calculated by the following
equation:

α = (ϕ̃T (Xs)ϕ̃(Xs) + λΓTϕ̃(y)Γϕ̃(y))
−1ϕ̃T (Xs)ϕ̃(y). (14)

Then, the anomaly score is represented by

r1 = ||ϕ̃(y)− ϕ̃(Xs)α||2. (15)

C. Saliency-Weighted FrFTCRD

The regularization matrix Γy used in the CRD can assign
pixels in the background with different weights. These weights
are only calculated based on the spectral information, which
cannot well eliminate the influence of potential anomalies on the
background. To solve this problem, a new regularization matrix
is designed referring to the relevant principles of context-aware
saliency. The new regularization matrix can use both spectral and
spatial information to set the weights for the background pixels,
which can further reduce the influence of potential anomalies.
Combined with FrFT and CRD, a saliency-weighted FrFTCRD
is proposed for hyperspectral anomaly detection.

Detecting the salient regions of an image is a challenging
issue in the filed of computer vision. The context-aware saliency
detection method was proposed by Goferman et al. [39], and its
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basic idea is that salient regions are distinctive with respect to
both their local and global surroundings [40]. From the psycho-
logical point of view, human visual attention mechanism follows
four basic principles: local considerations, global considera-
tions, visual organization rules, and some prior information.

According to these four principles, the context-aware saliency
detection method defined a dissimilarity measure d between two
patches pi and pj of an image as [41]

d(pi, pj) =
dcolor(pi, pj)

1 + c× dposition(pi, pj)
(16)

where dcolor is the euclidean distance between patches pi and pj
in the color space, and dposition is the euclidean distance between
the positions of patches pi and pj .

It is easy to find that the dissimilarity measure is proportional
to the appearance difference and inversely proportional to the
positional distance. Based on this idea of saliency, we proposed
a hyperspectral dissimilarity measure to quantitatively represent
the dissimilarity between the under-test pixel y and a pixel xi in
the background set Xs. Let dposition be the relative positional dis-
tance between y and xi, the hyperspectral dissimilarity measure
dh can be defined as

dh(y,x
i) =

||y − xi||2
dposition(y,xi)

. (17)

By taking advantage of the hyperspectral dissimilarity mea-
sure dh, a new saliency-weighted regularization matrix ΓSy is
defined as

ΓSy =

⎡
⎢⎢⎢⎣

||y−x1||2
dposition(y,x1) . . . 0

...
. . .

...

0 . . . ||y−xs||2
dposition(y,xs)

⎤
⎥⎥⎥⎦ . (18)

This new saliency-weighted regularization matrix is com-
bined with FrFT and CRD to form a saliency-weighted
FrFTCRD method. The optimization function of the saliency-
weighted FrFTCRD method can be written as

argmin
α

||ϕ̃(y)− ϕ̃(Xs)α||+ λ||ΓSϕ̃(y)α||22 (19)

where ΓSϕ̃(y) is defined as

ΓSϕ̃(y) =

⎡
⎢⎢⎢⎣

||ϕ̃(y)−ϕ̃(x1)||2
dposition(ϕ̃(y),ϕ̃(x1)) . . . 0

...
. . .

...

0 . . . ||ϕ̃(y)−ϕ̃(xs)||2
dposition(ϕ̃(y),ϕ̃(xs))

⎤
⎥⎥⎥⎦ . (20)

Accordingly, the weight vector α can be calculated by the
following equation:

α = (ϕ̃T (Xs)ϕ̃(Xs) + λ(ΓSϕ̃(y))
TΓSϕ̃(y))

−1ϕ̃T (Xs)ϕ̃(y).
(21)

Then, the anomaly score of the saliency-weighted FrFTCRD
method can be figured out by

r1 = ||ϕ̃(y)− ϕ̃(Xs)α||2. (22)

Algorithm 1: The Framework of SSFSCRD Algorithm.
Input:
X: Three-dimensional hyperspectral image; win: the
inner window size; wout: the outer window size; p: the
fractional order; the regularization parameter λ; the
weighting coefficient β.

Output:
Anomaly detection map.

1: forall Pixels do
2: For each under test pixel y, obtain its background set

Xs

3: Project y and Xs to the fractional Fourier domain
by using (9)

4: Calculate the new saliency weighted regularization
matrix by using (18)

5: Calculate the weight vector α by using (21)
6: Calculate the anomaly score according to (22)
7: endfor
8: for all pixels do
9: For each under test pixel y, calculate its final

anomaly score according to (23)
10: endfor

D. Spectral–Spatial Detection Procedure

Many studies have proved that taking advantage of spatial
information can improve the performance of a hyperspectral
anomaly detection method. Although the saliency-weighted
FrFTCRD has comprehensively utilized both spectral and spatial
information, a spectral–spatial detection procedure is proposed
in this section to make further use of spatial information.

According to the characteristics of hyperspectral remote sens-
ing, a pixel and its surrounding pixels in an HSI usually reflect
the same or similar ground objects. Therefore, when these pixels
are represented by CRD, their residual errors should be approx-
imately the same [42]. Based on this assumption, the spatial
information can be incorporated for HSI anomaly detection by
considering the relative position of a PUT and its neighbors. The
closer relative position between the PUT and a neighbor pixel
means their residual errors are more similar.

In this spectral–spatial detection procedure, the anomaly score
of an under-test pixel is assigned as the weighted value of its
residual error and the weighted average value of its adjacent
pixels’ residual errors. For a PUT y, this strategy can be written
as the following formula:

ry = βry1 + (1− β)
∑
i∈ψ

1

e
dposition((y),(xi))+|ry

1
−ri

1
|∑

j∈ψ
1

e
dposition((y),(xj))+|ry

1
−r

j
1
|

ri1

(23)
where ry is the final anomaly score of the PUT y, ψ is the set
of its adjacent pixels, β is the weighting coefficient, and ry1 and
ri1 are the residual errors calculated by formula (22).

This spectral–spatial detection procedure uses relative posi-
tional information and anomaly scores of PUT and its adjacent
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Fig. 2. First synthetic dataset. (a) False-color image. (b) Ground truth.

pixels calculate anomaly score of the PUT, and can reduce the in-
fluence of noise contamination in the background. Furthermore,
this strategy is independent of the detection process, with less
calculation and easy to implement. The main steps of SSFSCRD
are summarized in Algorithm 1.

III. EXPERIMENTAL RESULTS

In this section, a number of experiments are conducted to show
the performance and effectiveness of the proposed method from
different perspectives. The details of two synthetic HSI datasets
and four real-world HSI datasets used in the experiments are
introduced first. Next, the relevant settings of the experiment
and the selected evaluation criteria are given. Finally, the ex-
perimental results of the proposed method and the compared
methods are analyzed.

A. Experimental Datasets

There are totally six hyperspectral datasets selected for con-
ducting experiments, which include two synthetic HSI datasets
and four real-world HSI datasets. These HSI datasets were cap-
tured by two different sensors over different kinds of scenes, and
their spatial resolution and spectral resolution are also different.
With the help of these different datasets, the performance and
effect of the proposed method can be tested more comprehen-
sively. The details of these HSI datasets are described in the
following part.

1) Synthetic HSI Datasets: The first one synthetic HSI
dataset (hereinafter referred to as S1) was collected over Pavia,
Northern Italy, by the Reflective Optics System Imaging Spec-
trometer (ROSIS) sensor [43]. Its size is 105× 100 pixels with
102 spectral bands. The spatial resolution is 1.3 m, and the
spectral resolution is 4 nm. Six anomalies were scattered in the
background with white noise to get the synthetic HSI dataset.
The sizes of these anomalies are 4× 3, 4× 3, 2× 2, 2× 2,
3× 3, and 2× 4, respectively. The false-color image of the
first synthetic data is shown in Fig. 2(a), and positions of six
anomalies are shown in Fig. 2(b).

The second synthetic HSI dataset (hereinafter referred to
as S2) was also collected by the ROSIS sensor, over Pavia
University, Northern Italy. So its spatial resolution and spectral
resolution are the same with those of the S1 dataset. The S2
dataset consists 300× 200 pixels and the number of its spectral
bands is 103. The synthetic anomalies are embedded into the
background by using the following equation [44]:

S = B × (1− p) + T × p (24)

Fig. 3. Second synthetic dataset. (a) False color image. (b) Ground truth.

Fig. 4. First real dataset. (a) False color image. (b) Ground truth.

where T is the pure anomalous pixel, B is the selected back-
ground pixel, and the p is the mixture percentage of the anoma-
lies. The false-color image of the second synthetic HSI data is
shown in Fig. 3(a), and the ground truth is given in Fig. 3(b). It
can be found that there are 25 anomalies in total, and the sizes
of these anomaly targets are 2× 1, 1× 2, 2× 2, and 3× 2,
respectively.

2) Real HSI Datasets: Four different real HSI datasets which
are widely used in many related studies are selected for the
experiment. These HSIs were captured over different locations
by two different imaging spectrometer sensors. Their scenes, the
number of spectral bands, spatial and spectral resolution, and
anomalies selected to be detected are also different. Therefore,
these four real HSI datasets are very suitable for testing the
comprehensive detection performance of the proposed method
under different scenes and circumstances.

The first real HSI dataset (hereinafter referred to as R1)
is collected by airborne visible infrared imaging spectrometer
(AVIRIS). It is a part of the real HSI of the San Diego Inter-
national Airport, USA [45]. The selected image contains 38
anomalies, and its size is 100× 100 pixels with 126 spectral
bands. The spatial resolution is 3.5 m, and the spectral resolution
is 10 nm. The false-color image of this dataset is shown in
Fig. 4(a). The actual distribution of 38 anomalies is shown in
Fig. 4(b).

The second real HSI dataset (hereinafter referred to as R2) is
also collected by the AVIRIS sensor [46]. It is a HSI of an airport
in Los Angeles, USA [47]. The spatial resolution is 7.1 m, and
its spectral resolution is the same as R1’s. The image has 224
spectral channels in wavelengths ranging from 400 to 2500 nm.
After removing the bands severely affected by moisture and the
low-signal-to-noise (SNR) bands, there are 204 spectral bands
remained. The size of the R2 HSI data is 100× 100 pixels, and
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Fig. 5. Second real dataset. (a) False-color image. (b) Ground truth.

Fig. 6. Third real dataset. (a) False-color image. (b) Ground truth.

Fig. 7. Fourth real dataset. (a) False-color image. (b) Ground truth.

there are three anomalies in it [6]. The false color image of the
R2 dataset is shown in Fig. 5(a), and its corresponding ground
truth is shown in Fig. 5(b).

The third HSI dataset (hereinafter referred to as R3) is an
urban scene of Texas coast, USA [48]. It is also captured by the
AVIRIS sensor, and its spatial resolution is 17.2 m. There are
207 spectral bands in this image, whose wavelengths range from
400 to 2500 nm. The image size of the HSI data is 100× 100
pixels, and are chosen as anomalies. The false color image of
the R3 HSI dataset is shown in Fig. 6(a), and its corresponding
ground truth is shown in Fig. 6(b).

The fourth real HSI dataset (hereinafter referred to as R4) was
collected by the ROSIS sensor over the Pavia city in Northern
Italy [49]. The spatial resolution is 1.3 m, and the spectral
resolution is 4 nm. The R4 image’s size is 150× 150 pixels,
and it has 102 spectral bands in wavelengths ranging from 430
to 860 nm. The vehicles in the R4 HSI dataset are selected as
anomalies [50]. The false-color image of the R4 HSI dataset and
the image of its ground truth are shown in Fig. 7(a) and (b).

B. Evaluation Criteria and Experimental Settings

In this part, the evaluation criterion, compared methods, and
parameter settings related to experiments are introduced as
follows.

1) Evaluation Criteria: In order to accurately evaluate and
analyze the performance detection efficiency of a hyperspectral

anomaly detector qualitatively and quantitatively, the ROC curve
and the AUC value are adopted as evaluation criteria [6].

The ROC curve is the most commonly used evaluation crite-
rion used in the area of hyperspectral anomaly detection [51].
It shows the relationship between the FAR and the true positive
rate (TPR) under different threshold. The FAR and TPR can be
figured out as follows, respectively.

FAR =
FP

FP + TN
(25)

TPR =
TP

TP + FN
(26)

where TP is the number of anomalies that were also predicted
as anomalies, TN is the number of background pixels that
were predicted correctly, FN is the number of anomalies but
wrongly predicted as background pixels, and FP is the number
of background pixels but wrongly predicted as anomalies [52].

For a set of methods, a method that has a higher TPR value
when compared with others under the same FAR can be consid-
ered to have better performance. The AUC value is used to show
the average performance of a method, which can be calculated by
carrying out the integral operator for ROC curve [53]. It should
be noted that the larger the value of AUC is, the better a detector
performs.

2) Compared Methods: To verify the performance of the pro-
posed method, nine hyperspectral anomaly detection methods
which are commonly used as compared methods in many studies
are selected for complete comparison. The compared methods
include the GRX method, LRX method, KRX method, CRD
method, KCRD method, PCA-RX method, FrFE+RX method,
GTVLRR method, and LSD method.

These methods are selected as competitors by considering the
diversity and popularity comprehensively. Specially, GRX and
LRX are two versions of the benchmark Reed–Xiaoli method
which are based on the statistical distribution hypothesis of the
background. CRD is the classical CRD. KRX and KCRD are
the RX and CRD methods combined with the kernel function
theory.

As the proposed method used FrFT and context-aware
saliency to suppress noise, reduce the effect of the anomalies
and enhance the discrimination between background pixels and
anomalies, some related detectors are chosen. FrFE+RX is the
combination of FrFT and RX proposed by Tao et al. [36].
In addition, as the proposed method takes advantage of both
spectral and spatial information, a spectral–spatial detector, the
LSD detector, is also added to the set of compared methods.
LSD is based on the assumption that an abnormal pixel cannot
be represented by very few background samples from the local
surrounding both in the spectral and spatial domains. GTVLRR
is the representative of the low-rank and sparse-based methods,
which incorporates the local geometrical structure and spatial
information of an HSI.

In summary, it can be found that different types of anomaly
detectors are chosen as competitors. Therefore, the choice of the
comparison methods is suitable and reasonable, which can be
used to show the performance of the proposed method effectively
and accurately.
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TABLE I
OPTIMAL PARAMETER SETTINGS FOR THE TESTED METHODS

3) Parameter Settings: All the programs and experiments are
run by MATLAB 2017 on a workstation with core i7-7700,
CPU@2.8 GHz and 16-GB RAM. The code for the proposed
SSFSCRD method is available online.1 The optimal parameter
settings of these compared methods are given in Table I. LRX
method has two parameters: inner window size win and outer
window size wout. KRX method has three parameters: inner
window size win, outer window size wout, and kernel parameter
σ. CRD method has three parameters: inner window size win,
outer window size wout, and regularization parameter λ. KCRD
method has four parameters: inner window size win, outer win-
dow size wout, regularization parameter λ, and kernel parameter
σ. PCA+RX method has just one parameter: optimal principal
component n. GTVLRR method has three parameters: tradeoff
parameters λ, β, and γ. LSD method has three parameters:
inner window size win, outer window size wout, and optimal
principal component n. There are five critical parameters in the
proposed method: inner window size win, outer window size
wout, fractional order p, Lagrange multiplier λ, and the weighting
coefficient β. The details of corresponding parameter selection
experiments and the effect of these parameters are conducted
and analyzed in tSection IV.

C. Experimental Results and Analysis

In order to evaluate the performance of the proposed method
comprehensively and convincingly, extensive experimental re-
sults are deeply discussed and analyzed in this part. Table II
shows the AUC values of the respective methods on all syn-
thetic and real HSI datasets, and the best value in each HSI
dataset is highlighted in italics. The AUC values of the proposed
method obtained in two synthetic HSI datasets and four real
HSI datasets are 0.9856, 0.9494, 0.9761, 0.9935, 0.9957, and
0.9989, respectively. It can be clearly found that the proposed
method is superior to all other compared methods on all six

1[Online]. Available: https://github.com/lichuang0529/SSFSCRD

TABLE II
AUC SCORES OF THE GRX, LRX, KRX, CRD, KCRD, PCA+RX, FRFE+RX,

GTVLRR, LSD, AND SSFSCRD METHODS ON SIX DATASETS

TABLE III
AUC SCORES OF THE GRX, LRX, KRX, CRD, KCRD, PCA+RX, FRFE+RX,

GTVLRR, LSD, AND SSFSCRD METHODS ON SIX DATASETS WITH THE

SAME DUAL WINDOW SIZES

datasets. Furthermore, as the spatial and spectral resolution of
the experimental HSIs is different, it can be observed that the
proposed method can provide a much more stable detection
result and have a good performance on datasets with different
spatial and spectral resolution. Results on these different datasets
can show that the proposed SSFSCRD method is suitable for
different kinds of datasets. Besides, AUC scores of SSFSCRD
method and compared methods on six datasets with the same
dual window sizes are shown in Table III. It can be declared
that the AUC values of SSFSCRD method is also superior to all
other compared methods on all six datasets with the same dual
window sizes.

Figs. 8–13 illustrate the visual anomaly detection result maps
of different methods on all six scenarios. In terms of visual
effects, it is obvious that the proposed method has the best
detection performance. As can be seen in Fig. 8, the noise
suppression effect and the discrimination ability between the
background and anomalies of the proposed method is good in
S1 because the fractional transform is employed in the proposed
method. As shown in the Figs. 9 and 12, the proposed method
can detect more pixels in the detection results of S2 and R3.
This phenomenon shows that the interference of the potential
anomalies to the detection results is much reduced by adjusting
the weight of each pixels in the saliency weighted matrix. In
the detection result maps obtained by the LSD method and the
proposed SSFSCRD method as shown in Figs. 9(i) and 10(i),
it is clear that the spectral–spatial postprocessing procedure
integrated in the proposed method can improve the detection
capability more effectively.
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Fig. 8. The visual detection maps of the first synthetic dataset. (a) GRX method, (b) LRX method, (c) KRX method, (d) CRD method, (e) KCRD method,
(f) PCA+RX method, (g) FrFE+RX method, (h) GTVLRR method, (i) LSD method, (j) SSFSCRD method.

Fig. 9. The visual detection maps of the second synthetic dataset. (a) GRX method, (b) LRX method, (c) KRX method, (d) CRD method, (e) KCRD method,
(f) PCA+RX method, (g) FrFE+RX method, (h) GTVLRR method, (i) LSD method, (j) SSFSCRD method.

Fig. 14 illustrates the ROC curves obtained for all methods
with six HSI datasets. For S1 dataset shown in Fig. 14(a), it
is clear that the proposed SSFSCRD method has better perfor-
mance than all the other anomaly detection methods, as the FAR
is about 0.08 when the TPR of the proposed SSFSCRD method
climbs to 1. For the S2 dataset revealed in Fig. 14(b), the result
of SSFSCRD demonstrates a better performance than other
anomaly detection methods. When the TPR of the proposed
SSFSCRD method is up to 1, the FAR is about 0.4. For the
R1 dataset shown in Fig. 14(c), it is easy to find that the ROC
curve of the proposed SSFSCRD method is always above those

of other anomaly detection methods. For the R2 dataset shown
in Fig. 14(d), the ROC curve of the proposed SSFSCRD method
rises more sharply than the other anomaly detection methods.
And when the TPR of the proposed SSFSCRD method is 1, the
FAR of the proposed SSFSCRD method is approximately 0.1.
For the R3 dataset, the ROC curve of the proposed SSFSCRD
and LSD are almost the same and the results of ROC curve are
consistent with the results of AUC value. As for the R4 dataset
shown in Fig. 14(f), the ROC curve of the proposed SSFSCRD
also increases relatively rapidly. And when the TPR of the
proposed SSFSCRD is 1, the FAR of the proposed SSFSCRD
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Fig. 10. Visual detection maps of the first real dataset. (a) GRX method. (b) LRX method. (c) KRX method. (d) CRD method. (e) KCRD method. (f) PCA+RX
method. (g) FrFE+RX method. (h) GTVLRR method. (i) LSD method. (j) SSFSCRD method.

Fig. 11. Visual detection maps of the second real dataset. (a) GRX method. (b) LRX method. (c) KRX method. (d) CRD method. (e) KCRD method. (f) PCA+RX
method. (g) FrFE+RX method. (h) GTVLRR method. (i) LSD method. (j) SSFSCRD method.

Fig. 12. Visual detection maps of the third real dataset. (a) GRX method. (b) LRX method. (c) KRX method. (d) CRD method. (e) KCRD method. (f) PCA+RX
method. (g) FrFE+RX method. (h) GTVLRR method. (i) LSD method. (j) SSFSCRD method.
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Fig. 13. Visual detection maps of the fourth dataset. (a) GRX method. (b) LRX method. (c) KRX method. (d) CRD method. (e) KCRD method. (f) PCA+RX
method. (g) FrFE+RX method. (h) GTVLRR method. (i) LSD method. (j) SSFSCRD method.

Fig. 14. ROC curve of different anomaly detectors. (a) First synthetic dataset. (b) Second synthetic dataset. (c) First real dataset. (d) Second real dataset.
(e) Third real dataset. (f) Fourth real dataset.

method is about 0.01. Above all, the ROC curves show that
the detection probability of the proposed SSFSCRD method is
higher than other compared methods at a lower FAR.

To demonstrate the separability between abnormal targets
and background, we compare SSFSCRD with other methods
by box graphs. As shown in Fig. 15, there are anomaly and
background columns for each method, in which the detection
values are normalized to 0–1. The red and green boxes in Fig. 15
represent the distribution of the abnormal targets’ detection
values and background’s detection values, respectively. And
their positions illustrate the separability of abnormal targets and
background. Furthermore, the black line inside each box is the
median values, and the upper and lower edges of the box reflect

10th and 90th percentiles, respectively. And the whiskers are the
extreme values. For the S1 dataset shown in Fig. 15(a), the gaps
between two abnormal targets and background for the proposed
SSFSCRD method and GTVLRR method are bigger than the
other methods. However, the upper whisker of background box
for SSFSCRD method is lower than GTVLRR’s, which means
that the proposed SSFSCRD method suppresses the background
more effectively than GTVLRR method. For the S2, R1, R3, and
R4 datasets as shown in Fig. 15(b), (c), (e), and (f), it is obvious
that the gaps between two abnormal targets and background for
the proposed SSFSCRD method are bigger than other methods.
For the R2 dataset, the gaps between abnormal targets and
background for the proposed SSFSCRD method are nearly the
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Fig. 15. Separability maps of different anomaly detectors. (a) First synthetic dataset. (b) Second synthetic dataset. (c) First real dataset. (d) Second real dataset.
(e) Third real dataset. (f) Fourth real dataset.

same to those of the KRX method. Therefore, the results of
separability maps of different methods reveal that the proposed
SSFSCRD method has excellent discrimination ability between
anomalies and background.

In summary, through comprehensive analysis of AUC values,
visual detection results, ROC curves, and separability maps,
the proposed SSFSCRD method is a significant and effective
method compared with nine state-of-the-art HSI anomaly de-
tection methods.

D. Capability of Suppressing Noise

By taking advantage of the suppressing noise ability of FrFT,
Tao et al. employ FrFT as the preprocessing for RX detector [36].
To verify the capability of the proposed SSFSCRD method to
suppress the noise, the relevant experiments are conducted in
this section. We use the S1 dataset as the experimental dataset
and add different levels of zero-mean Gaussian white noise into
it. The SNR ranges from 20 to 60 dB and the step size is 10 dB.
Table IV lists the AUC values of all detectors on the S1 dataset
with different levels of zero-mean Gaussian white noise and
the highest value under different levels of zero-mean Gaussian
white noise is highlighted in italics. From Table IV, it can be seen
that the proposed SSFSCRD always get the highest value under
different levels of zero-mean Gaussian white noise. Besides,
with the decreasing of SNR, the AUC values of SSFSCRD
method drop to a small degree. Therefore, it can be concluded
that the proposed SSFSCRD method can suppress the noise
efficaciously.

TABLE IV
AUC VALUES OF ALL DETECTORS ON THE S1 DATASET WITH DIFFERENT

LEVELS OF ZERO-MEAN GAUSSIAN WHITE NOISE

Furthermore, Fig. 18 shows the comparison of the 50th band
between the S1 data with 20 dB SNR and the FrFT domain of
the S1 data with 20 dB SNR. It is clearly found that the FrFT
can suppress the noise and make anomalies to be distinctive. In
particular, the two targets in the bottom left corner cannot be
distinguished under the interference of noise, but they can be
clearly distinguished from the background after FrFT.

E. Computational Efficiency Analysis

The computational efficiency is also a significant criterion for
evaluating the performance of HSI anomaly detector. For the
proposed SSFSCRD method, the FrFT and the calculation of
the weight vector α cost the most running time. Table V lists the
running time of the SSFSCRD method and compared methods.
It can be found that the running time of SSFSCRD is at a medium
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Fig. 16. AUC values of the proposed method with respect to the outer window size wout and the inner window size win. (a) First synthetic dataset. (b) Second
synthetic dataset. (c) First real dataset. (d) Second real dataset. (e) Third real dataset. (f) Fourth real dataset.

TABLE V
RUNNING TIME (S) OF ALL DETECTORS ON SIX DATASETS

level in the running time of all comparison algorithms. However,
considering the excellent detection accuracy of SSFSCRD, the
computational complexity of SSFSCRD is acceptable.

IV. DISCUSSION

The influence of crucial parameters involved in the proposed
method are analyzed and discussed in this section. The proposed
method contains four sensitive parameters in total. They are the
window size, fractional order p, Lagrange multiplier λ, and the
weighting coefficient β, respectively. The AUC value is adopted
as evaluation standard to distinguish the effect of each parameter
on the proposed method’s performance. When analyzing one
sensitive parameter, the values of other parameters are fixed as
default parameters.

To analyze and discuss the effects of these parameters com-
pletely and objectively, explicit experiments are conducted on
all the six HSI datasets. As for the window size parameters win

and wout, their effects are jointly analyzed. The fractional order
p, Lagrange multiplier λ, and the weighting coefficient β are set

as 0.5, 0.5, and 10−6, respectively. The experimental results are
illustrated in Fig. 16.

Taking all the results of all the HSI datasets into considera-
tion, the detection performance of the proposed method stably
changes within a promising range in most cases. Specifically,
for S2, R2, R3, and R4 dataset, when wout is approximately less
than 13, all the AUC values are good and nearly unchanged,
which fully demonstrates the stability of the proposed method.
As for S1 and R1 dataset, the AUC value changes a lot withwout

because the anomalies of these two datasets are close spatially.
Furthermore, it is easy to find that the window size can affect
the detection performance of the proposed method. A large
outer window can provide sufficient background information,
but potential anomalies and noise may also be used to represent
the under test pixel. Therefore, the optimal window size may be
different with different HSI datasets, and the optimal value of
win should be a little larger than the size of anomalies.

For the fractional order p and the weighting coefficientβ, their
effects on the AUC value of the proposed method are given in
Fig. 17. The fractional order p can reflect the amount of original
spectral information contained in the FrFT domain. When the
proposed method gets the best AUC value, the value of p is
0.8, 0.7, 0.3, 0.9, 0.3, and 0.3 on six HSI datasets, respectively.
These results clearly demonstrate that taking advantage of the
FrFT domain information can improve detection performance
of the proposed method. As shown in Fig. 17(a) and (b), for the
synthetic HSI datasets of S1 and S2, the optimal AUC values
are 0.9856 and 0.9494 when β is 1. The anomalies in these
two synthetic datasets are inserted artificially, and the sizes of
these anomalies are very small. This situation does not meet the
assumption that a pixel and its surrounding pixels in an HSI
usually reflect the same or similar ground objects. However, for
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Fig. 17. AUC values of the proposed method with respect to the fractional order p and the weighting coefficient β. (a) First synthetic dataset. (b) Second synthetic
dataset. (c) First real dataset. (d) Second real dataset. (e) Third real dataset. (f) Fourth real dataset.

Fig. 18. Illustration with a hyperspectral band of the S1 dataset. (a) Fiftieth
band of the data with 20 dB SNR. (b) Fiftieth band of the data with 20 dB SNR
after FrFT when p = 0.8.

the real HSI datasets, the optimal AUC value is obtained when
β is 0.1 or 0.2. Then, the AUC value rapidly decreases with the
increase of β, and the smallest AUC value is obtained when β
is 1. From the above analysis, for the real HSI datasets, it can be
found that the best AUC values are reached when β is no larger
than 0.5. This phenomenon shows that the proposed spectral–
spatial postprocessing procedure is effective for improving the
detection accuracy of hyperspectral anomaly detector.

V. CONCLUSION

This article proposes a spectral–spatial anomaly detection
method based on FrFT and context-aware saliency-weighted
collaborative representation for HSIs. The proposed method
aims at solving the unsatisfactory detection performance caused
by two problems. The first problem is that the background
information is usually contaminated by the anomalies or noise,
and the second one is the insufficient use of spatial information.
The proposed method mainly consists of three important parts,
including FrFT, context-aware saliency-weighted FrFTCRD,

and the spectral–spatial detection procedure. Through projecting
all the hyperspectral pixels to the fractional Fourier domain, the
noise can be suppressed and the anomalies can be highlighted.
Referring to the relevant principles of context-aware saliency, a
saliency-weighted matrix is designed as the regularization ma-
trix. The new saliency-weighted regularization matrix uses both
spectral and spatial information to set the weights for the back-
ground pixels, which can further reduce the influence of potential
anomalies. Combining the new saliency-weighted regularization
matrix with FrFT and CRD, a context-aware saliency-weighted
FrFTCRD is designed to explore more accurate and pure back-
ground information. Consequently, collaborative represented
background can not only have low noise influence, but also
benefits from reducing effects of potential anomalies. To take ad-
vantage of the spatial information effectively, a spectral–spatial
detection procedure is designed to calculate the final anomaly
score for each PUT, which can further improve the performance
of the proposed method. In order to evaluate the performance
and effectiveness of the proposed methods, the proposed method
is compared with nine state-of-the-art detectors on two synthetic
HSI datasets and four real HSI datasets captured from different
scenes. Extensive experimental results demonstrate that the
proposed method outperforms other state-of-the-art anomaly
detection methods on all six HSI datasets. Furthermore, through
deeply analyzing and discussing the critical parameters, the
proposed method also has good stability and effectiveness.

ACKNOWLEDGMENT

The authors would like to thank Dr. X. D. Zhao for providing
the code of the FrFE+RX and Dr. T. K. Cheng for providing the
code of the GTVLRR.



5996 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

REFERENCES

[1] L. Ren, L. Zhao, and Y. Wang, “A superpixel-based dual window rx
for hyperspectral anomaly detection,” IEEE Geosci. Remote Sens. Lett.,
vol. 17, no. 7, pp. 1233–1237, Jul. 2020.

[2] R. Zhao, Z. Shi, Z. Zou, and Z. Zhang, “Ensemble-based cascaded con-
strained energy minimization for hyperspectral target detection,” Remote
Sens., vol. 11, p. 1310, May 2019.

[3] S. Li, K. Zhang, Q. Hao, P. Duan, and X. Kang, “Hyperspectral anomaly
detection with multiscale attribute and edge-preserving filters,” IEEE
Geosci. Remote Sens. Lett., vol. 15, no. 10, pp. 1605–1609, Oct. 2018.

[4] X. Yao and C. Zhao, “Hyperspectral anomaly detection based on the
bilateral filter,” Infrared Phys. Techn., vol. 92, pp. 144–153, 2018.

[5] Y. Yang, J. Zhang, S. Song, C. Zhang, and D. Liu, “Low-rank and sparse
matrix decomposition with orthogonal subspace projection-based back-
ground suppression for hyperspectral anomaly detection,” IEEE Geosci.
Remote Sens. Lett., vol. 17, no. 8, pp. 1378–1382, Aug. 2020.

[6] S. Chang, B. Du, and L. Zhang, “BASO: A background-anomaly compo-
nent projection and separation optimized filter for anomaly detection in
hyperspectral images,” IEEE Trans. Geosci. Remote Sens., vol. 56, no. 7,
pp. 3747–3761, Jul. 2018.

[7] L. Zhu, G. Wen, S. Qiu, and X. Zhang, “Improving hyperspectral anomaly
detection with a simple weighting strategy,” IEEE Geosci. Remote Sens.
Lett., vol. 16, no. 1, pp. 95–99, Jan. 2019.

[8] Z. Li and Y. Zhang, “A new hyperspectral anomaly detection method based
on higher order statistics and adaptive cosine estimator,” IEEE Geosci.
Remote Sens. Lett., vol. 17, no. 4, pp. 661–665, Apr. 2020.

[9] I. S. Reed and X. Yu, “Adaptive multiple-band CFAR detection of an
optical pattern with unknown spectral distribution,” IEEE Trans. Acoust.
Speech Signal Process, vol. 38, no. 10, pp. 1760–1770, Oct. 1990.

[10] W. Xie, B. Liu, Y. Li, J. Lei, C. Chang, and G. He, “Spectral adversarial
feature learning for anomaly detection in hyperspectral imagery,” IEEE
Trans. Geosci. Remote Sens., vol. 58, no. 4, pp. 2352–2365, Apr. 2020.

[11] X. Zhang, G. Wen, and W. Dai, “A tensor decomposition-based anomaly
detection algorithm for hyperspectral image,” IEEE Trans. Geosci. Remote
Sens., vol. 54, no. 10, pp. 5801–5820, Oct. 2016.

[12] W. Zhang, X. Lu, and X. Li, “Similarity constrained convex nonnegative
matrix factorization for hyperspectral anomaly detection,” IEEE Trans.
Geosci. Remote Sens., vol. 57, no. 7, pp. 4810–4822, Jul. 2019.

[13] Y. Xu, Z. Wu, J. Li, A. Plaza, and Z. Wei, “Anomaly detection in hyper-
spectral images based on low-rank and sparse representation,” IEEE Trans.
Geosci. Remote Sens., vol. 54, no. 4, pp. 1990–2000, Apr. 2016.

[14] Y. Zhang, D. Bo, L. Zhang, and S. Wang, “A low-rank and sparse ma-
trix decomposition-based Mahalanobis distance method for hyperspectral
anomaly detection,” IEEE Trans. Geosci. Remote Sens., vol. 54, no. 3,
pp. 1376–1389, Mar. 2016.

[15] Q. Guo, B. Zhang, Q. Ran, L. Gao, J. Li, and A. Plaza, “Weighted-RXD
and linear filter-based RXD: Improving background statistics estimation
for anomaly detection in hyperspectral imagery,” IEEE J. Sel. Topics Appl.
Earth Observ. Remote Sens., vol. 7, no. 6, pp. 2351–2366, Jun. 2014.

[16] N. Billor, A. S. Hadi, and P. F. Velleman, “BACON: Blocked adaptive
computationally efficient outlier nominators,” Comput. Stat. Data Anal.,
vol. 34, no. 3, pp. 279–298, 2000.

[17] Y. Xu, B. Du, L. Zhang, and S. Chang, “A low-rank and sparse matrix
decomposition-based dictionary reconstruction and anomaly extraction
framework for hyperspectral anomaly detection,” IEEE Geosci. Remote
Sens. Lett., vol. 17, no. 7, pp. 1248–1252, Jul. 2020.

[18] H. Kwon and N. Nasrabadi, “Kernel RX-algorithm: A nonlinear anomaly
detector for hyperspectral imagery,” IEEE Trans. Geosci. Remote Sens.,
vol. 43, no. 2, pp. 388–397, Feb. 2005.

[19] S. Khazai and B. Mojaradi, “A modified kernel-RX algorithm for anomaly
detection in hyperspectral images,” Arab. J. Geosci., vol. 8, no. 3,
pp. 1487–1495, 2013.

[20] B. Du and L. Zhang, “Random-selection-based anomaly detector for
hyperspectral imagery,” IEEE Trans. Geosci. Remote Sens., vol. 49, no. 5,
pp. 1578–1589, May 2011.

[21] M. J. Carlotto, “A cluster-based approach for detecting man-made objects
and changes in imagery,” IEEE Trans. Geosci. Remote Sens., vol. 43, no. 2,
pp. 374–387, Feb. 2005.

[22] C. Zhao and L. Zhang, “Spectral-spatial stacked autoencoders based on
low-rank and sparse matrix decomposition for hyperspectral anomaly
detection,” Infrared Phys. Techn., vol. 92, pp. 166–176, 2018.

[23] D. Ma, Y. Yuan, and Q. Wang, “Hyperspectral anomaly detection based on
separability-aware sample cascade,” Remote Sens., vol. 11, no. 21, p. 2537,
2019.

[24] Y. Chen, N. M. Nasrabadi, and T. D. Tran, “Simultaneous joint sparsity
model for target detection in hyperspectral imagery,” IEEE Geosci. Remote
Sens. Lett., vol. 8, no. 4, pp. 676–680, Jul. 2011.

[25] Y. Zhang, B. Du, L. Zhang, and S. Wang, “A low-rank and sparse ma-
trix decomposition-based Mahalanobis distance method for hyperspectral
anomaly detection,” IEEE Trans. Geosci. Remote Sens., vol. 54, no. 3,
pp. 1376–1389, Mar. 2016.

[26] R. Zhao, B. Du, and L. Zhang, “Hyperspectral anomaly detection via a
sparsity score estimation framework,” IEEE Trans. Geosci. Remote Sens.,
vol. 55, no. 6, pp. 3208–3222, Jun. 2017.

[27] T. Cheng and B. Wang, “Graph and total variation regularized low-rank
representation for hyperspectral anomaly detection,” IEEE Trans. Geosci.
Remote Sens., vol. 58, no. 1, pp. 391–406, Jan. 2020.

[28] W. Li and Q. Du, “Collaborative representation for hyperspectral
anomaly detection,” IEEE Trans. Geosci. Remote Sens., vol. 53, no. 3,
pp. 1463–1474, Mar. 2015.

[29] H. Su, Z. Wu, Q. Du, and P. Du, “Hyperspectral anomaly detection
using collaborative representation with outlier removal,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 11, no. 12, pp. 5029–5038,
Dec. 2018.

[30] P. Gurram, H. Kwon, Z. Peng, and W. Yin, “Sparse kernel learning-based
feature selection for anomaly detection,” IEEE Trans. Aerosp. Electron.
Syst., vol. 51, no. 3, pp. 1698–1716, Jul. 2015.

[31] S. Valero, P. Salembier, and J. Chanussot, “Hyperspectral image repre-
sentation and processing with binary partition trees,” IEEE Trans. Image
Process., vol. 22, no. 4, pp. 1430–1443, Apr. 2013.

[32] A. Plaza et al., “Recent advances in techniques for hyperspectral image
processing,” Remote Sens. Environ., vol. 113, pp. S110–S122, 2009.

[33] Z. Yuan, H. Sun, K. Ji, Z. Li, and H. Zou, “Local sparsity divergence
for hyperspectral anomaly detection,” IEEE Geosci. Remote Sens. Lett.,
vol. 11, no. 10, pp. 1697–1701, Oct. 2014.

[34] B. Tu, N. Li, Z. Liao, X. Ou, and G. Zhang, “Hyperspectral anomaly de-
tection via spatial density background purification,” Remote Sens., vol. 11,
no. 22, p. 2618, 2019.

[35] K. Tan, Z. Hou, D. Ma, Y. Chen, and Q. Du, “Anomaly detection in
hyperspectral imagery based on low-rank representation incorporating a
spatial constraint,” Remote Sens., vol. 11, no. 13, p. 1578, 2019.

[36] R. Tao, X. Zhao, W. Li, H. Li, and Q. Du, “Hyperspectral anomaly detection
by fractional fourier entropy,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 12, no. 12, pp. 4920–4929, Dec. 2019.

[37] V. A. Narayanan and K. M. M. Prabhu, “The fractional Fourier transform:
Theory, implementation and error analysis,” Microprocess. Microsyst.,
vol. 27, no. 10, pp. 511–521, 2003.

[38] S. Huang, S. Fang, and N. Han, “Parameter estimation of delay-doppler un-
derwater acoustic multi-path channel based on iterative fractional fourier
transform,” IEEE Access, vol. 7, pp. 7920–7931, 2019.

[39] S. Goferman, L. Zelnik-Manor, and A. Tal, “Context-aware saliency
detection,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 10,
pp. 1915–1926, Oct. 2012.

[40] X. Luo, J. Zhang, and Q. Dai, “Saliency-based geometry measurement for
image fusion performance,” IEEE Trans. Instrum. Meas., vol. 61, no. 4,
pp. 1130–1132, Apr. 2012.

[41] W. Liuet al., “Random selection-based adaptive saliency-weighted RXD
anomaly detection for hyperspectral imagery,” Int. J. Remote Sens., vol. 39,
no. 8, pp. 2139–2158, 2018.

[42] H. Zhang, H. Zhai, L. Zhang, and P. Li, “Spectral–spatial sparse subspace
clustering for hyperspectral remote sensing images,” IEEE Trans. Geosci.
Remote Sens., vol. 54, no. 6, pp. 3672–3684, Jun. 2016.

[43] L. Zhang and C. Zhao, “A spectral-spatial method based on low-rank and
sparse matrix decomposition for hyperspectral anomaly detection,” Int. J.
Remote Sens., vol. 38, no. 14, pp. 4047–4068, 2017.

[44] C. Zhao, L. Zhang, and B. Cheng, “A local Mahalanobis-distance method
based on tensor decomposition for hyperspectral anomaly detection,”
Geocarto Int., vol. 34, no. 5, pp. 490–503, 2019.

[45] K. Tan, Z. Hou, D. Ma, Y. Chen, and Q. Du, “Anomaly detection in
hyperspectral imagery based on low-rank representation incorporating a
spatial constraint,” Remote Sens., vol. 11, p. 1578, Jul. 2019.

[46] W. Xie, B. Liu, Y. Li, J. Lei, C. Chang, and G. He, “Spectral ad-
versarial feature learning for anomaly detection in hyperspectral im-
agery,” IEEE Trans. Geosci. Remote Sens., vol. 58, no. 4, pp. 2352–2365,
Apr. 2020.

[47] Y. Yang, S. Song, D. Liu, J. C.-W. Chan, J. Li, and J. Zhang, “Hy-
perspectral anomaly detection through sparse representation with tensor
decomposition-based dictionary construction and adaptive weighting,”
IEEE Access, vol. 8, pp. 72121–72137, 2020.



ZHAO et al.: SPECTRAL–SPATIAL ANOMALY TARGET DETECTION METHOD BASED ON FRACTIONAL FOURIER TRANSFORM 5997

[48] J. Lei, W. Xie, J. Yang, Y. Li, and C. Chang, “Spectral–spatial feature
extraction for hyperspectral anomaly detection,” IEEE Trans. Geosci.
Remote Sens., vol. 57, no. 10, pp. 8131–8143, Oct. 2019.

[49] X. Kang, X. Zhang, S. Li, K. Li, J. Li, and J. A. Benediktsson, “Hyperspec-
tral anomaly detection with attribute and edge-preserving filters,” IEEE
Trans. Geosci. Remote Sens., vol. 55, no. 10, pp. 5600–5611, Oct. 2017.

[50] S. Li, K. Zhang, P. Duan, and X. Kang, “Hyperspectral anomaly detection
with kernel isolation forest,” IEEE Trans. Geosci. Remote Sens., vol. 58,
no. 1, pp. 319–329, Jan. 2020.

[51] P. Xiang, J. Song, H. Li, L. Gu, and H. Zhou, “Hyperspectral anomaly
detection with harmonic analysis and low-rank decomposition,” Remote
Sens., vol. 11, no. 24, p. 3028, 2019.

[52] R. Li and S. Latifi, “Improving hyperspectral subpixel target detection
using hybrid detection space,” J. Appl. Remote Sens., vol. 12, no. 1,
p. 015022, 2018.

[53] N. Ma, X. Yu, Y. Peng, and S. Wang, “A lightweight hyperspectral image
anomaly detector for real-time mission,” Remote Sens., vol. 11, no. 13,
p. 1622, 2019.

Chunhui Zhao received the B.S. and M.S. degrees
from Harbin Engineering University, China, in 1986
and 1989, respectively, and the Ph.D. degree from
the Department of Automatic Measure and Control,
Harbin Institute of Technology, China, in 1998, all in
information and communication engineering.

He was a Postdoctoral Research Fellow with
the College of Underwater Acoustical Engineering,
Harbin Engineering University. At present, he is a
Professor and Doctoral Supervisor with the Col-
lege of Information and Communication Engineering,

Harbin Engineering University.
His research interests include digital signal and image processing, mathemat-

ical morphology, and hyperspectral remote sensing image processing.
Dr. Zhao is a senior member of Chinese Electronics Academy.

Chuang Li (Graduate Student Member, IEEE) is
working toward the Ph.D. degree in information and
communication engineering at the Harbin Engineer-
ing University, China. His research interests include
hyperspectral image processing, etc.

Shou Feng received the Ph.D. degree in information
and communication engineering from the Harbin In-
stitute of Technology, China, in 2019.

He is an Assistant Professor with Harbin Engineer-
ing University, China. His research interests include
remote sensing image processing, data mining, ma-
chine learning, etc.

Nan Su received the Ph.D. degree in information and
communication engineering from the Harbin Institute
of Technology, China, in 2017.

He is an Associate Professor with the Harbin Engi-
neering University, China. His research interests in-
clude remote sensing image processing, data mining,
etc.

Wei Li (Senior Member, IEEE) received the B.E. de-
gree in telecommunications engineering from Xidian
University, Xian, China, in 2007, the M.S. degree in
information science and technology from Sun Yat-
Sen University, Guangzhou, China, in 2009, and the
Ph.D. degree in electrical and computer engineering
from Mississippi State University, Starkville, MS,
USA, in 2012.

He spent one year as a Postdoctoral Researcher
with the University of California, Davis, CA, USA.
He is currently a Professor with the School of Infor-

mation and Electronics, Beijing Institute of Technology, Beijing, China. His
research interests include hyperspectral image analysis, pattern recognition, and
data compression.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


