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Hyperspectral anomaly detection is aimed at detecting targets with significant spectral differences from
their surroundings. Recently, deep generative models have been applied to anomaly detections, while
the existing generative adversarial network (GAN)-based methods have difficulty in accurately modeling
the background and achieving spectrum reconstruction. In this article, a hyperspectral anomaly detection
network based on variational background inference and generative adversarial framework (VBIGAN-AD) is
Keywords: proposed. The proposed VBIGAN model can learn the background distribution characteristics of HSIs and
Background distribution characteristics enhance the detection performance by the use of reconstruction errors. Specifically, the VBIGAN frame-
GAN work consists of sample and latent GANs, which establishes the relationship between data samples and
Hyperspectral anomaly detection latent samples through two sub-networks to capture the data distribution. Furthermore, the variational
inference method is introduced and the hyperspectral background distribution can be converged to a
multivariate normal distribution. To accurately learn the background distribution characteristics and re-
construct the background spectra, the coupling loss is conducted by enforcing feature match in the two
discriminators on the basis of composite loss, and the results show that the additional loss can promote
the detection performance. As a result, the reconstruction errors generated by the VBIGAN-AD method
is utilized to detect abnormal targets. The experiments conducted on five datasets proved the robustness
and applicability of the proposed VBIGAN-AD method.

© 2023 Elsevier Ltd. All rights reserved.

1. Introduction Reed-Xiaoli (RX) detector [7]. The RX algorithm assumes that the

background satisfies a multivariate normal distribution and uses

Hyperspectral image (HSI) is a three-dimensional cube in which
two dimensions provide the spatial features of the materials, and
the other one offers continuous spectral reflectance vectors [1]. Ac-
cordingly, hyperspectral imagery has received with great attention
in various application areas, such as image classification [2,3], di-
mensionality reduction [4], and target/anomaly detection [5]. Hy-
perspectral anomaly detection, without any prior spectra of the
targets, is aimed at locating the abnormal targets with significant
spectral differences from the background [6].

During the past decades, anomaly detection algorithms with
different background modeling approaches have been developing.
The most classical algorithm of the statistical-based methods is the
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the Mahalanobis distance to detect anomalies. There are two kinds
of RX algorithm, which are the global RX (GRX) and local RX (LRX)
[8].The difference between them is whether use the entire image
or the local double window for modeling. Zhang et al. [9] trans-
formed HSI into frequency domain only by fractional Fourier trans-
form and then used the tensor RX algorithm to detect anomalies.
Moreover, researchers improve the background reliability of RX al-
gorithm from the perspective of kernel method and spatial infor-
mation [10,11]. Nevertheless, the background distribution in the
real world is quite complex, which usually leads to lower detec-
tion accuracy [11].

Differing from the aforementioned statistical distribution ap-
proaches, representation based background modeling algorithms
have been rapidly developing. Because the background of the
HSI has low-rank characteristics, a low-rank representation (LRR)
theory was introduced into anomaly detection [12]. The low-
rank and sparse matrix decomposition based Mahalanobis dis-
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tance (LSMAD) model detected abnormal targets by obtaining
purer background information and employing the Mahalanobis dis-
tance [13]. Zhang et al. [14] used spectral difference low-rank
dictionary representation learning for global background model-
ing, which accurately constructs the pure background dictionary.
Wang et al. [15] proposed a detector based on a tensor low-
rank sparse representation and constructed a dictionary learning
algorithm to effectively characterize the multiple subspace prop-
erties of complex backgrounds. Chang et al. [16] proposed the
unsupervised OSP-AD algorithm based on OSP-GoDec, and the
generated low-rank matrix and sparse matrix can be utilized as
the background and target subspaces respectively. Alternatively,
Li et al. [17] proposed a collaborative representation based de-
tector (CRD), which uses ensemble learning by the combination
of neighboring pixels and the linear representation principle, and
finally uses the spectral residual values to determine anoma-
lies. Tan et al. [18] combined inverse distance weighting and a
multiple-window sliding filter algorithm based on the CRD algo-
rithm, which adequately incorporates multi-scale spatial features
to enhance the adaptation to complex backgrounds. Zhao et al.
[19] combined a weighted Cauchy distance graph and local adap-
tive CRD to make full use of spatial and spectral information,
which is reliable and robust in complicated background condi-
tions. However, for the conventional detection methods mentioned
above, the background of the hyperspectral imagery becomes com-
plex, and often involves more parameter settings, which makes
the traditional methods less powerful of target detection and
applications.

Deep learning based methods have been widely used for
anomaly detection due to their ability of capturing the distri-
butional properties of complex data and deep learning features
[6]. Unsupervised deep learning methods, such as autoencoders
(AEs), are widely employed for hyperspectral anomaly detection
because they can learn deep features and reconstruct original
spectra without label information [20-22]. Zhao et al. [21] used
a stacked denoising autoencoder (SDA) to extract high-level fea-
tures of the spectra and improve the targets detection accuracy.
Fan et al. [22] investigated robust graph AE (RGAE) detector by
embedding a super pixel segmentation-based graph regulariza-
tion term into AE, which was demonstrated to preserve the spa-
tial structure of HSI. An autonomous anomaly detection (Auto-
AD) method was proposed by Wang et al. [23], which was the
first to use full convolutional AE to extract spatial features and
thus improved the model detection capability. Furthermore, Wang
et al. [24] combined model-driven low-rank prior and data-driven
full convolutional AE to propose the deep low rank prior-based
method (DeepLR), in which the network parameters can be up-
dated with low-rank background through an iterative optimization
framework. Deep generative models express the probability dis-
tribution of multivariate data in a certain way, and some schol-
ars have been working on this direction [25-27]. For example,
Xie et al. [25] added a spectrally constrained strategy into an
AAE to learn the latent representations, and then used a two-
layer structure to achieve anomaly detection. In spatial and spec-
tral constraints (SASCs) [26], Wasserstein distance and spatial fil-
tering (AD-WDSF) [28], authors introduced spatial feature extrac-
tion methods to improve detection performance. In addition, the
concept based on weakly supervised learning is applied in back-
ground distribution learning, which is mainly used to improve the
reliability of target detection by constructing a background sample
extraction strategy [6,27,29].

The deep learning-based anomaly detection methods above
have significantly improved the anomaly detection performance
from the perspectives of spectral feature extraction, weakly super-
vised learning, etc. However, the current deep learning methods
for anomaly detection still have the following drawbacks:
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(1) Since the traditional AE-based algorithms are basically deter-
ministic mappings, the detection algorithms based on AE are
hard to handle variations in background and abnormal samples.
Second, the various variants of GAN networks suffer from train-
ing instability, and low quality of generated samples, resulting
in high false positives and low detection accuracy in anomaly
detection [28].

(2) Due to the lack of prior knowledge of the targets and back-
grounds, the existing deep learning-based algorithms cannot
fully take the statistical distribution characteristics of back-
grounds and anomalies into consideration. Meanwhile, the
training samples contain both background and anomaly sam-
ples, and the anomaly samples will impact the training process
of the network, so the accuracy of anomaly detection in recon-
struction error is reduced [29].

In this article, to deal with the aforementioned problems, a
novel variational background inference based on generative adver-
sarial network (VBIGAN-AD) is proposed, which relies on the re-
construction errors generated by the network to detect anomalies.
Specifically, the complex distribution properties of the background
with the low probability properties of the anomalies inspired to
construct a robust network that accurately learns the background
distribution and effectively improves the detection accuracy. Thus,
the variational inference method is introduced into the VBIGAN
model to make the hyperspectral background distribution converge
to a multivariate normal distribution, which effectively avoids the
interference of the abnormal samples on the network background
learning. The VBIGAN framework consists of latent GAN and sam-
ple GAN. The latent GAN is used to discriminate whether the la-
tent variable is from hyperspectral background distribution or a
multivariate normal distribution. From the perspective of the la-
tent variables, we design multi-component samples fed into the
sample discriminator to accurately reconstruct background spectra
over anomalies. Furthermore, we optimize the spectral reconstruc-
tion loss and the adversarial loss, and design the discriminative
feature matching loss to ensure the stable training of the network
model. The main contributions of this article are as follows:

(1) We investigate a novel VBIGAN-AD anomaly detection algo-
rithm consisting of a sample GAN and a latent GAN, and each
sub-network has independent discriminator. Two GAN subnet-
works establish the relationship between data samples and la-
tent samples to better improve detection performance.

(2) We integrate the variational inference and adversarial learning
to make the hyperspectral background distribution converge to
multivariate distribution, which can effectively capture the dis-
tribution characteristics of background and anomaly.

(3) We devise the composite loss function and discriminative fea-
ture matching loss to effectively ensure the stable learning of
background distribution characteristics and effective generation
of spectra.

The rest of this article is organized as follows. Section 2 is
a brief introduction to the AE and GAN networks. Section 3 de-
tails the basic principles of the proposed VBIGAN-AD algorithm.
Section 4 depicts the experimental results. Section 5 concludes the
article.

2. Related work

Recently, deep learning has been applied in the fields of
anomaly detection, because of its advantage of being able to au-
tomatically learn the data distribution [30]. The basic networks
structures commonly used in anomaly detection are shown in
Fig. 1. As a typical unsupervised network, the autoencoder (AE)
[20] shows great application value for the accurate learning of data
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Fig. 1. Illustration of the structure of AE, VAE, GAN,GAN_Dz, GAN_Ds, and FBGAN
networks, where x and X’ are the input and generated data, z is the latent vector,
and y represents the data real or fake. E, G, and D are the encoder, generator, and
discriminator, respectively.

distributions and spectral reconstruction. Deep generative model
is one that can learn the underlying feature distribution of high-
dimensional data by observing the existing data samples and gen-
erating data with the same distribution as the real data. Among the
most representative network models are the variational autoen-
coders (VAEs) [31] and GANs [32]. Therefore, the next section fo-
cuses on AE and GAN networks.

2.1. Autoencoder

As shown in Fig. 1(a), the AE [20] is composed of an encoder E
and a generator G The E projects the inputs x into the latent space
z, and then the G uses z to reconstruct x' reversely. The network
is trained using the reconstruction loss L= |[x — x|, to force the
output to be equal to its input. The AE is calculated as follows:

X = G(E(x)) (1)

However, the AE has difficulty in accurately characterizing the
background distribution and learning weak abnormal information,
which makes it difficult for AE to detect anomalies. As an advanced
version of AE, VAE shows great potential for generating complex
data [31]. VAE uses the encoder to learn a variance function q(z)
with parameters i and o, which maps the observed variables to
the latent variables and then converges the distribution to a fixed
distribution. Thus, the E can be modeled based on the mapping
results and the G can generate data with the same distribution as
the observed variables. Moreover, the hyperspectral data is mainly
of multivariate distribution, while the sampling process of VAE is
based on single-peaked distribution, which makes the generated
data blurred.

2.2. Generative adversarial network

The GAN framework [32], as illustrated in Fig. 1(c), which is
composed of a generator G and a discriminator D. The task of the
G is to map the input z ~ p;(z) to a given real x ~ p(x) as much as
possible. Meanwhile, the goal of the D is to determine whether the
data is true or false. The objective function of the GAN network is
as follows:

l‘l’lcil‘l mSXEXNp(X)[]OgD(X)] + EZf»pZ(z)[IOg(1 - D(G(Z)))] (2)
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Afterwards, many new variants of GAN have been developed
[33,34]. The GAN to accurately capture the distributional proper-
ties of the data to generate new expected spectral data, which
coincides with background modeling in anomaly detection [35].
For example, with the assumption that the background of the HSI
obeys a multivariate normal distribution, a latent discriminator DI
is utilized to adversarial training with the E, which is named the
GAN_DI framework, as shown in Fig. 1(d). The GAN_DI is used to
match the distribution of latent variable data to the prior distri-
bution & = A(0, 1), which facilitates stable training of the model
[29]. However, the above GAN_DI framework has difficulty in main-
taining the detailed features of the original data, which further de-
creases the detection performance. The GAN_Ds is used to match
the generated samples of the generator by adding a sample dis-
criminator Ds, as shown in Fig. 1(e), which enables the Ds to
help the G competitively generate stable spectral samples [29].
As shown in Fig. 1(f), the forward-backward GANs (FBGANs) con-
sists of encoder, generator, forward discriminator and backward
discriminator, which can better capture the data distribution and
are applied in MINST dataset anomaly detection [36]. In this study,
we chose a GAN network as the basic structure, and then build a
new adversarial network framework that can effectively applied to
hyperspectral anomaly detection.

3. Proposed method

The real hyperspectral image is mainly of multivariate distribu-
tions, while the sampling process of VAE is based on single-peaked
distribution, which results in the generated data often being
blurred. By contrast, GAN generates samples randomly with mul-
tivariate sampling, and the generated samples can reflect clearer
and richer details than VAE. The GAN_DI and GAN_Ds have shown
good performances in anomaly detection, whereas the GAN_DI
tends to generate blurred spectral data. The GAN_Ds attaches a
sample discriminator that produces stable spectral samples with
more accurate spectral detail features. The combination of GAN
and VAE has been explored in recent studies [37]. VAE-GAN com-
bines the advantages of VAE and GAN to form an unsupervised
generative model, which can improve the shortcomings of the base
model. Moreover, FBGAN can better capture the data distribution
by learning the probability distribution of normal and abnormal
examples [36].

Therefore, inspired by the combination of VAE-GAN [37] and
FBGAN [36], a variational background inference and GAN (VBIGAN)
is proposed to address the problems of inaccurate background
modeling and spectral reconstruction. Mathematically, we define
X = {X1,X2, ..., Xmxn} € REX™ where B represents the number of
bands, m and n represent the number of image rows and columns.
Fig. 2 shows the flow chart of the VBIGAN framework, which is
composed of three parts: data preparation, network learning, and
reconstruction error generation for anomaly detection. Firstly, we
utilize all pixels x; € {i=1,..., mn} for training in each iteration.
The connection between real data sampling and latent sampling is
established and the distribution characteristics of the background
are learned during the learning process of the VBIGAN. After the
iterative training process, we can obtain the reconstruction error
of the generated and the original HSI based on the trained VBI-
GAN to detect abnormal targets. Next, we will introduce the VBI-
GAN framework in detail.

3.1. VBIGAN for anomaly detection

The proposed VBIGAN framework contains encoder E, generator
G, sample discriminator Ds, and latent discriminator DI, as shown
in Fig. 2. In the following, we focus on the network learning part
of the VBIGAN framework, which consists of a sample GAN and a
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Fig. 2. Process overview of the VBIGAN-AD framework.

latent GAN. In the latent GAN, the mapping from spectra to latent
samples is firstly created, and then the variational inference is in-
troduced to learn the distributional characteristics of backgrounds
and anomalies in latent space. The sample GAN is utilized as the
spectra generation process, which generates the counterfeit spec-
tra by the normal distribution samples and latent variable samples.
After that, the adversarial learning is conducted to ensure accurate
reconstruction of the spectra.

We first introduce the variational inference approach, where
the E learns to map the observed variables to the latent vari-
ables, and then converges the distribution to a multivariate nor-
mal distribution. Specifically, the variance and mean of the la-
tent variables are first obtained by passing the observed variables
through the E, and then the sampled data is obtained by repa-
rameterization, which is consistent with the forward propagation
of VAE. Sampling from multivariate normal distribution can en-
sure the latent samples are better mapped to the background spec-
tra. For the DI, the input contains the normal distribution sample
& and the latent variable sample z, which facilitates the learning
of the background distribution characteristics. In this process, the
reparametrized sampled data transformed by the E is considered
as generated fake data, while the data sampled in the fixed distri-
bution is considered as real data. The adversarial training process
guides the reparametrized generated data to match the prior dis-
tribution, and the encoder aims to fool the DI into trusting that the
data sampled by the hidden variables is from the true distribution.
The Dl is included to determine whether the data is from the true
or fixed distribution, which enhances the detailed characteristics of
the generated hyperspectral data.

Moreover, we use the reconstruction property of background
and anomaly samples for detection from the perspective of spec-
tral generation. A large number of background samples can be ex-
tracted based on the latent variable z, which enhances the relia-
bility of background learning. For the anomaly samples extracted
from the latent distribution, the large variance makes the gener-
ated data vastly different from the true anomaly samples. The nor-
mal distribution sample & and the latent variable sample z are
input into the G to generate two generated samples xg: and Xc;,
respectively. xc, denotes the spectral feature obtained from the E

and then reconstructed by the G. x;, denotes the spectral feature
obtained from the E and then reconstructed by the G. xg: repre-
sents a faked spectral generated by the G from the fixed distribu-
tion sample. The fixed distribution has been fixed as normal distri-
bution, which can generate HSIs that correspond to the real back-
ground distribution. For the Ds, the multi-component input con-
tains not only the samples x but also samples x;: and x,.The real
sample x can enable the Ds to distinguish between true and false
samples. xge and x¢; serve the same purpose of discriminating the
sample true and false, the spectra are accurately reconstructed, and
the background distribution is learned. Therefore, the Ds can help
the G to generate more accurate background spectra and increase
the detail features.

Therefore, the purpose of the E is to obtain the latent vari-
able sample z using variational inference, and the purpose of the
Dl is to discriminate whether the data are from the latent vari-
able sample z or the normally distributed sample &. Therefore, the
training of the E and the DI are adversarial relationship. The G
ensures that the spectra are accurately generated by the sample
& and z, while the aim of the Ds is to discriminate whether the
data is fake or real, so the G performs adversarial learning with
the Ds.Moreover, the two discriminators independently implement
adversarial learning, and at the same time, the two discriminators
are coupled with each other to better capture the data distribu-
tion. The VBIGAN framework is able to fuse the respective advan-
tages of the sample GAN and the latent GAN, couple the feature
matching of the two discriminators to keep the input and output
consistent.

The four networks structures of the VBIGAN model is shown in
Fig. 3 The E consists of three fully connected layers, where u and o
come from two different fully connected layers, and the leaky ReLU
is utilized. The G consists of four fully connected layers whose out-
put dimension is consistent with the number of bands, and the last
layer is activated using a sigmoid function. The Ds and the DI are
also consisting of four fully connected layers, and the last layer of
both discriminators utilizes a sigmoid function to output the dis-
criminative probabilities for loss calculation during the adversarial
training. In addition, the design outputs feature vectors in the third
layer of the network for coupling the two GAN sub-networks.



Z. Wang, X. Wang, K. Tan et al. Pattern Recognition 143 (2023) 109795

Block #1
|| w Reparamterize ‘/Fu”y C?]gmzeSC;e)d Layer ) Block #5 |
== © || - {7
218 u+exo bR | - | [ Fully Connected Layer
& ) l | Batch normalize (256) (512-128)
= c -
Py T 5 N (0’1) \\ LeakyReLU() l
Real specteal x z - I -
generator G =~ oo oo Block #2 | Block #6
= - P/\ﬁ —_ ¢ (Fully Connected Layer | ("Fully Connected Layer |
A s = |2 =gl , {”w A L @s6-512) (256-B)
B S S S H L B )
& <) <] ¥ 1000 0! ‘ : | - - ‘
I ‘ g E g N i /W\ \:‘ Batch normalize (512) I( Sigmoid() )
z E-NON T _ LeakyReLU) |
Input variable === == =2 = generated specteal X6z , Xg¢
= Block #3 Block #7
Sample-discriminator I,)L— —mm oo ‘/ Fully Connected Layer ) ("Fully Connected Layer
Real specteal x i wil e | | & (128-256) (128-B)
generated specteal X6z ellg g . Batch normalize (256) | \ Sigmoid() )
|| = )
enerated specteal Xc¢ e | #| | 3 i LeakyReL )
: P ¢ ARl N N Real/Feak - EAlgREED0 J ‘
Input sample L J L
latent discriminator DI Block 4 7
‘M ‘/ Fully Connected Layer
latent variable z i | = | = (512-256) /
latent variable ¢ —p i 5 5 1\ Batch normalize (256) |
Dlae| | =] | 3 . ~
! (V]
Input latent variable } : L : eal/Feak | |  LeakyReLUQ

I

Fig. 3. The implementation of each network in the VBIGAN framework.

3.2. Loss terms of the VBIGAN framework

(1) Variational Inference Loss: The purpose of our introduced
variational inference process in the VBIGAN framework is to learn
the latent variable distribution to sample the real data distribution.
The variational inference process can be described as z =N (,u, 02)
and the latent variable z can be reparameterized by z=  + 0§,
where £ = N(0,1) is an auxiliary variable, © and o are encoded
by the E. Using the Kullback-Leibler divergence penalty, the sam-
ple process for z is based on a reparameterization of the variable &
such that the latent variable z resembles a prior distribution. Thus,
the variational inference process can be transformed by reparame-
terization as follows:

Lxy = D(N(pt, 02)[IV(0,1)) = 0.5(1 + logo? — u? — exp (logo'2))

(3)
Therefore, the VBIGAN framework can learn the background distri-
bution characteristics by imposing variational inference loss better,
as well as help the G to generate more stable and homogeneous
background samples.

(2) Spectral Reconstruction Loss: Firstly, the spectral vectors are
reconstructed spectra generated by the E and the G, so the training
goal of the VBIGAN model is to make the generated spectra more
similar to the original spectra. Therefore, the mean squared error
(MSE) loss function is used to calculate the difference between the

generated spectra and the original spectra. The MSE is calculated
as follows:

Luse =[x = G@) 12 + Ix = G(&) [l (4)

where x is the real spectra and the generated spectra Gz and G§.
Because of the detailed feature consistency of the original and
generated spectra, we introduce an additional constraint of spectral
angle mapper (SAM) [25] to ensure the accurate reconstruction of
the generated spectra. The SAM is used to estimate the similarity

of two spectra and control the direction error effectively. The spec-
tral constraint is defined as:

1 _ 6@ _ XGE)
boam =2 = [arcc°s<||x||z||c(z>||z> rarecos ( ||x||2||c<s>||z)]

(3)

The SAM constraints are utilized to ensure better results and faster
convergence of the generated reconstructed spectra. Therefore, the
combined use of MSE and SAM constitutes the total spectral loss,
which makes the spectra consistent in both global and local.

(3) Adversarial Loss: To improve the shortcomings of the GAN
framework, the Wasserstein GAN with gradient penalty (WGAN-
GP) preserves the advantages of the WGAN network in terms of
improved gradient updates while enabling a significant increase
in training speed [38].Thus, we introduce the WGAN-GP for both
discriminators to solve the gradient disappearance problem during
learning. The objective function for the traditional WGAN-GP is de-
fined as follows:

LD = Eszz(z)[D(G(z))] - IEpr(x)[D(X)] + )"]Ez~ppemlw (z)

2
[(1v:0Ge], 1) ®

where Z ~ Ppenairy () is the penalty sample distribution and A is
the penalty coefficient.

The VBIGAN model contains the Ds and DI. Firstly, the E is
adversarial learning with the DI to match the prior distribution
&£ =N(0,1) in the latent distribution z ~ p(z), which facilitates
the background distribution learning. For the DI, the input con-
tains two distribution samples from the sample & = A/(0,1) and
z ~ p(z) encoded by the E. Therefore, the objective function of the
adversarial loss in the DI is transformed as follows:

Lpi = Bz p) [DUD)] = Eg~nr0.) [DI@D)] + 2By @)
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[[v:pi)], 1] (7)

LGI = _Ez~p(z)[Dl(z)] (8)

By minimizing E and maximizing DI on Lp,, the E can learn to rep-
resent the hyperspectral background distribution accurately, while
generate homogeneous background information.

We designed the Ds, which can help the G to reconstruct more
accurate background spectra and increase the detail features. For
the Ds, the input contains not only the real samples but also two
generated samples xg: and xc,. Therefore, the objective function of
the adversarial loss in the Ds is transformed as follows:

Lps = Epup)[Ds(G(2) [HEepr0,1)[DS(G(E)) ] —Expy [DS(X) ]+
Az ppenay (2) [” V2Ds(G(2)) Hz - 1]+
Mg o | |V:DsGEN ], - 1]
9)
Lgs = —E;p»)[Ds(G(2))] — Egp(0,1)[Ds(G(§))] (10)

where Xg;, Xg¢ represents the generated samples of the latent vari-
ables z, £. By minimizing G and maximizing Ds on Lp,, the G can
generate more realistic spectra. Therefore, the Ds discriminates the
real data x and the two fake data xg, and xge. The G should use
both xg, and x¢¢ to cheat the Ds.

(4) Feature Mapping Loss: To obtain more stable generated
data, we utilize Euclidean distance measures between discrimina-
tive features in the middle layer of the two discriminators, which
is called feature matching losses [36]. The VBIGAN model is ex-
pected to be tightly coupled, which can reduce the risk of mode
collapse. The data sample x and latent variables z must have the
same discrimination score in both the sample and latent discrim-
inators: DI(z) = Ds(x). Likewise, the latent variables z, £, and gen-
erated samples X¢;, gz must have the same discrimination score
in both the two discriminators:DI(z) = Ds(G(z)) = Ds(G(€)). How-
ever, the sample GAN and the latent GAN are somewhat indepen-
dent, so the individual discriminant scores do not provide suffi-
cient information for the proper coupling of the two GANs. Thus,
we define the feature matching losses as follows:

Lin & = Ex-peo || D" (0) = DI"@) |3 (1)

Lin ¢=Ez-p(z) | DS"(G(2)~DI" @) || +E¢-n0.1) | DS" (G(€)-DI"@) || (12)

where Ds" is the last hidden layer of the Ds, and DI" is that of the
DL Lsy, g is the Euclidean distance between the extracted features
of data after the Ds and the features of latent variables z via the
DL Lgy g is an expected Euclidean distance between the discrimi-
native features of a data sample x and latent variables z. Ly, ¢ is
that of the latent variables z, & and generated samples X, Xg¢. As
shown in Fig. 3(c) and (d), we compute the feature matching loss
using the third layer output feature of the Ds, DI, where the output
features Ds" and DI" have the same feature dimension. The E uses
L¢y_g minimization to learn the inverse mapping of the G, prompt-
ing the learning of accurate spectral features. For the latent sam-
ples, the DI uses L, ¢ minimization to learn feature matches with
the Ds, which prompts more accurate learning of background dis-
tribution. Thus, we construct feature matching losses in the middle
layer of the two discriminators to tightly couple the two GAN sub-
networks, to obtain more stable generated data.

Up to this point, the composite loss function of the VBIGAN
model can be shown as follows:

Lo, = Lgs + MLlmse + AaLsam (13)
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Lo, = Lgp + L + ALmse + AzLsam + AsLpm g (14)
LHDS = LDs (15)
Loy, = Lpi + Al ¢ (16)

where each part is given the explicit expression above. Aq, Ay, A3,
and A4 are set to 1, 0.8, 0.5, and 0.5, respectively, based on expe-
rience and the results of several experiments. Ly represents the
total loss of the G, Ly, represents the total loss of the encoder E
and to learn the background distribution, and L, and Ly~ are re-
lated to the total loss of the sample discriminator Ds and the latent
discriminator DI

3.3. Reconstruction error of the VBIGAN framework

The VBIGAN framework undergoes an iterative training process,
so we can use the trained model to detect abnormal targets. Firstly,
the reconstructed background image X® ¢ RBX™" can be obtained
through the E and G trained network, with the input of all the
image pixels using (17):

XR = G(E(X)) (17)

By the aforementioned reconstruction process of hyperspectral im-
ages, the VBIGAN model can reconstruct the background spectra
accurately, while it is difficult to reconstruct the abnormal spec-
tra. In addition, Fig. 4 shows the spectral reconstruction results on
the Salinas and Gulfport datasets to visually represent the spectral
generation capability of the VBIGAN network. Eight representative
abnormal pixels and eight representative background pixels were
selected from each of the two datasets. For the background sam-
ples, the VBIGAN network model could accurately reconstruct the
original spectra, and its generated spectra remained highly simi-
lar to the original spectral profiles. For the abnormal samples, the
generated spectra of the VBIGAN network maintained the discrep-
ancy with the original spectra. Therefore, the proposed network is
able to learn the background distribution properties more effec-
tively, while making the background and anomaly targets become
more separated.

Overall, we can use the I, norm between the original spectra
and the generated spectra to detect the targets, i.e., the reconstruc-
tion error. The detection results are calculated as follows:

0= s, (19

where d is detection result, xfj is the spectral at location (i, j)

of XR. Therefore, the VBIGAN model uses reconstruction errors to
construct an auxiliary target detector.

Finally, to illustrate the VBIGAN network training and detection
process, Table 1 shows the pseudo-code description of the pro-
posed VBIGAN-AD algorithm.

4. Experiments
4.1. Datasets

Five kinds of HSI datasets were used to verify the superior-
ity of the proposed VBIGAN-AD algorithm, one of which was a
synthetic hyperspectral dataset and the other were real hyper-
spectral datasets. The sensors, image sizes, anomaly pixels and
other parameters of the four data sets are shown in Table 2.
Salinas was acquired by Airborne Visible/Infrared Imaging Spec-
trometer (AVIRIS). The main background classes are plants, soils,
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Fig. 4. Reconstructed results for different pixels in the Salinas and Gulfport datasets, where the solid lines are the original spectra and the dashed lines are the generated
spectra. (a) and (b) are spectral curves of background and abnormal samples in the Salinas dataset, respectively. (¢) and (d) are spectral curves of the background and

abnormal samples in the Gulfport dataset, respectively.

Table 1
Pseudocode for the proposed algorithm.

Algorithm VBIGAN-AD

Input: HSI X = R(m.b)

Initialize: Network: encoder E, generator G, sample discriminator Ds, latent discriminator DI

Training of the VBIGAN Network:
input x to E and encode to obtain z;
input z, £ to G and generate X, Xgz;
calculate the Lysg, Lsay using (4)-(5);

input x, Xcz, Xg¢ to Ds to obtain the discriminative probability, also obtain the feature vector;

calculate the Lpg, Lgs using (9)-(10), update Ds using (15);

input z, £ to DI to obtain the discriminative probability, also obtain the feature vector;
calculate the Lp;, Lg using (7)-(8), calculate the feature matching using (11)-(12);

update DI using (16);

update G with the gradient using (13);

update E with the gradient using (14).
End
the anomaly detection result using (17)-(18)
Output: anomaly detection map

Table 2
Parameters Related on the Five Datasets.

Dataset Sensor Spatial resolution ~ Image Size ~ Bands  Wavelengths Anomaly pixels  Anomaly ratio
Salinas AVIRIS 3.7m 120 x 120 204 400-2500 nm 25 0.17%
Pavia ROSIS 1.3m 100 x 100 102 430-860 nm 43 0.29%
Gulfport AVIRIS 3.4m 100 x 100 191 400-2500 nm 60 0.60%
Los Angeles  AVIRIS 7.1m 100 x 100 205 400-2500 nm 87 0.87%
Urban HYDICE 1m 80 x 100 162 370-2510 nm 21 0.26%

etc.,, while the abnormal targets are buildings. We randomly se-
lected 25 target locations. Synthetic abnormal spectra z is gen-
erated by z= f xt+ (1 - f) x b, where f is the abundance frac-
tion, t and b are the anomaly and background spectra, respectively.
The synthetic data and ground-truth map are shown in Fig. 5(a).
The Pavia dataset consists of images from the Reflection Optical
System Imaging Spectrometer (ROSIS). The main background cate-
gories are bridges, water and bare soil, and the anomalies are vehi-
cles. For the Gulfport dataset, the main background categories are
airfield and plants, and the targets are three different scales aircraft
[11]. The main background categories on the Los Angeles dataset
are buildings, runways, vegetation, water, and bare soil, while the
anomaly is two aircraft [11]. For the Urban dataset, the main back-
ground categories are asphalt, plant and soil, and the abnormal tar-
gets are vehicles.

4.2. Experimental setup

(1) Comparison Methods: Eleven popular methods of anomaly
detection have been utilized as contrast methods, including GRX
[8], LSMAD [13], CRD [17], OSP-AD [16], SDA-SF [21], RGAE [22],
Auto-AD [23], DeepLR [24], BiGAN [39], FBGAN [36], and SC-AAE
[25]. The GRX, LSMAD, CRD and OSP-AD algorithms use different

background modeling algorithms. The SDA-SF, RGAE, Auto-AD and
DeepLR are deep learning algorithms. The BiGAN, FBGAN and SC-
AAE are GAN-based anomaly detection algorithms.

(2) Parameter Settings: All algorithms for traditional detection
algorithms were computed on Python 3.8.0, where the deep learn-
ing algorithms are carried out on a GeForce RTX 3070, with Torch-
GPU 1.9.0 and CUDA 11.3. We used an Adam optimizer to optimize
the VBIGAN network. Also, we defined the initial learning rate as
0.0001. The batch size was the total number of image pixels and
the number of epochs was 1000. The penalty coefficient in (7) and
(9) was chosen as o = 0.5 empirically.

For the baseline methods, optimal parameters were required for
each algorithm. For the LSMAD method, the rank r was set to 28,
and the cardinality k was set to 0.002. For the CRD algorithm, the
regularization parameter was set to 10-6 and the inner and outer
double window sizes were set as shown in Table 3. In the OSP-
AD algorithm, the two key parameters p and m values are shown
in Table 3. The network structure parameters of the Auto-AD al-
gorithm were set as recommended in [23]. The hyperparameters
of BiGAN, FBGAN and SC-AAE are consistent with the VBIGAN net-
work.

(3) Evaluation Metrics: 3-D receiver operating characteris-
tic(ROC) curves [40], the area under the curve (AUC)scores [40],
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Fig. 5. Five hyperspectral datasets, the first row are the pseudo-color maps and the second row are the corresponding ground-truth maps of each datasets. (a) Salinas. (b)

Pavia. (c) Gulfport. (d) Los Angeles. (e) Urban.

Table 3
Parameters Related on the Five Datasets.
Dataset CRD OSP-AD RGAE SDA-SF DeepLR
Salinas Wour =9, Wi, =7 p=8m=6 A=10"2, S=50 pca=20y =10Ir=3 A=10u=05
Pavia Wour = 11, wj, =3 p=5m=4 A=10"3, S=100
Gulfport Wout = 13, Wi, =3 p=14m=10 A=10"3 S=150
Los Angeles  wour = 15, w;, = 13 p=8m=5 A =102, S=300
Urban Wout =7, Wi, =5 p=9,m=8 A =102, S=150

(] M

Fig. 6. The anomaly detection maps on the Salinas dataset. (a) GRX. (b) LSMAD. (c) CRD. (d) OSP-AD. (e) SDA-FC. (f) RGAE. (g) Auto-AD. (h) DeepLR. (i) BiGAN. (j) FBGAN.

(k) SC-AAE. (1) VBIGAN-AD.

and box-whisker plot [13] are employed to evaluate the perfor-
mance of the algorithm. The 3-D ROC curve is plotted by the prob-
ability of detection Pp, the false alarm rate P, and threshold 7. The
2D-ROC curves (Pp, Pr), (Pp,t) and (Pr, t) are utilized to evalu-
ate the anomaly detection algorithm.Meanwhile, AUCp ), AUCp 1),
AUC, ), the target detectability AUCyp, the background suppress-
ibility AUCgs, the overall detection probability AUCopp are utilized
to quantitatively evaluate. A higher value of AUC( F), AUCp )
and AUCrp means a better detection performance. A smaller value
of AUC ) or a higher value of AUCps indicates a better abil-
ity to suppress the background. A higher value of AUCopp indi-
cate more robustness and stability of the algorithm. Therefore,
the AUC(pp ), AUCF ) and AUCopp are the preferred evaluation
criterion, followed by the other AUC values. Box-whisker plot is
primarily used to evaluate the separation of the anomaly and
background.

4.3. Detection performance

We quantitatively analyzed and evaluated the afore-mentioned
anomaly detection algorithms. As shown in Figs. 6-10, the two-
dimensional detection maps of the afore-mentioned algorithms
in five datasets are visualized. The detection maps on the Sali-
nas dataset are shown in Fig. 6. The GRX, LSMAD and RGAE al-
gorithms had difficulty detecting anomalies with low fraction of
abundance. Although SDA-FC and BiGAN were able to detect ab-
normal pixels with different proportions of abundance fractions,
they contained more background false positives. The CRD, OSP-
AD, Auto-AD, DeepLR and SC-AAE algorithms showed better back-
ground suppression performance while failed to detect the anoma-
lies. The proposed VBIGAN-AD algorithm could effectively suppress
the background and accurately reflected abnormal pixels with dif-
ferent proportions of abundance fractions.
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Fig. 7. The anomaly detection maps on the Pavia dataset. (a) GRX. (b) LSMAD. (c) CRD. (d) OSP-AD. (e) SDA-FC. (f) RGAE. (g) Auto-AD. (h) DeepLR. (i) BiGAN. (j) FBGAN. (k)

SC-AAE. (1) VBIGAN-AD.
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Fig. 8. The anomaly detection maps on the Gulfport dataset. (a) GRX. (b) LSMAD. (c) CRD. (d) OSP-AD. (e) SDA-FC. (f) RGAE. (g) Auto-AD. (h) DeepLR. (i) BiGAN. (j) FBGAN.

(k) SC-AAE. (1) VBIGAN-AD.
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Fig. 9. The anomaly detection maps on the Los Angeles dataset. (a) GRX. (b) LSMAD. (c) CRD. (d) OSP-AD. (e) SDA-FC. (f) RGAE. (g) Auto-AD. (h) DeepLR. (i) BiGAN. (j)

FBGAN. (k) SC-AAE. (I) VBIGAN-AD.

Fig. 7 showed the detection results on the Pavia dataset which
proved that the CRD, SDA-FC, RGAE, BiGAN and SC-AAE were ca-
pable to accurately identify the vehicle targets. The targets were
mixed with the complex background and noise. There were missed
targets in the results of GRX, LSMAD, OSP-AD and FBGAN. The vi-
sualization results demonstrated that the VBIGAN-AD had better

suppression of the background. The detection maps on the Gulf-
port and Los Angeles datasets are shown in Figs. 8 to 9. For the
Gulfport dataset, GRX, CRD, RGAE algorithm showed that the back-
ground was constrained at low levels, but the three aircrafts could
not be detected distinctly. Although the LSMAD and VBIGAN-AD
could detect three aircrafts on different scales, the detection abil-
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Fig. 10. The anomaly detection maps on the Urban dataset. (a) GRX. (b) LSMAD. (c) CRD. (d) OSP-AD. (e) SDA-FC. (f) RGAE. (g) Auto-AD. (h) DeepLR. (i) BiGAN. (j) FBGAN.

(k) SC-AAE. (1) VBIGAN-AD.
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Fig. 12. 3-D ROC curves and 2-D ROC curves of the Pavia dataset. (a) 3-D ROC curves. (b) 2-D ROC curves ((Pp, Pr). (c) 2-D ROC curves (P, 7). (d) 2-D ROC curves (Pr, 7).

ity for small-scale aircrafts was slightly weaker. The VBIGAN-AD
detected the edges of the aircraft and maintained target integrity
on the Los Angeles dataset. The OSP-AD, RGAE and FBGAN could
better suppress the background, while the building roofs had been
wrongly identified as anomalies, and the target pixels could not
be detected effectively. The BiGAN had difficulty suppressing the
background in two aircraft datasets. For the detection results on
the Urban dataset, the GRX, SDA-FC, RGAE and BiGAN had false
alarm targets, and VBIGAN-AD algorithm could effectively suppress
the background and accurately detect anomalies.

The ROC curves on the five datasets are displayed in
Figs. 11-15. The ROC curves of (Pp,Pr) and (Pp,T) are near the
upper right corner, which indicates a higher detection perfor-
mance;the ROC curves of (Pr,T) is near the lower left corner,
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3-D ROC curves and 2-D ROC curves of the Salinas dataset. (a) 3-D ROC curves. (b) 2-D ROC curves (Pp, Pr). (c) 2-D ROC curves (Pp, 7). (d) 2-D ROC curves (P, 7).
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which indicates a better ability to suppress the background. From
the ROC curves of (Pp,Pr) on the five datasets, the VBIGAN-AD
algorithm significantly outperformed the other algorithms. In ad-
dition, the VBIGAN-AD achieved a detection probability of 80%
or more with a much lower false alarm rate. For the Gulfport
and Los Angeles datasets, although the ROC curves of (P, Pr) for
VBIGAN-AD and the other algorithms cross over, the ROC curve for
VBIGAN-AD remained in the upper right corner overall. The five
deep learning-based detection algorithms showed similar perfor-
mance in terms of the ROC curves of (Pp, T), which were essen-
tially on top of the traditional algorithms. From the representation
of the ROC of (P, ) on the five datasets, the VBIGAN-AD was lo-
cated at the optimal position in the lower left corner, which in-
dicated the algorithm was able to keep the background at a rela-
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Fig. 15. 3-D ROC curves and 2-D ROC curves of the Urban dataset. (a) 3-D ROC curves. (b) 2-D ROC curves (Pp, Pr). (c) 2-D ROC curves (Pp, 7). (d) 2-D ROC curves (Pr, 7).

tively low level. For the RGAE, Auto-AD, DeepLR and SC-AAE, sig-
nificant differences existed on the five datasets. Although the ROC
curves of (Pp, ) for BiGAN obtained the best performance, the ROC
curves of (Pr, T) verified that BiGAN had difficulty in suppressing
background. All in all, the proposed VBIGAN-AD is equally good
at suppressing the background while detecting the targets, further
demonstrating the excellent robustness of the proposed algorithm.

As shown in Fig. 16, the red and cyan boxes of the box-whisker
plots indicate anomalies and the background respectively, and the
gap between the two boxes indicates the degree of separation from
targets and background. For the Salinas dataset, the GRX, LSMAD
and BiGAN had wider background ranges, and the background of
the GRX algorithm overlapped with the anomalies. The VBIGAN-
AD showed a better separation between the background and the
anomalies. The box-whisker plots from the Pavia dataset shown

1

that the algorithms could suppress the background well besides
CRD, and the VBIGAN-AD exhibits better detection performance.
The cyan boxes were crossed with red boxes for the GRX, OSP-AD
and FBGAN on the Gulfport and Los Angeles datasets, which indi-
cated that these methods had difficulty in distinguishing the back-
ground and anomalies. The LSMAD, SDA-SF, RGAE, and VBIGAN-
AD achieved separation. From the results of the Urban dataset, the
background of the RGAE overlapped with the outliers, and the oth-
ers performed well.

Furthermore, the AUC scores and time consumption for each
detection algorithm of the five datasets are shown in Tables 5-8.
For the Salinas dataset, VBIGAN-AD obtained the highest AUC(p f),
and AUCrp with 0.9996, 1.4337, respectively. The AUCp ;) of BiGAN
was the highest, but the AUC ;) and AUCgs value of BiGAN were
the poorest. Although the proposed algorithm obtained subopti-



Z. Wang, X. Wang, K. Tan et al.

Pattern Recognition 143 (2023) 109795

- . - - - s - - - - — |
T T TR ==
$09F 1 1! 1 ! 1 ! i [ ! 2,09 Fi : 1 1 0 ] H ! ! Background | _|
1 1! 1 1 ! ] 1 1 1 i 1 T
Hl 1 ! 1 1 1 ! ) i ! 1 1 1 H] I ! 1 ! | : 1 1 ! 1 ! !
So08F 1 . | ! 1 ! 1 1 | 1 v So8hi i ' i I 1 i ! [ 1 ! ! o
£ o (. o 1 ! ' i i £ [ ! T ! ! ] i I : 1 i
Zork i i | 0 1 ! ! H H 1 V4 Borh | [ ! | | 1 ! H 1 ) [
k=l 1 1 1 B 1 1 i I [ i 1 ! | 1
< 1 1 ' 1 1 ] 1 1 £ 1 1 I \ 1 [ 1 H H H !
k] 1 1l T 1 1 1 = 1 1 L i I I 1 [ . 1 ) !
70607 1 ! [ 1 4 @6t | I ! [ 1 1 [ H 1 ! '
= i [ [ 1 = 1 | ! 1 [ [l 1 1 I ! 1 i
2 V) I (& : 2 ! 1 I | i 1 ! 1 | L | |
805 | 1 i = 1 8050 H [ ! L 11 H A ! 1 ! [
g A [ o T R
S04 ! 1 | - :: - IR i i bnoat P i i P i |
3 i i i i i i HE- N Lo oo ! P v B
N 03 | ! 1 | 1 | 17 803! 1 | [ ! b I ! 1 1 1 11
= 1 ! | | 1 | T 1 = : ! | 1 : 1 1 H 1 1 H 1
2ot (11 []F ||} H I R T A O I N I O R I - bl
5 1 ! 1 1 b T . ! 1 - [ 5 : ! 1! T ] H _ 1 F T | !
N I U o= R O A 1= e o S P i R A A 1 O | O F A N S
I [ i [ 1 1! ! 1 [ [ 1 ! 1 $ ] I 1 L 1 i !
oL F A T A R T i T I M il + 1 T &= L L L T b A +]
1 1 L 1 1 1 L 1 1 1 L 1 1 1 L 1 1 1 L 1 1 1 L 1
GRX LSMAD CRD OSP-AD SDA-FC RGAE Auto-AD DeepLR BiGAN FBGAN SC-AAE VBIGAN-AD GRX LSMAD CRD OSP-AD SDA-FC RGAE Auto-AD DeepLR BiGAN FBGAN SC-AAE VBIGAN-AD
() (b)
T T T T T T T T T T T T T T T T T T T T T T T T
s 1 E H H H H H i i nomalies | | T E T E i T H H E _ E nomalies | |
gool ! ! : ! 1 [ i ! 1 Background) | o (9 i | ! il ! 1 ] i [ Background | |
' i 1 1
£ L T I OO T A A A N N
Eost | | | i i i i i 1 I i 4 Bogpr . i b | [ I oA
2 H ! 1 1 | | | 1 1 1 H 1 2 ] 1 1% il 1 ! T | [ ! i H
Zo7F | 1 1 i | ' i i ' 1 i [ - o ! i o ] P! b
€070 ! i 1 i i : i ! ' i - A A A A oal
1 i | 1 i i [ | i I |
Go6r | i ! ! ! ! ! ! ! ! oL Boesrla oo A T T
s H ) 1 i 1 1 1 1 ! ! 1 e S [ [ [ b 1 1 " . t ! 11 1
Sost 1 T ! ! ! ! ! ! ! ! b Bospba T oorr b R A oo
2 | il 1 i 1 1 1 | T | | [ -1 P! [ ¥ 1 [ H 1l 1 [ | 1 HES
2 1 [ . ] ! 1 H I HE H ! [ 8 Ly ! [ s i g [ H 1 [ 1 1 [ I
= 041 1 1 H 1 1 H H i 1 H H o = 041 [ I 1 [} i I : I I H [ Vo
= .t [ i | [ i [ 1 2 T A O T A T A B A B bosa b
Qo3 1 1 T [ ! £ ! FA O < Bt S O R S A A A oty b b
£ 1 I ! i 4 [ ! ! ! H ! ! [ = 1 [ H [ [ [ [ [ ! I [ 1l
2 A1 i Y | ' i 1 v T | E [ ! [T T 1 i [ Vol )
g02f ! 1 H [ H | T 1 1 1 [ 1 E02 1 [ H [ A [ [ [ 1 [ 1
. Tl ! 1 oy I i 1 | I I [ 1 & ) ! 1 I ! [ [ [ I ' !
S ! ! T [ i T i T 1 1 ! S 1 1 | | i [ 1 ! T P ! !
Z o1 ! A e o A | l B \ ] H ZoitH! | ! ! [ ! ] | 1 i+
! ! ¢| 1 | 1 $ | e | o ! T ! 1 I $ 1 ! 1 Q ! ! T
oIFF T -+ L ld L 1 o ok | ot T o+ + L i i IT & 1 - N &
. L ! . L | ! 1 1 L ! | | ! . h | ! | | ! ! . L
GRX LSMAD CRD OSP-AD SDA-FC RGAE Auto-AD DeepLR BiGAN FBGAN SC-AAE VBIGAN-AD GRX LSMAD CRD OSP-AD SDA-FC RGAE Auto-AD DeepLR BiGAN FBGAN SC-AAE VBIGAN-AD
(© d
T T T T T T T T T T T
o i T T HE T
o | ! ' i | | d ] Background
R0 1 1 1 ! : : 1 1 1 1 HE
= ! H 1 ! L 1 i 1 1 1 |
Bosf | P g R
.01 1 i A N P
Zork ! b i b i i1 .-
s ! : 1 | 1 1 1 ' | | : i
R e O | R
S T ! T 1 1 1 1 i 1 | ! [
BOosp ! | [ i [ T 1 1 | H ! -
3 [ H ] 1 [ La 1 i I H ! H
Boglt 1T . [ I L i - '
2041 I ! H [ 1 I H 1 1 =
= [ i 1 [ 1 i T H 1 H L= |
4 H [ 1 [ 1 1 H 1 1 1
S eI A | e s T | A A R A A
= 1 ! 1 I T 1
E 0.2 ! | i i i H i i ! i 1 -
£ ! | 1 i 1 ! 1 i ! 1 1 1
S ' I [ 1 I 1 i H 1 H H : H
A L S R : o
1 i 1 1 1 [ 1
N e T T B S T S S - |
| L | . | L | | . L . |
GRX LSMAD CRD OSP-AD SDA-FC RGAE Auto-AD DeepLR BiGAN FBGANSC-AAE VBIGAN-AD

@

Fig. 16. Box-whisker plots for the different methods. (a) Salinas. (b) Pavia. (c) Gulfport. (d) Los Angeles. (e) Urban.

Table 4

AUC scores and time consumption of the comparison methods on the Salinas dataset.
Method AUCpry AUCpry AUCf.  AUCp AUCgs AUCopp  Inference time/s  FLOPs/G
GRX 0.8073 0.2143 0.0314 1.0216 0.7759 1.1829 0.81 -
LSMAD 0.9501 0.3692 0.0144 1.3193 0.9357 1.3547 10.27 -
CRD 0.9638 0.3012 0.0069 1.2647 0.9566 1.2942 3.48 -
OSP-AD 0.9560 0.4098 0.0032 1.3658 0.9528 1.4066 790.43 -
SDA-SF 0.9675 0.2408 0.0101 1.2083 0.9573 1.2307 1.49 1.71
RGAE 0.9290 0.3689 0.0157 1.2980 0.9134 1.3532 1.75 0.58
Auto-AD 0.9836 0.4307 0.0126 1.4143 0.9709 14181 5.61 8.59
DeepLR 0.9558 0.4212 0.0184 1.3770 0.9375 1.4028 2.84 3.92
BiGAN 0.8720 0.5372 0.1077 1.4092 0.7644 1.4295 1.41 3.17
FBGAN 0.9348 0.4291 0.0173 13639 09175 14118 1.44 3.30
SC-AAE 0.9656 0.3723 0.0050 1.3379 0.9606 1.3672 18.52 0.50
VBIGAN-AD 0.9996 0.4338 0.0049 1.4337 0.9951 1.4299 3.84 1.89

mal results for the AUC ) score, the AUCps obtained the highest
score of 0.9951, which proved the superiority of the background
suppression. The proposed algorithm on the Pavia dataset achieved
the highest values of AUCp ry and AUCrp, which were 0.9990 and
1.2756, respectively, while AUCgs got the suboptimal value. For the
two airfield datasets, the VBIGAN-AD obtained the highest AUC
score for AUC(p r), AUC(p 1y, AUCrp, AUCopp. The optimal or sub-
optimal value of AUCzs was obtained by the proposed algorithm
respectively, which demonstrated the ability of the proposed algo-
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rithm to suppress the background. Moreover, the proposed algo-
rithm achieved suboptimal values for AUCp y and AUCgs, and the
highest values for the AUCp fy, AUCrp, AUCopp scores on the Urban
dataset. Experimental results demonstrated the outperformance of
the proposed algorithm to handle hyperspectral anomaly detection
with anomalies embedded background. In summary, the VBIGAN-
AD shows a superior detection performance and can suppress the
background well, achieving effective separation of anomalies and
background.
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Table 5
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AUC scores and time consumption of the comparison methods on the Pavia dataset.

Method AUCpry AUCp.y  AUCr.  AUCrp AUCgs AUCopp  Inference time/s  FLOPs/G
GRX 0.9944 0.1858 0.0232 1.1802 09712  1.1627 0.72 -
LSMAD 0.9946 0.1999 0.0118 1.1945 0.9828 1.1881  4.59 -
CRD 0.9756 0.2948 0.0918 1.2704 0.8838 1.2030 16.71 -
OSP-AD 0.9725 0.1276 0.0016 1.1001  0.9709 1.1260 687.91 -
SDA-SF 0.9934 0.2425 0.0179 12359 09755 1.2247 1.53 1.71
RGAE 0.9721 0.1982 0.0095 1.1703  0.9626  1.1886  0.99 0.29
Auto-AD 0.9972 0.1589 0.0010 1.1560  0.9961 1.1579  5.35 7.79
DeepLR 0.9980 0.1437 0.0018 1.1417 09961 1.1419  2.79 3.72
BiGAN 0.9929 0.2673 0.0339 1.2602  0.9590 1.2334 1.34 2.23
FBGAN 0.9826 0.1405 0.0079 1.2756 09746 1.1325 135 2.36
SC-AAE 0.9839 0.2051 0.0068 1.1890  0.9771 1.1983  19.97 0.21
VBIGAN-AD  0.9990 0.2765 0.0120 1.2756 0.9870 1.2645 3.83 1.23

Table 6

AUC scores and time consumption of the comparison methods on the Gulfport dataset.

Method AUCpry  AUCpry  AUCk.  AUCrp AUCgs AUCopp  Inference time/s  FLOPs/G
GRX 0.9526 0.0736 0.0248 1.0262 09278  1.0489  0.60 -
LSMAD 0.9515 0.1302 0.0552 1.0818  0.9304 1.1090 6.15 -
CRD 0.9097 0.0325 0.0092 0.9423  0.9007 1.0235 17.82 -
OSP-AD 0.8429 0.0642 0.0099 09072  0.8332 1.0544 221.71 -
SDA-SF 0.9781 0.1554 0.0318 1.1350 0.9653  1.1293 1.10 1.19
RGAE 0.9801 0.0461 0.0077 1.0263  0.9726 1.0384 0.82 0.38
Auto-AD 0.9700 0.1243 0.0369 1.0944 0.9333 1.0875 4.82 5.90
DeepLR 0.9661 0.0762 0.0281 1.1424  0.9382 1.0482 2.64 2.60
BiGAN 0.8647 0.1944 0.0983 1.0592 0.7666  1.0962  1.05 2.12
FBGAN 0.9568 0.1106 0.0348 1.0674  0.9221 1.0758  1.07 2.21
SC-AAE 0.9756 0.0771 0.0062 1.0528 09696 1.0710 13.14 0.33
VBIGAN-AD  0.9872 0.1589 0.0157 1.1462 09715 1.1433  2.80 1.25

Table 7

AUC scores and time consumption of the comparison methods on the Los Angeles dataset.

Method AUCpry AUCpry AUCr.  AUCrp AUCgs AUCopp  Inference time/s  FLOPs/G
GRX 0.8404 0.1841 0.0516 1.0245 0.7888  1.1325 0.84 -
LSMAD 0.9317 0.1116 0.0146 1.0433  0.9171 1.0970  6.61 -
CRD 0.9216 0.1906 0.0356 1.1121  0.8860  1.1550  63.94 -
OSP-AD 0.8105 0.0978 0.0054 0.9083  0.8051 1.0924  256.58 -
SDA-SF 0.9348 0.1641 0.0247 1.0989 09100 1.1394 1.08 1.19
RGAE 0.9309 0.0547 0.0083 09856  0.9227 1.0464 0.89 0.41
Auto-AD 0.8642 0.1237 0.0313 09879  0.8329  1.0924 4.97 5.98
DeepLR 0.8926 0.1235 0.0145 1.0161  0.8781 1.1089  2.67 2.64
BiGAN 0.7385 0.2688 0.1385 1.0053  0.6001 1.1283  1.03 2.21
FBGAN 0.9069 0.0585 0.0133 09655 0.8936 1.0452  1.06 2.30
SC-AAE 0.9398 0.1175 0.0106 1.0531  0.9292 1.1069  12.64 0.34
VBIGAN-AD  0.9803 0.1728 0.0151 1.1531 09652 1.1577 2.81 1.32

Table 8

AUC scores and time consumption of the comparison methods on the Urban dataset.

Method AUCp fy AUCpry  AUCEq AUCrp AUGgs AUCopp Inference time/s  FLOPs/G
GRX 0.9848 0.2383 0.0344 1.2231 0.9505 1.2040 0.43 -
LSMAD 0.9897 0.2020 0.0230 1.1916 0.9667 1.1790 3.67 -
CRD 0.9864 0.2873 0.0260 1.2737 0.9604 1.2613 2.81 -
OSP-AD 0.9053 0.2240 0.0074 1.1292 0.8979 1.2166  150.78 -
SDA-SF 0.9837 0.2395 0.0281 1.2232 0.9556 1.2114 0.84 0.95
RGAE 0.7723 0.1954 0.0965 0.9677 0.6758 1.0989 0.21 0.26
Auto-AD 0.9843 0.3111 0.0207 1.2954 0.9635 1.2904 4.06 4.59
DeepLR 0.9837 0.2866 0.0214 1.2703 0.9623 1.2652 2.42 2.61
BiGAN 0.9121 0.5082 0.1621 1.4303 0.7523 1.3537 0.86 1.54
FBGAN 0.8305 0.1183 0.0369 0.7937 0.7937 1.0814 0.84 1.62
SC-AAE 0.9688 0.2625 0.0159 1.3555 0.9530 1.2466 9.96 0.24
VBIGAN-AD 0.9937 0.3979 0.0158 1.3916 0.9764 1.3821 2.25 0.90

Moreover, Tables 5 to 8 listed the inference time and the FLOPs
(floating point operations) of the detection algorithms.It is cleared
that the CRD, LSMAD and OSP-AD algorithms took longer infer-
ence time, making these algorithms much less applicable.The SDA-
FC and RGAE based on AE had less computational complexity and
fewer model parameters. Auto-AD obtained the highest FLOPs and
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SC-AAE had the longest inference time. The inference phase in the
BiGAN, FBGAN, VBIGAN just included the encoding and generating
which had less time consuming. Overall, the time consumption of
VBIGAN-AD is in a reasonable range of computational costs and
has an excellent detection performance, which has important ap-
plication prospects.
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Table 9
Comparison of AUC( Fy scores on each part of the VBIGAN framework.
Parts
Subnetwork Salinas Pavia Gulfport Los Angeles Urban
E G Ds DI VI
AE J N x X X 0.9642 0.9956 0.9643 0.9448 0.9901
VAE N v x x N 0.9562 0.9940 0.8808 0.9055 0.9133
GAN_Ds N v i X x 0.9859 0.9964 0.9553 0.9590 0.9925
GAN_DI v v x v X 0.9657 0.9950 0.9125 0.9620 0.9856
GAN_Ds_VI N v Vi X N 0.9882 0.9968 0.9692 0.9763 0.9893
GAN_Ds_ DI N v i N X 0.9714 0.9974 0.9528 0.9706 0.9912
VBIGAN N v v v J 0.9989 0.9990 0.9872 0.9803 0.9937
Table 10
Comparison of AUC ;, scores on each part of the VBIGAN framework.
Parts
Subnetwork Salinas Pavia Gulfport  Los Angeles Urban
G Ds DI VI
AE N v X X X 0.0326 0.0347 0.0327 0.0789 0.0719
VAE N v x X J 0.0685 0.0370 0.0591 0.0723 0.0855
GAN_Ds J v v X X 0.0171 0.0116 0.0202 0.0669 0.0136
GAN_DI N v x N X 0.0227 0.0382 0.0289 0.0268 0.0395
GAN_Ds_VI N v Vv X v 0.0175 0.0129 0.0134 0.0155 0.0241
GAN_Ds_ DI J N v v x 0.0198 0.0145 0.0213 0.0189 0.0162
VBIGAN N v V N N 0.0049 0.0120 0.0157 0.0151 0.0158
Table 11
Comparison of AUC scores for VBIGAN networks with different losses.
Loss Term Salinas Pavia Gulfport Los Angeles Urban
SAM FM  AUC (D,F) AUC (F,t) AUC (D,F) AUC (F,t) AUC (D,F) AUC (F,tr) AUC (D,F) AUC (F,t) AUC (D,F) AUC (F, 1)
x x 0.9897 0.0152 0.9941 0.0131 0.9765 0.0185 0.9781 0.0266 0.9851 0.0241
V x 0.9944 0.0120 0.9974 0.0160 0.9811 0.0136 0.9793 0.0138 0.9902 0.0185
x Vv 0.9961 0.0085 0.9968 0.0129 0.9842 0.0183 0.9852 0.0204 0.9894 0.0192
v v 0.9996 0.0049 0.9990 0.0120 0.9872 0.0157 0.9803 0.0151 0.9937 0.0158

4.4. Ablation experiments

1) Influence of the different subnetworks of VBIGAN framework

To verify the background learning ability and anomaly detection
performance of each part in the VBIGAN framework, seven differ-
ent sets of network structures are utilized to analyze the differ-
ent combinations of encoder E, generator G, sample discrimina-
tor Ds, latent discriminator DI, and variational inference VI. The
subnetworks of VBIGAN are named as AE, VAE, GAN_Ds, GAN_DI,
GAN_Ds_VI and GAN_Ds_ DI, which are consisted of different mod-
ules and listed in Table 11. Moreover, the settings of epochs, op-
timizer and learning rate are fixed all networks. AUCp ) and
AUCf 1y are utilized to evaluate the detection performance of the
model.

AUCp ry and AUC ;) of the various networks are reported in
Tables 2-11. Firstly, the AUC(p ry of the AE was obvious higher than
that of the VAE. The detection accuracy of the model could be fur-
ther enhanced in GAN_Ds_VI, and suboptimal values of AUCp F)
were obtained for the Salinas, Gulfport, and Los Angeles datasets.
The GAN_Ds_ DI achieved the secondly highest detection accuracy
on Pavia dataset. Combining the network framework of E, G, Ds,
Dl and the variational inference, the VBIGAN obtained the high-
est AUCpFy values on the five datasets. From the AUC(s ;) scores
obtained by the basic network model, VBIGAN, with a higher de-
tection accuracy, showed its superiority on the abnormal discrimi-
nation and background suppression.

2) Influences of the different losses in VBIGAN network

To verify the effects of spectral angle mapping (SAM) and fea-
ture matching (FM) loss on the anomaly detection performance of
the VBIGAN network, we define four forms of VBIGAN network
models. The first one is the prototype VBIGAN network without
spectral angle mapping and feature matching loss. The second and
third models are VBIGAN networks with the introduction of spec-
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tral angular distance and feature matching loss, respectively. The
fourth model is a prototype VBIGAN network that contains both
spectral angle mapping and feature matching loss. We only used
AUCpry and AUC( 1y to evaluate the detection performance and
the suppression background performance of the model, respec-
tively. The fourth model is a prototype VBIGAN network that con-
tains both spectral angle mapping and feature matching loss.

As shown in Table 11, taking the prototype VBIGAN network
as the benchmark, the AUCpp) and AUCk .y could be further
improved by using the networks with spectral angular distance
and feature matching losses, respectively. In addition, after adding
spectral angle mapping loss, the detection accuracy was slightly
improved by introducing feature matching loss. Further, the use of
spectral angle mapping and feature matching common constrained
helps the VBIGAN network model to achieve better detection per-
formance. Overall, the VBIGAN model is the best structure that
meets the anomaly detection expectations by adding a common
constraint of spectral angle distance and feature matching.

5. Conclusion

In this article, a variational background inference based on GAN
(VBIGAN) framework is proposed for hyperspectral anomaly detec-
tion. We develop a background modeling research in both model
design and loss construction to address the problems of inaccu-
rate background learning and spectral reconstruction. Firstly, to
avoid the turbulence of abnormal samples while enhancing the
stability of network learning, we propose the VBIGAN framework
based on variational inference. The VBIGAN framework establishes
two coupled GAN sub-networks, and separates the anomaly from
the background using reconstruction error autonomously. Then,
the composite loss function is designed to effectively ensure the
stable learning of background distribution characteristics. Experi-
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ments showed that the VBIGAN method achieves excellent detec-
tion performance on all hyperspectral datasets.The results of the
VBIGAN various subnetworks from ablation experiments indicate
that VBIGAN is of more robust to anomalies with a lower false
alarm rate. From the contrast experiments on five datasets, the de-
tection performance demonstrates the superiority of VBIGAN in de-
tecting anomalies and suppressing background.

In the future, hyperspectral clustering and image segmentation
methods can be investigated to extract pure background sample
elements for network training, which can improve the performance
of detecting backgrounds. In addition, a spatial convolution module
will be introduced to extract the spatial-spectral features, and to
improve the recognition of abnormal targets.
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