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Abstract: Since anomaly targets in hyperspectral images (HSIs) with high spatial resolution appear as
connected areas instead of single pixels or subpixels, both spatial and spectral information of HSIs can
be exploited for a hyperspectal anomaly detection (AD) task. This article proposes a hyperspectral
AD method based on Wasserstein distance (WD) and spatial filtering (called AD-WDSF). Based on the
assumption that both background and anomaly targets obey the multivariate Gaussian distribution,
background and anomaly target distributions are estimated in the local regions of HSIs. Subsequently,
the anomaly intensity of test pixels centered in the local regions are determined via measuring the WD
between background and anomaly target distributions. Lastly, spatial filters, i.e., guided filter (GF),
total variation curvature filter (TVCF), and Maxtree filter, are exploited to further refine detection
results. Experimental results conducted on two real hyperspectral data sets demonstrate that the
proposed method achieves competitive detection performance compared with the state-of-the-art
AD methods.

Keywords: hyperspectral anomaly detection (AD); area target; multivariate Gaussian distribution;
Wasserstein distance (WD); spatial filtering

1. Introduction

Hyperspectral anomaly detection (AD) has been an active research area for several
decades. since it is significant in broad domains, such as marine monitoring [1] and envi-
ronment monitoring [2]. In practice, hyperspectral AD is a challenging task because there
is no prior knowledge about background and anomaly targets. As material composition
is unique, anomalies in hyperspectral images (HSIs) possess distinctive spectral charac-
teristics from their surrounding background. Moreover, due to the spatial resolution of
HSIs increasing, anomaly objects appear as small connected areas compared to background.
Thus, it is likely to distinguish anomaly targets of interest from the background based on
the spectral and spatial information of HSIs.

Among the open literature, numerous algorithms have been developed to resolve the
hyperspectral AD problem. The Reed Xiaoli (RX) detector proposed by Reed and Yu [3]
is a milestone work for AD, which depends on the assumption that background obeys
the multivariate Gaussian distribution. Then, anomalies are detected by calculating the
Mahalanobis distances between test pixels and the estimated statistical model. Since the RX
detector characterizes background information from an entire HSI, an unsatisfactory model
may be estimated when anomalies contaminate background statistics. To mitigate the
influence of anomalies on background statistics, AD methods that estimate the background
information in the local regions of HSIs have been exploited. For instance, the local
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RX (LRX) detector [4] characterizes the background by local statistics in the fixed dual
windows of HSIs. The superpixel based dual window RX (SPDWRX) AD detector [5]
uses superpixel segmentation to adaptively determine the dual window for LRX detection,
where the background in each superpixel is estimated by the local Gaussian model. Besides,
Gaussian mixture model (GMM) is another strategy for modeling background statistics
from multicomponent scenes [6]. Cluster based anomaly detection (CBAD) [7] is a classical
AD method based on GMM, which segments a HSI into different homogeneous clusters and
estimates background statistics over clusters. Then, anomalies in each cluster are detected
by the Mahalanobis distances between test pixels and the background clutter statistics.
According to these works, the core idea of statistical based AD algorithms is to estimate the
background distribution, then detect anomalies by calculating the Mahalanobis distances
between test pixels and the estimated model.

To avoid estimating statistical models for HSIs, representation-based methods have
been developed for hyperspectral AD. Representation-based methods can be divided into
two categories: sparse representation-based and low-rank representation-based. Sparse
representation-based methods assume that the background pixel can be linearly represented
by its neighborhood pixels, while the anomalous pixel cannot. For example, with this
assumption, a collaborative representation-based detector (CRD) is proposed in [8], where
background is estimated by surrounding spatial neighborhoods via a dual-window strategy
and anomalies are identified by subtracting the predicted background from the original
image. Low-rank representation-based algorithms transform the hyperspectral AD problem
into a low-rank matrix decomposition problem [9-11]. For instance, an AD method based
on low-rank and sparse representation (LRASR) is proposed in [12], which decomposes a
HSI into background and residual parts. Then, anomalies are determined by the response
of the residual parts.

Apart from the statistical-based and representation-based AD algorithms, spatial-
based and spatial-spectral-based methods have been recently proposed for AD due to an
increase in the spatial resolution of HSIs [13-16]. For spatial-based AD methods, anomalies
are detected by exploiting the texture and structure information of images. For instance,
based on the hypothesis that anomaly objects in HSIs appear as small areas compared to
background, a structure tensor and guided filter (STGF) based AD method is proposed
in [17]. In this method, morphological attribute operators are applied in the selected band
images to remove background and preserve anomalies. Then, guided filter (GF) is con-
ducted to further refine detection results. For spatial-spectral-based AD methods, both
spatial and spectral features are used for hyperspectral AD. Lei et al. [18] proposed a
spatial-spectral feature extraction-based hyperspectral AD method. In spectral domain,
discriminative spectral features are extracted through a deep belief network (DBN), and
anomalies are detected by the Mahalanobis distance method. In spatial domain, morpho-
logical attribute operators and GF are used to detect anomalies that appear as small areas.
Then, the two detection results are fused by a linear function. Wang et al. [19] proposed
a multiple features and isolation forest-based detector (MFIFD) for hyperspectral AD.
The spectral feature, Gabor feature, extended morphological profile (EMP) feature, and
extend multiattribute profile (EMAP) feature are extracted from HSI. Then, the complemen-
tary properties of spectral and spatial features are used to build isolation forests, and the
anomaly score for each test pixel is calculated based on the path lengths in isolation forests.
Most importantly, the spatial-spectral-based works prove that the detection performance
will be unsatisfactory if only one aspect (spatial or spectral) is exploited.

Along with the development of hyperspectral imaging technology, HSIs with high
spatial and spectral resolution can be captured. Anomalies in HSIs generally appear as
area targets instead of single pixels or subpixels, which motivate us to extract knowledge
from both background and anomaly target for the AD task. Moreover, the above works
prove that using both spatial and spectral information is superior to using one aspect.
Therefore, we propose a hyperspectral AD algorithm based on Wasserstein distance (WD)
and spatial filtering (called AD-WDSF) in this article. Based on the assumption that both
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background and anomaly targets obey the multivariate Gaussian distribution, background

and anomaly target models are estimated from the dual windows of HSI. Then, a modified

WD is exploited to measure the dissimilarity between background and anomaly target

distributions, and the anomaly response of test pixels centered in the dual windows can be

determined based on the evaluated distances. Finally, spatial filters, i.e., GF, total variation

curvature filter (TVCF), and Maxtree filter, are utilized to further refine detection results.
The main contributions of our work can be mainly summarized as follows.

*  To our knowledge, no studies have been reported on how to estimate the anomaly
target distribution and detect anomalies via the dissimilarity between background
and anomaly target distributions. With the assumption that both background and
anomaly target obey the multivariate Gaussian distribution, the background and
anomaly target distributions are estimated in the local regions of HSI and the anomaly
intensity of test pixels centered in the local regions are evaluated by the dissimilarity
between two distributions, which opens up an innovative way for anomalous area
target detection.

¢  To determine anomalies based on the background and anomaly target distributions, a
modified WD is developed to measure the dissimilarity between two distributions,
which can effectively improve the discrimination capacity between anomalies and
background compared with the original one.

*  GE TVCE and Maxtree filter are exploited to refine detection results. It is demonstrated
that the combination of multiple filters can significantly improve AD performance.

The remainder of this paper is organized as follows. In Section 2, we elaborate the
proposed method in detail. Experimental results and analysis on two real hyperspectral
data sets are presented in Section 3. Finally, we conclude this work in Section 4.

2. Methodology

As illustrated in Figure 1, the proposed AD method mainly consist of three parts:
anomaly detection withWD, rectification with guided filtering, and background suppres-
sion with spatial features. For the first stage, the background and anomaly target distri-
butions are estimated by local Gaussian models in the dual windows of HSI, where the
anomaly target model characterizes from the information in inner window region and
the background model evaluates from the information in outer window region. Then,
a modified WD is exploited to measure the dissimilarity between distributions, and the
initial detection map is achieved based on the evaluated values. For the middle stage, GF
is utilized to smooth the initial detection map based on a given guidance image, which is
conductive to improve the anomaly responses of pixels. For the last stage, based on the
connectivity, gradient, and area size attributes of anomaly targets, TVCF and Maxtree filter
are conducted on the rectified detection map to suppress background information.

Input image i i
P 2 Refined detection

map

Outerwindow |y oo
region )
| distance,

nner windowf >

region |

t~N (1, 2)

Distribution |
estimation |

Exponential
nonlinear
function

\ 4

Combination }.>

A

Maxtree
filler

Rectified detection Adjusted detection

| Structure tensor
map map

Final detection map

Refined detection
Guidancc image map

Figure 1. Schematic of the hyperspectral AD algorithm based on Wassertein distance and spatial filtering.

2.1. Anomaly Detection with Wasserstein Distance

Similar to the LRX detector, the AD with WD conducts detection in a local window
centered around each pixel. As shown in Figure 1, the local window is separated into
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two regions, i.e., inner window region and outer window region. In this method, the
inner window region is considered as anomalous area target, and the outer window region
is taken as background. Based on the assumption that both background and anomaly
target can be characterized by the multivariate Gaussian distribution, the mean vectors and
variance matrices of inner and outer window regions are computed, which are denoted
as y1 and X; for inner window region, and y; and X, for outer window region. Then, the
anomaly target and background distributions are denoted as t~N(j1, £1) and b~N(u2, ),
respectively.

WD [20,21] has its root in optimal transport theory. What is more, the optimal transport
problem has been extended to the case of Gaussian Stationary stochastic processes as well
as Gaussian random field [22-24]. Thus, WD can be used to form a metric between two
Gaussian random vectors, which has provided a successful framework for the comparison
of objects on many domains such as computer vision and image retrieval [25]. In this
part, WD is taken as the distance metric between the anomaly target and background
distributions, which is measured by

W(t,b) = (j11 — H2)? + tr(S1 + o — 2(£12)2) (1)

From the above expression, the mean vector and variance matrix play the equally
important role in evaluating the dissimilarity between anomaly target and background
distributions. Since the intensity of pixels varies in different categories, the mean vector
and variance matrix show different significance in measuring the dissimilarity between
two distributions. Thus, we modify the WD by attaching two weight parameters (i.e., & > 0
and B > 0) to the two terms, which is denoted as

W(t,b) = (i1 — 1) + (S + Tp — 2(5159)?) @)

Then, the anomaly degree of each test pixel centered in the dual window can be
measured based on the modified WD. The larger value reveals the greater anomaly degree
of the test pixel, that is, the test pixel is more likely to be a anomalous pixel. Finally, the
initial detection map is achieved based on the measured values, which is denoted as A.

2.2. Rectification with Guided Filtering

Since pixels belonging to the same object generally have high spatial correlation and
tend to have similar response values in the detection map, GF is applied to smooth the initial
detection map, which is conducive to enhance the response of anomaly pixels. According
to the GF model in [26], a guidance image is the key of filtering because the filtering output
is a local linear transform of guidance image. In this method, the structure tensor [27]
is utilized to construct a guidance image that contains the abundant spatial information
(e.g., structure and texture information) of original HSI. For a HSI, the structure tensor of a
band image I at pixel i is illustrated as

)2 . .
6= [ @) -

where (I;)x = 3—2 and (I;), = g—lyi denote the gradients at pixel i along x and y directions,
respectively. The structure tensor is a semi-definite matrix and can be decomposed as
P U | I
Gi=[o} ol |t g
2
where Al and A}, are the non-negative eigenvalues, and v} and v} are the corresponding
eigenvectors. The trace is the sum of eigenvalues, i.e., S;=A]+A;, which can be utilized to

measure the edge and corner response of a region. Thus, the sum of the trace in a band
image reveals the image structure information, which is expressed as
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where 7 is the number of pixels in the band image. The larger value indicates the more
structure information contained in the band image. To select band images with abundant
spatial information, we sort the corresponding values of all band images in a descending
order, and the first p percent band images are chosen, which are denoted as By, B», ..., B.
The guidance image is the average of the selected band images, which is denoted as

L1
B=2) B ©)
i=0
Then, pixel response in the initial detection map is rectified as
Qi = B + by, Vi € wy )

where Q; is the filtering output of pixel i. a; and by are the linear coefficients in the local
window wy, which are expressed as

B ﬁ Yicw, BiAi — A
N ol +e

ag

®)

by = Ag — agpiy. 9
where pj and (7,3 are the mean and variance of B in wy, |w| is the number of pixels in wy,
and Ay is the mean of A in wy. Since the pixel 7 is involved in all the overlapping windows
that cover i, the value of Q; in Equation (7) is not identical when it is computed in different
windows. Thus, we rewrite it as

Q; = 4;B; + b; (10)
where 4; = |;}—‘ Ykew, 9k and b; = ‘1?' Y kew, bx are the average coefficients of all windows
overlapping pixel i.

2.3. Background Suppression with Spatial Features

The rectified detection map may include the anomaly targets as well as background
information, e.g., the edges that present unique spectral feature compared to their sur-
rounding pixels. Based on the spatial attributes of anomaly targets, TVCF and Maxtree
filter are utilized to suppress the background information and preserve anomaly targets.
To enhance the contrast between anomalies and background before spatial filtering, the
detection map is adjusted by an exponential nonlinear function, which is expressed as

Q=1—¢"9 11)

where v > 0 is an adjusted parameter.

TVCEF [16,28] provides a rapid approximate solution for the variational problems in
image processing. Based on the piecewise constant assumption, TVCF adopts a pixel-local
analytical solution and conducts a local filter projection operator for the variational model.
In general, TVCF is used for image smoothing and denoising with prior knowledge of total-
variation (TV) regularization. For this AD task, TVCEF is exploited to extract background
information with contrast edges. Then, the detection result is refined by subtracting the
background information from the rectified detection map. The detailed description is
as follows.
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For a center pixel (i, j) in the rectified detection map Q, the projection distances in a
local 3 x 3 pixel neighborhood can be calculated, which are denoted as

dy :%(Qi—l,j—l +Qi1;+Qij1+Qit1j1+Qiv1j) — Qi

da I%(QH,]' + Qi1 +Qijir + Qisaj + Qiga 1) — Qi

ds :%(Qifl,jfl +Qi 1, +Qi1j41+Qij1+Qij1) — Qi

dy :%(Qi+1,j—1 Qi1+ Qivrjpr +Qij1 + Qij) — Qi 12
ds :%(Qifl,jfl Qi1+ Q141+ Qij1+Qiy1j-1) — Qi

de :%(Qifl,jfl +Qi 1+ Qi1+ Qi1+ Qiyrji1) — Qi

dy :%(Qi+1,j—1 Qi1+ Qivrjp1 +Qinrj1+Qij1) — Qi

ds I%(le,jq + Qi1+ Qirjr1 + Qi1 +Qijy1) — Qi

Then, the pixel response is updated by the minimal projection distance, which is
formulated as

Qij=Q;j+dm (13)
where |dy,| = min{|dy|, k = 1,2, ..., 8}. From Equations (12) and (13), the center pixel will
not be smoothed if it is an edge point. Consequently, the background image with contrast
edges can be achieved after a large number of iterations. The detection result is refined by
suppressing the background information, which is expressed as

A=|0-Q| (14)

Maxtree [29-31] is a data structure that describes an entire image through the hier-
archical relationship of connected components (CCs) resulting from different thresholds.
Filtering an image using Maxtree contains three steps: build a Maxtree of images using
the appropriate connectivity rule, remove some of tree nodes based on attribute criteria,
and reconstruct the image. Since anomaly targets appear as small connected areas in
spatial domain and the response values of anomaly targets are usually larger than these
of background, Maxtree representation of the rectified detection map can be built based
on response values and pruned based on area size attribute. Then, anomaly targets are
removed and background information is preserved in the reconstructed image, and the
detection result is refined by subtracting the reconstructed image from the detection map.
The detailed description is as follows.

For the rectified detection map, a set of CCs can be achieved from the threshold
decomposition of upper level sets. There is an inclusion relationship between CCs: the CC
corresponding to a large threshold is included in the CC corresponding to a small threshold.
The resulting CCs are ordered by inclusion and structured in a tree, where the root node
represents the entire detection map and the tree leaves represent the areas with maximal
response values. In other words, the Maxtree describes the entire detection map through its
hierarchical property of threshold decomposition. The AD task is transformed as the search
for tree nodes that correspond to anomaly targets, where the area size attribute is applied
to perform this search. The Maxtree representation and filtering process are illustrated in
Figure 2, where the reconstructed detection map is denoted as Q. The anomaly targets
are extracted by the differential operation between the original detection map and the
reconstructed detection map, which is represented as

A=]|Q-Q| (15)
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To further improve the AD performance, the detection results achieved by TVCF and
Maxtree filter are fused via a linear function, which is denoted as

D=A+A (16)

—"‘oi‘i,o —'“b —

R\

. Maxtree Reconstructed
Detection map : Pruned tree .
representation detection map

Figure 2. Schematic of the Maxtree representation and filtering process.

3. Experimental Results and Analysis

In this section, two real hyperspectral data sets are first introduced. Then, extensive
experiments are conducted on the two data sets to evaluate the performance of the proposed
AD-WDS method.

3.1. Hyperspectral Data Sets

There are two real hyperspectral data sets, which are consisted of 15 images captured
over different scenes. The detailed information is listed as follows.

e Airport-Beach-Urban Data Set [13]: The Airport-Beach-Urban (ABU) data set contains
13 HSIs with 100 x 100 pixels and the corresponding references. The ABU data set
is captured by the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) and
Reflective Optics System Imaging Spectrometer (ROSIS-03) sensors in the airport,
beach, and urban scenes. Since flight heights are different, the spatial resolutions of
images and the scales of anomalies are different, which can be observed in Figures 3-5.

*  AVIRIS Data Set [32]: The AVIRIS data set contains two HSIs captured by AVIRIS
sensor in San Diego, CA, USA. The AVIRIS-1 is with 100 x 100 pixels and 244 spectral
bands, where three planes with total number of 58 pixels are taken as anomalies. The
AVIRIS-2 is with 100 x 100 pixels and 189 spectral bands, where three air crafts with a
total number of 143 pixels are considered as anomalies. The sample images and their
reference maps are given in Figure 6.

3.2. Detection Performance

To evaluate the detection performance of the proposed AD-WDSF method, five state-
of-the-art AD algorithms are utilized for comparison, including GRX [4], LRX [4], CRD [8],
a AD method based on low-rank and SR (LRASR) [12], an abundance-and dictionary-based
low-rank decomposition (ADLR) [10], and a Kernel Isolation Forest-based hyperspectral
anomaly Detection method (KIFD) [33]. For the LRX and CRD, the inner window size
ranges from 3 to 19, the outer window size varies from 5 to 21, and the regularization
parameter contained in CRD sets to 0.01. For the LRASR method, the parameters set to
K =15,P = 20,and A = 0.1. For the ADLR method, the number of endmembers ranges
from 5 to 30, the bw ranges from 0.2 to 0.3, and A = 0.02. For the KIFD method, the first {
principal components set is 300. For the proposed AD-WDSF method, the weight parameter
« ranges from 1 to 4 and  varies from 0.1 to 0.5, the inner and outer window sizes are set to
Wi, = 3 and wyyt = 5, the parameter p varies from 5% to 20%, and the adjusted parameter
 ranges from 0.01 to 5.

The detection performance of AD algorithms are evaluated by the two most widely
used metrics, i.e., the receiver operating characteristic (ROC) [34] and the area under the
curve (AUC) [35]. The ROC curve can be plotted by the true positive rate (TPR) and the
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false positive rate (FPR) at various thresholds. The ROC curve indicates a good detection
performance when nearing to the upper leftmost corner. The AUC can be calculated as the
area of a ROC curve. The larger AUC score reveals the better detection performance.

For the above AD algorithms, the detection maps of 15 HSIs contained in two hyper-
spectral data sets are presented in Figures 3-6, respectively. From the detection maps, it can
be observed that the RX, LRASR, ADLR, and KIFD methods tend to highlight targets while
preserve numerous background information, which decreases the AD accuracy. Moreover,
the four methods are sensitive to strip noise as shown in the urban-1 scene, where the strip
noise is detected as anomalies. The LRX method can suppress background information and
remove the interference of strip noise, whereas it misses anomaly targets in most of scenes.
The CRD method shows stable detection performance, but it also highlights background
signals and misses anomalies in some scenes, e.g., beach-2 and urban-4 scenes. Compared
with other methods, the proposed AD-WDSF can effectively detect the locations and shapes
of anomaly targets while suppress the background information. However, it can be found
that the high contrast edges in images are likely to be detected as anomalies.

From the ROC results shown in Figure 7, the proposed AD-WDSF is superior to
the most comparison methods, because the corresponding curves are closer to the upper
leftmost corner. The ROC results are consistent with the AUC scores reported in Table 1,
where the proposed method achieve larger AUC value than other methods in most scenes.
It also can be found that the AUC scores achieved by the proposed method are close to
1. Thus, we can conclude that the AD-WDSF shows competitive detection performance
compared with the state-of-the-art AD methods.

(©) (d) (e ) (€3} (h) (i)

Figure 3. Detection maps of the compared AD methods.The sample images from top to bottom
are airport-1, airport-2, airport-3, and airport-4, respectively. (a) Color composites of airport scene;
(b) Reference map; (c) GRX; (d) LRX; (e) CRD; (f) LRASR; (g) ADLR; (h) KIFD; (i) Proposed.
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Figure 4. Detection maps of the compared AD methods. The sample images from top to bottom are
beach-1, beach-2, beach-3, and beach-4, respectively. (a) Color composites of beach scene; (b) Refer-
ence map; (c) GRX; (d) LRX; (e) CRD; (f) LRASR; (g) ADLR; (h) KIFD; (i) Proposed.

(2) () (©) (d) (e) (0] (2 () (O]

Figure 5. Detection maps of the compared AD methods. The sample mages from top to bottom are
urban-1, urban-2, urban-3, urban-4, and urban-5, respectively. (a) Color composites of urban scene;
(b) Reference map; (c) GRX; (d) LRX; (e) CRD; (f) LRASR; (g) ADLR; (h) KIFD; (i) Proposed.
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©) (g) (h) (i)

Figure 6. Detection maps of the compared AD methods. The sample images from top to bottom

are AVIRIS-1, and AVIRIS-2, respectively. (a) Color composites of urban scene; (b) Reference map;
(c) GRX; (d) LRX; (e) CRD; (f) LRASR; (g) ADLR; (h) KIFD; (i) Proposed.
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Figure 7. ROC curves of the compared AD methods on five images. (a) airport-4; (b) beach-3;

(c) urban-2; (d) AVIRIS-1; (e) AVIRIS-2.

Table 1. AUC Scores of the compared AD algorithms on ABU and AVIRIS data sets.

Images GRX LRX CRD LRASR ADIR KIFD  Proposed
Airport-1 ~ 0.8221  0.9458  0.9643 0.8565 0.8308  0.9382 0.9516
Airport-2  0.8404 0.9492 09444 0.8848 0.9028  0.9785 0.9879
Airport-3  0.9288 09467  0.9564 0.9014 0.8640  0.9623 0.9842
Airport-4 09526  0.9538  0.9445 0.9250 0.9348  0.9816 0.9969

Beach-1 0.9807  0.9956  0.9917 0.9721 0.9524  0.9902 0.9998

Beach-2 0.9106 09777  0.9645 0.9504 0.9233  0.9894 0.9950

Beach-3 0.9999  0.9998  0.9985 0.9935 0.9689  0.9986 0.9999

Beach-4 0.9538  0.9391  0.9455 0.9593 0.9216  0.8223 0.9969

Urban-1 0.9907 09962  0.9961 0.9312 0.9553  0.9160 0.9992

Urban-2 0.9946  0.9250  0.9091 0.9983 0.9518  0.8546 0.9990

Urban-3 0.9513  0.9800 0.9634 0.9709 0.9779  0.9913 0.9997

Urban-4 0.9887  0.9696  0.9816 0.9846 0.9827  0.9770 0.9894

Urban-5 0.9692 09538  0.9521 0.9686 0.9156  0.9863 0.9856
AVIRIS-1  0.8409  0.8729  0.9696 0.9229 0.9875  0.9833 0.9983
AVIRIS-2 09403 0.8655  0.9644 0.9413 0.9832  0.9911 0.9896

3.3. Ablation Experiments

In this section, ablation experiments are conducted to evaluate the performance of
each part contained in the AD-WDSF method. There are four combination algorithms. The
first is AD based on WD (called AD-WD). The second is AD based on WD and GF (called
AD-WD-GF). The third is AD based on WD, GF, and TVCF (called AD-WD-GF-TVCEF). The
fourth is AD based on WD, GF, and Maxtree filter (called AD-WD-GF-Maxtree).

The ablation experiments are conducted on the ABU and AVIRIS data sets. The
detection maps for four images, i.e., airport-1, beach-2, urban-2, and AVIRIS-1, are presented
in Figure 8. The AUC values of all images are presented in Table 2. From the visual and
quantitative results, the AD-WD method can effectively detect anomaly targets and achieve
high AUC scores for most of images, whereas the detection performance on the images
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with multiple small targets or numerous contrast edges is unsatisfactory, e.g., beach-2
scene. The AD-WD-GF method can smooth the local areas and enhance the response of
anomaly targets, which improves the detection accuracy as reported in Table 2. However,
the background signals contained in detection maps are also enhanced, which can be
observed from the detection maps of beach-2 and AVIRIS-1 scenes. From the background
information achieved by AD-WD-GF-TVCF method, the detection map is smoothed and
only pixels with large gradients are preserved. In other words, the contrast edges can
be detected, and the background information can be effectively suppressed. However,
the detection performance is degraded when anomaly targets on the edges are taken as
background signals and removed from the detection map, such as the detection map of
airport-1 shown in Figure 8 and the AUC score of beach-4 presented in Table 2. Based
on the background information achieved by AD-WD-GF-Maxtree method, the anomaly
targets with high response values and small area sizes can be removed from the detection
map, as the detection map of beach-2 shown in Figure 8. However, Maxtree filter will not
work if the response values between anomaly targets and background are similar, which
can be found from the detection map of urban-2 and the AUC score of urban-1.

From the overall detection result shown in Table 2, it can be observed that the strategy
combining the multiple spatial filter outperforms the strategy adopting only one filter. In other
words, the combination of multiple filters can significantly improve the AD performance.

(a) (b) (©) (d) (e) U] (2) (h)

Figure 8. Detection maps of the four combination methods. The sample images from top to bottom
are airport-1, beach-2, urban-2, and AVIRIS-1, respectively. (a) AD-WD; (b) AD-WD-GF; (c) adjusted
detection map achieved by the exponential nonlinear function; (d) AD-WD-GE-TVCE; (e) AD-WD-GF-
Maxtree; (f) AD-WDSF; (g) background information achieved by AD-WD-GF-TVCEF; (h) background
information achieved by AD-WD-GF-Maxtree.
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Table 2. AUC Values of the combination methods on ABU and AVIRIS data sets.

AD-WD-  AD-WD- AD-WD-

Images AD-WD GF GE-TVCF  GF-Maxtree ~ AD-WDSF
Airport-1 0.9404 0.9292 0.8328 0.9503 0.9516
Airport-2 0.8975 0.9747 0.9873 0.9816 0.9879
Airport-3 0.9052 0.9488 0.9832 0.9633 0.9842
Airport-4 0.9334 0.9684 0.9965 0.9725 0.9969
Beach-1 0.9322 0.9896 0.9981 0.9975 0.9998
Beach-2 0.8462 0.8462 0.9935 0.9785 0.9950
Beach-3 0.9963 0.9999 0.9999 0.9999 0.9999
Beach-4 0.9502 0.9967 0.9519 0.9967 0.9969
Urban-1 0.9356 0.9986 0.9263 0.9986 0.9992
Urban-2 0.9694 0.9953 0.9988 0.9953 0.9990
Urban-3 0.9568 0.9891 0.9791 0.9997 0.9999
Urban-4 0.9605 0.9894 0.9682 0.9894 0.9899
Urban-5 0.8636 0.9798 0.9849 0.9817 0.9856
AVIRIS-1 0.9685 0.9916 0.9980 0.9968 0.9983
AVIRIS-2 0.7981 0.9195 0.9785 0.9195 0.9895

3.4. Parameter Analysis

This section analyzes the effects of parameter settings on detection performance. The
parameters include the inner and outer window sizes (w;;,,wou¢) in the AD based on WD,
the weight parameters « and g in the updated WD, the first p percent bands selected for
constructing guidance image, and the adjusted parameter y contained in the exponential
nonlinear function. The influences of inner and outer window sizes (w;;,,w,,) on detection
performance are reported in Table 3. From the AUC scores shown in Table 3, it can be
observed that the small inner and outer window sizes are conducive to improve detection
performance, especially for scenes with small area targets, e.g., airport-3 and urban-5
scenes. Figure 9 illustrates the effects of the weight parameters a and  over AUC values
on five images. As the results shown in Figure 9, the AUC score is higher when « is larger
than 1, and the AUC value slightly or sharply decreases when j is close to 1. In other
words, the large « and small B are beneficial to obtain perfect detection performance, which
demonstrates that the updated WD is superior to the original one. The impacts of the
parameters p and  over AUC values on five images are presented in Figure 10. As the
results shown in the left of Figure 10, the AUC score tends to be stable or fluctuates within
a small range when the parameter p varies from 5% to 30%. From the the results shown in
the right of Figure 10, the AUC scores for five images are quite large when the parameters
7 ranges from 0.01 to 1, and the AUC scores for some images sharply decrease when the
the parameters v sets to a larger value, e.g., 1 and 10. Consequently, the high AUC score is
associated with the small 7 for most of scenes.

1.00
1.000 100
o 080 0.998
g 050 | ©0.90
0.60 <0996 D '

040 s
s non\ 080

AUC

AUC

0994l
s |
< 0, _— 4T s
06 3 - _~ 08 )™ ! ME 06
04 06 204 06 ) S, o4 06 ;08! . 06 ;08 St 06 08 '
2 0o 0.2 T 02
alpha beta alpha 0o beta apha 0 0

(a) (®) © (@ (e)

beta

Figure 9. Effects of the weight parameters « and B over AUC values on five images. (a) airport-4;
(b) beach-3; (c) urban-2; (d) AVIRIS-1; (e) AVIRIS-2.
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Table 3. Effects of dual window size (w;,,,w,yt) on detection performance.

Images (3,5) 3,7 (5,7) (5,9 (7,9
Airport-1 0.9516 0.9195 0.7236 0.7090 0.6130
Airport-2 0.9879 0.9711 0.8252 0.7166 0.6745
Airport-3 0.9842 0.9779 0.9363 0.9185 0.8835
Airport-4 0.9969 0.9857 0.9783 0.9663 0.9125

Beach-1 0.9998 0.9959 0.9824 0.9875 0.9712

Beach-2 0.9950 0.9875 0.9297 0.8393 0.9252

Beach-3 0.9999 0.9998 0.9999 0.9999 0.9998

Beach-4 0.9969 0.9910 0.9687 0.9505 0.9551
Urban-1 0.9992 0.9986 0.9923 0.9835 0.9567
Urban-2 0.9990 0.9985 0.9943 0.9908 0.9863
Urban-3 0.9999 0.9880 0.9429 0.9363 0.7905
Urban-4 0.9899 0.9881 0.9775 0.9746 0.9464
Urban-5 0.9856 0.9688 0.9547 0.9307 0.8628
AVIRIS-1 0.9983 0.9979 0.9968 0.9976 0.9974
AVIRIS-2 0.9895 0.9729 0.8778 0.9173 0.9438

|+ airport4 —s— beach3 —=— urban2 —=— AVIRIS| —=— AVIRIS2 |
100 W .77_7- i 1.00 T T T T T T
0.99 t\'\-—-—-*'—"’"’_' 0.80
r 1
0.60
%0.98 . ?tf
< ?’.\./\/' 0.40
0.97 - - 0.20
09 t—-rAd—aJI 11 0.00 ——nad il
5% 10% 15%p20% 25% 30% 0.01 0.1 y 1 10

Figure 10. Effect of the parameters p and « over AUC values on five images.

3.5. Comparison of Metrics between Gaussian Random Vectors

With the assumption that both the background and anomaly area target obey the mul-
tivariate Gaussian distribution in the local regions of HSIs, the metrics between Gaussian
random vectors are used to estimate the dissimilarity between two distributions, and the
anomaly response of each pixel centered in the dual window can be achieved based on
the evaluated value. To evaluate the detection performance of WD used in the proposed
algorithm, two state-of-the-art metrics are exploited for comparison, i.e., Kullback-Leibler
(KL) divergence [36] and Bhattacharyya distance (BD) [37].The comparison experiments
are conducted on the ABU and AVIRIS data sets.For the three metrics, the AUC scores are
represented in Table 4.

From the AUC values, it can be observed that the WD can achieve higher scores
for all sample images contained in two hyperspectral data sets. In other words, the WD
can achieve better detection performance compared with other two metrics. For the KL
divergence and BD, the AUC scores of some sample images are high (e.g., beach-1 and
beach-3), whereas the AUC values of most sample images are less than 0.6. That is, the
detection performance of KL divergence and BD are unsatisfactory, which may be caused
by the large inner and outer window sizes of local regions. For KL divergence and BD, the
covariance matrix of background and target must be full-rank so that the inner and outer
window sizes need to be large to get enough observation samples. In our experiments, the
inner window size ranges from 29 to 35, and the outer window size varies from 41 to 49.
However, the sizes of anomaly targets are usually smaller than the inner window sizes due
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to the limited spatial resolution of HSIs. Hence, the inner window regions may contain the
background characteristics, which decreases the detection performance. To sum up, WD is
more effective in hyperspectral AD task compared with other two metrics.

Table 4. Comparison of AUC scores achieved by different metrics.

Images WD BD KL
Airport-1 0.9404 0.5335 0.4939
Airport-2 0.8975 0.5719 0.5486
Airport-3 0.9052 0.5852 0.5773
Airport-4 0.9334 0.4117 0.7541

Beach-1 0.9322 0.9176 0.5610

Beach-2 0.8462 0.5037 0.4887

Beach-3 0.9963 0.4125 0.8923

Beach-4 0.9502 0.4286 0.3275
Urban-1 0.9356 0.4399 0.3778
Urban-2 0.9694 0.6442 0.6248
Urban-3 0.9568 0.7677 0.5079
Urban-4 0.9605 0.4716 0.4688
Urban-5 0.8636 0.4181 0.4724
AVIRIS-1 0.9685 0.6778 0.5446
AVIRIS-2 0.7981 0.5674 0.4679

4. Conclusions

In this paper, we propose a novel method called AD-WDSF for hyperspectral AD task.
The proposed AD-WDSF algorithm makes full use of the spectral and spatial information
of HSIs in the AD processes. Considering that anomaly targets in HSIs appear as connected
areas, the AD-WDSF estimates the background and anomaly target distributions in the local
regions of HSIs, then the anomalous pixels centered in the local regions are detected via
measuring the dissimilarity between two distributions. Based on the connectivity, gradient,
and area size attributes of anomaly targets, multiple spatial filters are exploited to refine the
detection result. Experiments conducted on two real hyperspectral data sets demonstrate
that the AD-WDSF outperforms the compared state-of-the-art methods. However, there are
still some unresolved issues. Specifically, the parameter setting in this method is empirical
and laborious, and some detection results still contain background information. These
aspects deserve improvements in future work.
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