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K, ieFBEEELR, FRIURES, TR
R EHER . R T, S A A
SRR R SR AT B A ER . o v X LE R
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e G TR B B m dE R RS ), SE 42 AL
i A AR L PR AR T B A IS B, (R A R Y
VRPN S R B 2 S B0 A A v 1 [
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2017), MI7 ka4 5 TR IR O 22 3 B R
PR 5L, DTSRRI 25 R

SR, H T D 1 i SR PR B L DB
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AN BEAR 3 5 v G BB R A B, )=
T SCAR B e LU B HERR 1 RAE o B i Bk T
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The flowchart of the background memory model for hyperspectral anomaly detection

SRETIEEE AT

Fig. 1

b s \|
| {Ua~¢tfﬁ&¢@HDBSCAN*ﬂ&]—>(%ﬁi ]I
| |

S S

R

A T

THT AT

%—,ﬁﬁzfﬁﬁél ,[ .~
[“W, " KR ]

P2 T 1] e T S G A T ST AR R R R ]
Fig.2  The algorithm flowchart of the background memory
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Fig. 6 ROC curves for compared methods on different data sets
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Fig. 7 The discrimination analysis of the proposed and compared methods
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Table 3 AUC scores of (P,,P,) on different data sets for

ablation study

BERD, BMERD, BBV, AR ATk
Cuprite 0.99870 0.99356 0.99393 0.99994
ABU-1 0.98995 0.99017 0.98618 0.99771
ABU-2 0.99249 0.99282 0.99375 0.99690
ABU-3 0.98470 0.98454 0.98661 0.99260
HYDICE 0.99946 0.99941 0.99911 0.99978
YE 0.99306 0.99210 0.99191 0.99739
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Table 4 AUC scores of (P,,7) on different data sets for
ablation study

BERD, BERD, BV, AN
Cuprite 0.24130 0.02442 0.02080 0.05164
ABU-1 0.02319 0.10074 0.10360 0.00258
ABU-2 0.00742 0.00674 0.00617 0.00094
ABU-3 0.01143 0.01145 0.01103 0.00262
HYDICE  0.00832 0.00566 0.00803 0.01628
HH 0.05833 0.02980 0.02993 0.01481
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Table 5 Running time of different compared methods on

different data set

/s

i Cuprtite  ABU-1 ABU-2 ABU-3 HYDICE
LSMAD 100.61 20.91 22.32 22.39 14.42
FRFE 66.55 15.83 16.86 16.54 10.59
AED 542 0.32 0.31 0.33 0.30
ADLR 1654.79 1098.82 1179.36 1178.26  745.59
LSDM-MOG  276.62 56.45 60.92 61.35 31.08
AAE 72.83 48.36 51.91 51.32 32.82

ARSI 19.75 13.12 13.57 13.15 12.68
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A background memory model for hyperspectral anomaly detection

XIE Weiying, ZHONG Jiaping, LI Yunsong

State Key Laboratory of Integrated Services Networks, Xidian University, Xi’an 710071, China

Abstract: Hyperspectral images (HSIs) have a wealth of continuous spectrum information, covering hundreds of bands from visible light to
infrared wavelengths. The data characteristics of HSIs give it a unique advantage in harnessing the inherent attributes of the spectrum in
image processing. This advantage is conducive to making full use of spatial and spectral information and detecting targets in the region of
interest. However, due to the high dimensionality of hyperspectral data, the complexity of actual scenes, and the limited number of labeled
samples, hyperspectral anomaly detection faces the problem of indistinct background and anomalies and low detection accuracy. Therefore,
we propose a background memory model for hyperspectral anomaly detection. First, the pseudo background and anomaly vectors are
obtained through an unsupervised rough inspection method based on density estimation. Second, we design a background memory
generation adversarial network model based on anomalous prominent regular term constraints. Moreover, we expand the distance between
the false background and false anomalies in a weak supervision-pseudo-label manner. Thus, the network has a strong background generation
ability while the effect on anomaly reconstruction is weakened, which reduces the generalization of background and anomaly reconstruction
and enhances the difference and discrimination between background and anomaly. We also perform adversarial learning in the feature
domain and image domain to improve sample generation ability, enabling better learning of the distribution of input samples and strengthening
the capability to generate background. Finally, a nonlinear background suppression method is introduced to reduce the false alarm rate and
further improve the detection accuracy. The experimental results show that our model has a better detection effect on different datasets than
other detection algorithms.

HSIs have continuous spectral information of hundreds of bands, which make it possible to capture the deep and intrinsic characteristics
in a spectrum. However, due to the high dimension of HSI, the complexity of the scene, and the limitation of labeled samples, hyperspectral
anomaly detection remains a challenge. To solve the abovementioned problem, we propose a generative adversarial network with anomaly-
highlighted regularization and train it in a weakly supervised manner. We aim to separate the anomaly and background vectors to make the
difference more obvious and obtain a more accurate detection map.

In this paper, we propose a background memory generative adversarial network for hyperspectral anomaly detection. First, we obtain
the pseudo background and anomalies through unsupervised coarse detection based on density estimation as the input of the network. Next,
to reduce anomaly contamination in background estimation, we impose the constraint of anomaly-highlighted regularization to expand the
distance between the background and anomaly. In the weak supervised pseudo labeling training mode, the network can reconstruct
background vectors well but gains poor performance for anomaly reconstruction. Besides, there are two discriminators in the latent and
reconstruction domains, which aim to improve the ability of background generation and estimation. Finally, we perform nonlinear background
suppression on the detection map as post-processing to reduce the false alarm rate.

Compared with other new algorithms with good performance, the proposed method has better detection results in both quantitative and
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qualitative aspects of different datasets. The AUC score of (P,, P,) achieves the highest value across different datasets and outperforms other
algorithms and has the advantage of an order of magnitude. For example, the AUC score of (P,, P) achieves 0.99771 for the ABU-1 dataset,
while the AUC score of (P, 7) is 0.00258, which outperforms the second-best algorithm AED with scores of 0.99760 and 0.02230,
respectively. The visual results are consistent with the qualitative results as well. The ROC curve locates near the upper left corner. Under
the same false alarm rate, the proposed method has the highest accuracy for most datasets, obtaining higher detection probability and lower
false alarm rate, and has better detection performance. The box plot likewise reveals that the background and anomaly of this method are
more separable.

In this paper, we propose a generative adversarial network memorizing background for hyperspectral anomaly detection. Different from
our previous work, we obtain the pseudo background and anomaly vector adaptively in an unsupervised manner to solve the problem of the
small number of anomaly samples and lack of prior information. Based on weakly supervised pseudo-labeling learning, we aim to model a
hyperspectral anomaly and background vector. As a result, the network can reconstruct background data well but performs poorly on
anomaly vector reconstruction. We also apply the constraint of highlighting an anomaly regular term in the network to enhance the separability
between background and anomaly. Finally, we perform post-processing of nonlinear background suppression to reduce the false alarm rate
under the same detection accuracy. Experimental results show that the proposed method can achieve better detection performance than other
algorithms on different datasets.

Key words: remote sensing, GAN, hyperspectral image, anomaly detection, weakly supervised learning, unsupervised learning
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