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Abstract: Due to the challenge of high dimensionality, insufficient utilization of spatial-spectral information
and limited local structure property expression in hyperspectral images, a hyperspectral anomaly detection
algorithm based on 3D convolutional autoencoder and low rank representation is proposed in this paper.
Firstly, the spectral-spatial features of hyperspectral images are extracted by 3D convolutional
autoencoder. In order to precisely represent the local similarity, a new loss function is proposed to constrain
the central pixel and it's surrounding pixels to extract more discriminative features. And then, the Density
Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm is used to construct the
background dictionary, and the abnormal region is separated by low rank representation on the feature map.
Finally, the detection result is obtained by fusing the reconstruction error obtained by 3D convolution
autoencoder and abnormal region detection result. We carry out objective and subjective anomaly detection
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experiments on two real hyperspectral datasets. The results demonstrate that the proposed algorithm detect
abnormal targets more accurately compared with other algorithms.

Key words: Hyperspectral imagery; Anomaly detection; 3D Convolution; Autoencoder; Low rank
representation
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Fig. 1 Framework of the proposed method
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Table 1 The Architecture of 3D-CAE

Block Layer Input size Kernel size Strides Output size
Convl 189X 5X5X1 1X3X3 1X1X1 189X 3X3X12
BN-+LRelLu — — — 189X 3X3X12
Conv2 189X 3X3X 12 3IX1IX1 3IX1IX1 63X 3X3X24
Encoder BN—+LRelLu — — — 63X 3X3X24
Conv3 63X 3X3X24 1X3X3 1X1X1 63X 1X1X36
BN-+LRelLu — — — 63X 1X1X36
Conv4 63X 1X1X36 3IX1IX1 3IX1IX1 21X 1X1X48
BN+ Sigmoid — — — 21X 1X1X48
Deconvl 21X 1X1X48 3X1X1 3X1X1 63X 1X1X36
BN-+LRelLu — — — 63X 1X1X36
Deconv2 63X 1X1X36 1X3X3 1X1Xx1 63X 3X3X24
Decoder BN—+LRel.u — — — 63X 3X3X24
Deconv3 63X 3X3X24 3X1X1 3X1X1 189X 3X3X12
BN—+LRelLu — — — 189X 3X3X12
Deconvd 189X 3X3X 12 1X3X3 1X1Xx1 189X 5X5X1

BN — — — —
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Fig. 2 The AVIRIS-1 dataset Fig. 3 The AVIRIS-2 dataset
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Table 2 The AUC value of different methods in two datasets
Dataset RXW WLRX, CRD LRASR DAEAD RC-LRaSMD Proposed
AVIRIS—1 0.9111 0.944 5 0.972 5 0.989 6 0.977 4 0.989 9 0.993 2
AVIRIS—2 0.940 3 0.967 5 0.951 2 0.909 6 0.957 3 0.990 1 0.9914
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Table 3 Analysis of the results of different steps of the Proposed algorithm

Method AVIRIS-1(AUC) AVIRIS=2(AUC)
@ 3D—Conv+RX 0.954 0 0.962 2
® 3D-Conv+LRR 0.991 6 0.988 9
® 3D-Conv+LRR(K-means) +RE 0.990 8 0.990 1
@ 3D-Conv(MSE) +LRR+RE 0.977 2 0.977 4
©) 3D-Conv +LRR+RE 0.993 2 0.991 4

0410003-11



T o AR

TR AR A5 ST S R M L TR AR 9 RX RS 7 i SDCAE 2 U ¥ 7 FRAE L4 RX 5%
PG T w9 AUCE, FIRE 7R AR AR F A A LRRAWAR T 4 LRASR 5505 , REG8 B ] 3D & AU fr 46
S W IEHAVE R . OMO@A LA, @A i SDCAE 15 51 (19 51k 15 22 RE 0% JE — 25 48 S A TURS 1, i idid
W T HE A R 22 RE A8 S W SR R SR A A IS DL L AR L T R XL R KR A A B B IRE . OO
AT BLA Y, 2 2R I 15 2R il DBSCAN B, BB 65 3 BUHT & 19 AUC fH , X B8 I 72 A SCROAHERL T,
DBSCANHIAHIE S M s H 55 . OO, n] LU H A SCHT S 15 2% ok B0 R, A B e H o A6
B R 5 R FR R BA — 5 BRI SN , 00 PR 2855l RH S RE 8 2 o e o A6 DUKS 22 o

3 #ig

3D 5 BLARE A [ b 42 Js AL FDE 65 B, A 80 & 1 5w A I H AR BORRAE SR I, A SCHE T 3D & 81, Al ]
AE S5 R FEAT JC M BHRRAE SR I, ] I 45 45 LRRORZEAT S A2 o h 1 B0 iE BT $2 5805 i A7 28t , A TAE P
H B S R G 1 R A 1 (R 6 P S ARG SRk R AT X L A, SEER A5 SR W] AR M Bl 4R S I E ROk
ARG A8 SCHE 2 IUAS 1 SR B A R 0 285 5 o [R] ISy 7 S I AR ST i 45 R o B0 LA B % A A0 R X e 44 A ) 4 SR 1Y
SEA FATTBC T X8 R A 2 5000 A S 0 T S B, SR 45 SRR W], DBSC AN B30k Y W > 32 28 2 00 4 3t o it
AR FE R T T Rl S 56 45 R R W AR SO HE R B B — 2D A BE $2 v B A IS S, WAIE B TR 3D 4 R
M LRR &S GERI G HIE . J350 AR SCRIETA — 288 2 | il S 80K 2 55 R, 78 ARk T AR, A TR
] A0 2 K, 4 v AR ) 8 R e, O IS 2 ) i A ok E — 2B PR3 3D A5 BRAE S 4G DN 5 1T 14 T
S 2% Lk
[1] ZHANG Xing, WEN Gongjian, DAI Wei. A tensor decomposition—based anomaly detection algorithm for hyperspectral
image[J]. IEEE Transactions on Geoscience and Remote Sensing, 2016, 54(10): 5801-5820.
[2] Reed S, YU Xiaoli. Adaptive multiple-band CFAR detection of an optical pattern with unknown spectral distribution[J].
IEEE Transactions on Acoustics, Speech, and Signal Processing, 1990, 38(10): 1760-1770.
[3] MOLERO J, GARZON E, GARCIA I, et al. Analysis and optimizations of global and local versions of the RX algorithm
for anomaly detection in hyperspectral data[ J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 2013, 6(2): 801-814.
[4] GUO Qiandong, ZHANG Bing, RAN Qiong, et al. Weighted-RXD and linear filter-based RXD: Improving background
statistics estimation for anomaly detection in hyperspectral imagery [J] IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2014, 7(6): 2351-2366.
[5] KWON H, NASRABADI N. Kernel RX-algorithm: a nonlinear anomaly detector for hyperspectral imagery [J]. IEEE
Transactions on Geoscience and Remote Sensing, 2015, 43(2): 388-397.
[6] LI Wei, DU Qian. Collaborative representation for hyperspectral anomaly detection[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2015, 53(3): 1463-1474
[7] MA Ning, PENG Yu, WANG Shaojun. A fast recursive collaboration representation anomaly detector for hyperspectral
image[J]. IEEE Geoscience and Remote Sensing Letters, 2018, 16(4): 588-592.
[8] SU Hongjun, WU Zhaoyue, DU Qian, et al. Hyperspectral anomaly detection using collaborative representation with
outlier removal[J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2018, 11(12) :
1-10.
[9] LI Jiayi, ZHANG Hongyan, ZHANG Liangpei, et al. Hyperspectral anomaly detection by the use of background joint
sparse representation[J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2015, 8
(6): 2523-2533
[10] LI Shuangjiang, WANG Wei, QI Hairong, et al. Low-rank tensor decomposition based anomaly detection for
hyperspectral imagery[ C ]. 2015 IEEE International Conference on Image Processing, 2015, 4525-4529.

[11] WANG Wei, LI Shuangjiang, QI Hairong, et al. Identify anomaly component by sparsity and low rank[C]. 2015 IEEE
7th Workshop on Hyperspectral Image and Signal Processing: Evolution in Remote Sensing, 2015, 7(6): 1-4.

[12] ZHANG Yuxiang, DU Bo, ZHANG Liangpei, et al. A low-rank and sparse matrix decomposition-based Mahalanobis
distance method for hyperspectral anomaly detection[J]. IEEE Transactions on Geoscience and Remote Sensing, 2015, 54
(3): 1376-1389.

[13] SONG Shangzhen, ZHOU Huixin, YANG Yixin, et al. Hyperspectral anomaly detection via convolutional neural
network and low rank with density-based clustering[J]. IEEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 2019, 12(9): 3637-3649.

[14] QU Ying, WANG Wei, GUO Rui, et al. Hyperspectral anomaly detection through spectral unmixing and dictionary-

0410003-12



PN DT, 45 BT 3D 5 B E Zh i i 4% R AR 35 14 DG 1% S A

based low-rank decomposition[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2018, 56(8): 4391-4405.

DU Qian, LI Wei, WU Guodong. Transferred deep learning for anomaly detection in hyperspectral imagery [J]. IEEE
Geoscience and Remote Sensing Letters, 2017, 14(5): 597-601.

MA Ning, PENG Yu, WANG Shaojun, et al. An unsupervised deep hyperspectral anomaly detector[J]. Sensors, 2018,
18(3): 693.

ZHAO Chunhui, LI Xueyuan , ZHU Haifeng. Hyperspectral anomaly detection based on stacked denoising autoencoders
[J]. Journal of Applied Remote Sensing, 2017, 11(4): 042605

ZHAO Chunhui, ZHANG Lili. Spectral-spatial stacked autoencoders based on low-rank and sparse matrix decomposition
for hyperspectral anomaly detection[J]. Infrared Physics & Technology, 2018, 92: 166-176.

LEI Jie, XIE Weiying, YANG Jian, et al. Spectral-spatial feature extraction for hyperspectral anomaly detection [J].
IEEE Transactions on Geoscience and Remote Sensing, 2019, 57(10): 8131-8143.

J1 Shuiwang, XU Wei, YANG Ming, et al. 3D convolutional neural networks for human action recognition[J]. IEEE
transactions on pattern analysis and machine intelligence, 2012, 35(1): 221-231.

MEI Shaohui, JI Jingyu, GENG Yunhao, et al. Unsupervised spatial-spectral feature learning by 3d convolutional
autoencoder for hyperspectral classification [J]. IEEE Transactions on Geoscience and Remote Sensing, 2019, 57 (9) :
6808-6820.

SHI Yanzi, LI Jiaojiao, YIN Yaping, et al. Hyperspectral target detection with macro—micro feature extracted by 3-D
residual autoencoder[J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2019, 12
(12): 4907-4919.

ESTER M, KRIEGEI H, SANDER J, et al. A density—based algorithm for discovering clusters in large spatial databases
with noise[J]. In Kdd, 1996, 9634: 226-231.

ZHANG Xiaohu, ZOU Yuexian, SHI Wei. Dilated convolution neural network with LeakyRel.U for environmental sound
classification[ C ]. In 2017 22nd International Conference on Digital Signal Processing, 1-5.

YANG Qingsong, YAN Pingkun, ZHANG Yanbo, et al. Low—-dose CT image denoising using a generative adversarial
network with Wasserstein distance and perceptual loss[J]. IEEE transactions on medical imaging, 2018, 37(6) : 1348~
1357.

KRUSE F, LEFKOFF A, BOARDMAN W, et al. The spectral image processing system (SIPS) —interactive
visualization and analysis of imaging spectrometer data[ C]. In AIP Conference Proceedings, 1993, 283(1): 192-201.

LI Ailin, SHANG Zhaowei. A new spectral-spatial pseudo-3d dense network for hyperspectral image classification [ C].
2019 International Joint Conference on Neural Networks (IJCNN),IEEE, 2019: 1-7.

XU Yang, WU Zebin, LI Jun, et al. Anomaly detection in hyperspectral images based on low-rank and sparse
representation[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2016, 54(4): 1990-2000.

CANDES E, LI Xiaodong, MA Yi, et al. Robust principal component analysis? [J]. Journal of the ACM (JACM) ,
2011, 58(3): 1-37.

SUN Weiwei, LIU Chun, LI Jialin, et al. Low-rank and sparse matrix decomposition-based anomaly detection for
hyperspectral imagery[J]. Journal of Applied Remote Sensing, 2014, 8(1): 083641.

TAGHIPOUR A, GHASSEMIAN H. Unsupervised hyperspectral target detection using spectral residual of deep
autoencoder networks[C]. In 2019 4th International Conference on Pattern Recognition and Image Analysis (IPRIA) ,
IEEE, 2019: 52-57.

MA Yong, FAN Ganghui, JIN Qiwen, et al. Hyperspectral anomaly detection via integration of feature extraction and
background purification[ J/OL ]. IEEE Geoscience and Remote Sensing Letters, DOT: 10.1109/1.GRS.2020.2998809.

Foundation item: National Natural Science Foundation of China (No.62076199) , National Defense Science and Technology Innovation
Special Zone Project (No. XXX~-ZT-00X-014-01) , China Postdoctoral Science Foundation (No. 2019M653784) , Key Laboratory of
Spectral Imaging Technology of Chinese Academy of Sciences (No.LLSIT201801D)

0410003-13



	目次
	光纤光学与光通信
	卫星激光通信发展现状与趋势分析（特邀）（封面论文）
	基于蒙特卡洛法的水下无线光传输特性分析
	基于微波相位补偿的56 km高精度光纤微波频率传递
	基于白光扫描干涉法的光纤折射率分布的测量

	大气与海洋光学
	亚稳态氦共振荧光激光雷达系统方案比较分析
	格尔木地区整层大气臭氧浓度激光外差测量与反演研究
	像差及湍流对90°空间光混频器性能的影响研究
	连续模式相干测风激光雷达性能优化分析及实验研究

	激光与激光光学
	激光冲击对E690高强钢激光熔覆修复微观组织的影响
	多晶硅表面周期性微结构的激光制备与性能研究

	光学器件
	SOI波导反射模式的古斯-汉欣空间位移效应及其数字式热光开关
	基于顶发射有机发光二极管的二阶微腔长度性能研究
	一维非厄密光子晶格中分叉可调无衍射光传输

	探测器
	微通道板结构参数对噪声因子的影响
	同步扫描管时空分辨特性研究（英文）

	材料
	光学透明红外与雷达兼容隐身复合超表面
	碱金属离子，Gd3+，Ce3+共掺杂的Lu3Al5O12陶瓷粉体的光学性能

	计算机视觉
	基于激光点云多条件约束的相机检校方法
	基于折反射全景相机的视觉里程计研究

	光谱学
	集成滤光片型近红外光谱组件的时空域性能改善研究（英文）
	光声光谱多组分气体分析仪的交叉干扰特性研究

	仪器，测量，度量学
	基于低体分SiC/Al主镜框的空间相机主支撑结构热特性分析与验证
	基于多视场星点椭圆率的望远镜主动准直方法

	图像处理
	基于可能性分布联合落影的红外图像融合算法选取
	基于稀疏表示和学习图正则的高光谱图像特征提取
	基于3D卷积自编解码器和低秩表示的高光谱异常检测


	Contents
	Fiber Optics and Optical Communications
	Development Current Status and Trend Analysis of Satellite Laser Communication(Invited)(Cover Paper)
	Analysis of Underwater Wireless Optical Transmission Characteristics Based on Monte Carlo Method
	High-resolution Microwave Frequency Dissemination via 56 km Optical Fiber Based on Microwave Phase Compensation
	Measurement of Optical Fiber Refractive Index Distribution Based on White Light Scanning Interferometry

	Atmospheric and Oceanic Optics
	Comparative Analysis of Metastable Helium Resonance Fluorescence Lidar Systems
	Measurement and Concentration Inversion of Ozone in Golmud by Laser Heterodyne Spectrometer
	Research on Influence of Aberration and Turbulence on Performance of 90 ° Space Optical Hybrid
	Performance Optimization and Experimental Research of Continuous Wave Coherent Wind Lidar

	Lasers and Laser Optics
	Effect of Laser Shock on Microstructure of the Repair Layer of E690 High Strength Steel by Laser Cladding
	Laser Fabrication and Performance of Periodic Microstructure on Polycrystalline Silicon Surface

	Optical Devices
	Digital Thermo-optic Switch of SOI Waveguide Based on Goos-Hänchen Spatial Shift of Reflected Mode
	Second-order Microcavity Length Based on Top-emitting Organic Light-emitting Diodes
	Bifurcation-tunable Diffractionless Light Propagation in One-dimensional Non-Hermitian Photonic Lattice

	Detectors
	Influence of Microchannel Plate Structure Parameters on Noise Factor
	Spatio-temporal Resolution Studies on a Synchronous Streak Tube

	Materials
	Optically Transparent Hybrid Metasurfaces for Low Infrared Emission and Wideband Microwave Absorption
	Alkali Metal Ion, Gd3+, Ce3+ Co-doped Lu3Al5O12 Optical Properties of Ceramic Powder

	Machine Vision
	Camera Calibration Method with Multi-condition Constraints Based on Laser Points
	Research on Visual Odometry Based on Catadioptric Panoramic Camera

	Spectroscopy
	Improvement of LVF-based NIR Spectral Sensor on Both Spatial and Time Domains
	Cross Interference Characteristics of Photoacoustic Spectroscopy Multi-gas Analyzer

	Instrumentation, Measurement and Metrology
	Thermal Characteristics Analysis and Verification of Primary Supporting Structure for Spaceborne Camera Based on  Low Volume SiC/Al Primary Mirror Frame
	Active Alignment Method of Telescope Based on Star Ellipticity of Multi Field of View

	Image Processing
	Infrared Image Fusion Algorithm Selection Based on Joint Drop Shadow of Possibility Distributions
	Feature Extraction of Hyperspectral Image Based on Sparse Representation and Learning Graph Regularity
	Hyperspectral Anomaly Detection Based on 3D Convolutional Autoencoder and Low Rank Representation



