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Siamese network with pixel-pair for hyperspectral

image anomaly detection

Wang Degang''*, Rao Weiqiang''*, Sun Xu'", Qu Ying’, Liu Xuemei', Gao Lianru'
1. Key Laboratory of Digital Earth Science, Aerospace Information Research Institute (AIR) , Chinese Academy of Sciences,
Beijing 100094, China; 2. University of Chinese Academy of Sciences, Beijing 100049, China; 3. The University of Tennessee,
Knoxville, TN 37996, USA; 4. Spacecrafi Survival Technology and Effectiveness Evaluation Laboratory, Beijing 100085, China

Abstract: Objective The continuous improvement in spectral resolution promotes the development and progress of hyper-
spectral remote sensing technology. Hyperspectral remote sensing technology has broad application scenarios and great
application value and is a major research topic in the field of remote sensing. Anomaly detection of the hyperspectral image

is an important branch in the field of hyperspectral remote sensing, and it is widely used in the industry, geological explora-
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tion, and other fields. The number of anomalies in the scene is usually small, and the spatial and spectral characteristics
are different from the surrounding background. In the hyperspectral field, the spectral characteristics of pixels are usually
used to distinguish the background and anomalous targets, that is, the anomalous pixels in the image are searched through
the spectral differences. The detection methods based on a statistical model and traditional machine learning will have diffi-
culty building the background model because of the complexity of background pixels. They will also have difficulty selecting
the form of kernel function and building the background dictionary due to the lack of prior knowledge. Moreover, traditional
anomaly detection algorithms do not effectively mine the deep features of the spectrum, and the rich spectral information in
hyperspectral images is not fully utilized. Deep learning has great advantages in processing complex hyperspectral images,
and anomaly detection method using deep learning is still a frontier area worthy of exploration and has gradually become the
focus of research. Therefore, this study proposes a hyperspectral image anomaly detection method based on siamese neural
network with pixel-pair strategy. It uses deep learning technology to extract the deep nonlinear features of hyperspectral ima-
ges. This method aims to improve the accuracy of anomaly detection and promote the development of hyperspectral image
processing and application technology. Method The method of anomaly detection in the hyperspectral image based on sia-
mese neural network with pixel-pair feature (PPF-SNN) is divided into three steps. First, the idea of pixel-pair is adopted
to amplify training samples because of the scarcity of hyperspectral data samples with real labels and the need for a large
number of training data of the deep network model. Specifically, two pixels are randomly selected from the reference data
containing multiple types of ground materials for matching. If they come from the same labeled class, then the pair is
labeled as O; if they come from different labeled classes, then the label is 1. Compared with the original datasets, the num-
ber of new datasets obtained by pairing increases exponentially to meet the demand of a deep network for the number of
datasets. Second, we build a siamese network model with a feature extraction module and feature processing module. The
branch network of the feature extraction module adopts the convolutional neural network (CNN) structure with weight sha-
ring, which contains 10 convolutional layers. The feature processing module concatenates the input feature pairs and then
extracts the difference features of pixel pairs through a convolutional layer, while the pixel pairs are classified through the
fully connected layers. The module uses the extracted pixel pair features to measure the similarity of the input pairs. Then,
the new training dataset is used to train the model, and the trained classification model is transferred to the detection
process with fixed parameters. Third, the sliding dual-window strategy is used to pair the test set, and the test pixel pair
dataset is sent to the network model. Next, the difference score of each pixel compared with the surrounding background
pixels is obtained. If the score is close to 1, then the pixel under test tends to be anomalous. If the score is close to 0, then
the pixel under test is close to the background. Using this principle, we can identify the anomalous targets in the test
scene. Result To verify the effectiveness of the proposed algorithm, the experimental part selects two scenes from the San
Diego dataset and one scene from the ABU-Airport dataset and uses the traditional algorithms like global RXD (GRXD) ,
local RXD (LRXD), and collaborative representation-based detector (CRD) and the anomaly detection algorithm based on
convolutional neural network with pixel-pair feature ( PPF-CNN) as the comparative algorithms. The receiver operating
curve (ROC) of each algorithm is drawn, and the corresponding area under the ROC curve (AUC) value is calculated as
an evaluation index of algorithm performance. In the anomaly detection experimental results of the three scenes, the pro-
posed PPF-SNN has the highest AUC values of 0. 993 51, 0. 981 21, and 0. 984 38, respectively. It can ensure the highest
detection rate while keeping the false alarm rate low. The performance of PPF-SNN has obvious advantages over traditional
algorithms and PPF-CNN algorithm. Conclusion The proposed hyperspectral image anomaly detection method based on sia-
mese neural network can extract the deep spectral characteristics of the input pixel pair. According to the difference in its
characteristics, the network will learn the distinction between the two. Thus, it can effectively provide the anomaly score of
the pixel under test relative to the surrounding background. Compared with PPF-CNN, the proposed method can effectively
reduce false alarms. It can also highlight anomalous targets more obviously, improve the detection rate, and exhibit stronger
robustness than traditional methods.

Key words: hyperspectral image ; anomaly detection; deep learning; siamese neural network; pixel-pair strategy; sliding

dual-window
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siamese neural network with pixel-pair features

PR N FEARGE S KRR R [ e {1,2,-,
nt o X NI ANMEOT P, F1 P, A BUR R
XF P, TR ZE X HAR 2 e LR
0 I,=l,=L(l=1,2,,n)
Label(P,,) = (1)
11 #l,

A1, L, a3 MgoT P, R P, 9RRZ, (1) &
7N AR OT R A [a]—38 51 R Z 0 AR 48 E
RO,k AARRIZER e S 1, B2 @R T
BERTN Emg BY B A LS AT LUE ), A i 1A
B0 S 5ds B REPLE O A5 oT, —F Ak A TR
— 0, WA Gig i e b EHA TR SR AP 5 an 2Rk
H AN RIS, I =35 i i 2 22 kiR

i 3 kA AT DU e RO K
(AR BE B KB R B v 45 3 % i A 31 28 4= o
2228 I 48R 2 20 i AREAR 1 22 S PR ARRAE
LRI GE 0 7SS AR ABT R TT LB ) S AR A A9 AR AR
25 B TR R R A mT U T XA R H
FRANTE S )
1.2 RGBT EMHER LK

AR PR 0 45 (SNIN ) S A 1y AR 22 ] AH AL
PR ) TR B RAUR A 2850 B0 4
22 265 J P LATE ARG 4 25 ] B S5 18 PR S A ] o, 3
i I R A A AR ROR A e A\ B d 1 DR BC R
JE | IR UR IS SNN — R FH 2 T B 4 BBURAAIE ] 2 D I
FF R 0T LU 08 % pRBSCR AT AL I 2% | BEAR 2 48 G 4] 3
JI7R o ASSOO AR SNN 25 48 rh (A 4 47 11E 1] 2 2R
FZHATECHE , I A i X oA 2% oR B 4T I 4%
SR e PSRRI AT 1 5 511 HT

1863



1864

A—1
PEBERBEFFIR
JOURNAL OF IMAGE AND GRAPHICS Vol.26,No. 8,Aug. 2021
4000
3000
i
2 2000 —
/ B —_—| PR 0
1000
0 m N
0 50 100 150 200 250
|| meblm | WEB
MG LEES
6 000
o i 4000
#2000 —_—

N
0 50 100 150 200 250

W
PNTES
K2 ARRECXT SRS
Fig.2 Pixel-pair strategy
N Hin2 5% 1 g%2
] {1 I
Mg | — W — | W% . 1 B
! N
l l - — L —
HHEL 2 i _i B i_ i
| I i'___________________________________i______l_____i:'_'_______________'_______'_'______i
| L R o
ST HE B AR i RFEALHR

B3 ZRE 2R 2% (SNN)

Fig.3 Siamese neural network
25K 2 2 B AN ) 22 St TN R0 A AR R X
MIFRRIRREE . BT ASCRT A I 25 B RO B T i
Iy SN FP ] FH 9 A S 52 10 298 i JBOREXS A A KRR A 1Y
FARGER , JF e 2 00 % s S i 1 O &R 1Y 22 5+
PE, Bt AT AT LU — Rl 28 A4 p 2% AR SCise i i
TR G S G D 1 2 A o 22 I 28 R A5 2R T
SRR 25 A W 22 4% ( PPR-SNN) |, 25 F9 N I&] 4 FF 7R,
Hovp 2 A0 5 PSS - A $i ORI R R ik A 2
B FRAESR U 1) 0 S 28R ] T AU E Y
CNN ZE#)  RRAE A PR B ) P 5 AR 2 4 i 12 2 3
P9 KA 55 o

VERG R 1) 2 R AE 4 B2 19 CNN 2544 &l 5

Fis iz — 2 10 M ERUZ, g 1 ~9
MEPUZ(C1 ~ CO) ¥R 1 x 3 &R, H 5
HA it & 13 — 4k ( batch normalization, BN ) JZ Hl
ReLU i eRE, 37 m i B LA B2 T e 330 vk i i

B4 AR FRBECXRRAEZEA 1 ZE [ 45 ( PPF-SNN)

Fig.4 Siamese neural network with pixel-pair features

LA RARUE W 28 7] LASE Y 5 b, T AE — 2 R b B
1ERIZ8 I R 1 Bt G AU S . CNN A% A2
KA1 x 224 PR FEICIE S B, B TH AR N
1 A8 I S BIRLR T 1 4E B BURE, K
FRES 1 ORISR 2 M ERFRZ (CL AT C2) R T 8 AR/
M1 x 3 BB, WK R 1, T RIE e
TR TR EEANAS  SEi R T R B e i 5 =X, Rt
ATLAEE) 8 MR/ R 1 x 224 HIFRAER], 7EiX B %
BT s RN 2 BB RUZE (Hlhn €3,05,C7 S5) 1
HERFE)Z B A5 20 A SRR AE R BE D F: | 30 Rt
KIS E B, AT R e B E R R,
BE R AR K H R34 (A 8 B Rk 16 .32 DL K&
64) ., Bl I 2 (0 U B 3 0, i AR R R e
FERT LABE PR ER O, I FLI5 5 15 2 00 R AE 38 1A %
P, 2355 9 MEZE (C9) )5, i35 64 AN ERE
LRGN T x 14 ORI RHT T x 1 G RRZ#ET 4y



52645 /58H1/2021 &8 8

ERE, RBE, 78, RRE, XWEE, SEN
SEEENBHGRERMNSEEGREGD

IE T 380 T8 [ P B, Bre AR 5 1 x 14 I AR 30
R, I, AR R FERI TAEC 258K,
FHERIR

fiN S | <224

BRZ:C1~C2
#ZRSF:1x3

a8
ey +71
8

C3~C4 224

C3 K=
-

w16

C5~C6 112
Cs: k=2

K32

32

C7~C8 56
CTHK=2

64

16x112

64x28

CoO-HK=2
64

64x14
C10
RS 11
K1
1% FRHE

— 1 1x14
14

K5 RRAESR USSR

Fig.5 Feature extraction module
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Fig. 9 Results of anomaly detection on San Diego-1 dataset
((a) pseudocolor; (b) ground truth;(¢) GRXD;(d) LRXD;(e) CRD;(f) PPF-CNN;(g) PPF-SNN(ours) )
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Results of anomaly detection on ABU-Airport dataset

((a) pseudocolor; (b) ground truth;(¢) GRXD;(d) LRXD;(e) CRD;(f) PPF-CNN;(g) PPF-SNN(ours) )
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Table 1 AUC values of different algorithms under

different window sizes on San Diego-1 dataset

i GERFS
KR/N GRXD  LRXD  CRD  PPF-CNN PPF-SNN
3 x5 0.560 38 0.783 90 0.964 31 0.987 21
5x7 0.545 85 0.810 41 0.973 60 0.990 52
7 x9 0.638 09 0.83540 0.980 00 0.992 22
0.909 15
9x11 0.736 94 0.916 52 0.982 24 0.992 51

11 x13 0.801 16 0.966 80 0.988 07 0.992 87
13 x15 0.798 30 0.981 11 0.990 05 0.993 51

TE O AR BB B AR
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Fig. 12 ROC curves of different detection

algorithms on San Diego-1 dataset
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Fig. 14 ROC curves of different detection

algorithms on ABU-Airport dataset
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Table 4 Processing time of different anomaly detection

algorithms on experimental dataset

/s
(ER7S 3x5 M 13x15 % H
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