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Abstract: To fully utilize the spatial and spectral information of hyperspectral images and suppress image
noise, a hyperspectral anomaly detection method based on local contrast and multidirectional gradient analysis
is proposed. First, to leverage local spectral information, a local contrast strategy is introduced, generating a
spectral detection score map based on the brightness difference between the target and the background. Then,
to reduce computational complexity, a spectral fusion-based dimensionality reduction technique is proposed
to process hyperspectral images. In addition, a local multidirectional gradient feature method is proposed to
reduce image noise, retain local detail features, and generate a multidirectional gradient detection score map.
Finally, the anomaly result map is obtained by fusing the spectral and gradient-based score graphs.
Experimental results on four classical datasets demonstrate that the proposed method can successfully display
abnormal targets in the result graph, achieving higher detection accuracy and lower false alarm rates compared
to seven existing methods.
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Fig.6 ROC curves of different algorithms on four data sets (Pp,Pr)
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Table 1 AUCo,p values of different algorithms on four datasets
Dataset Method
GRX LRX LRASR LSMAD CRD GTVLRR AHMID HLSC-MDGF
Gulfport 0.9525 0.9810 0.9563 0.9864  0.8862 0.9843 0.9857 0.9960
HYDICE 0.9931 0.9850 0.9788 0.9902 09811 0.9817 0.9770 0.9951
San DiegoI  0.9411 0.9748  0.9859 0.9830 0.9298 0.9943 0.9928 0.9991
San Diego II  0.9832 0.9807  0.9661 0.9870  0.9788 0.9957 0.9845 0.9912
—— GRX LRX —— LRASR LSMAD CRD GTVLRR —— AHMID —— HLC-MDG

1
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0.6
Pp
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0
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7 AR EA RS H ROC #Zk (Po, ©
Fig.7 ROC curves of different algorithms on four data sets (Pp, 7)
F2 MRS EAFEER AUCD,off
Table 2 AUCp,y values of different algorithms on four datasets
Dataset Method
GRX LRX LRASR LSMAD CRD GTVLRR AHMID HLSC-MDGF
Gulfport 0.0736  0.1447 0.2174 0.3797  0.0093 0.4438 0.2436 0.3860
HYDICE 0.2189 0.3031  0.5314 0.2337  0.3384 0.2166 0.3987 0.4143
San DiegoI  0.1017 0.1670  0.5425 0.2141 0.0039 0.4536 0.4114 0.6080
San Diego I  0.2889  0.0316  0.3007 0.2136  0.2333 0.4717 0.0657 0.2938
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Fig.8 ROC curves of different algorithms on four data sets (Pr, 7)
®3 MR LA FRIER AUCE, ofE
Table 3 AUC, values of different algorithms on four datasets
Method
Dataset  —GRX  LRX LRASR LSMAD CRD GIVLRR AHMID  HLSC-MDGF
Gulfport 0.0248 0.0076  0.1113 0.0587  0.0063 0.0823 0.0317 0.0032
HYDICE 0.0331 0.0032  0.0466 0.0195  0.0420 0.0471 0.0106 0.0024
San Diegol ~ 0.0470 0.0338  0.0627 0.0404  0.0023 0.1263 0.0212 0.0037
San Diego I 0.0714 0.0046  0.0855 0.0281 0.1110 0.0307 0.0059 0.0032
25 HEASKE B ke BT AUCop EXTLE, Z55N% 6 i, X

FEARTTH, oA e E GG 0T bL B2 AN 22 ) B R R
AEXF R AR S5 R 2, 8 AUC 70300 i £
PR HEAT T IHRLAT T o

AT B UE SR % B 6 b B (Local spectral
contrast, LSC) HIA XM, HLC-MDG HiLE{EH F¥
A LSC 1 IL T 4 MRS Lidt4r AUC fEXTLE,
ik 4 Fion. KA LSC JriEfE 4 MRS I
AUCopHAWRIERTE, 235l5TH T 0.272, 0.208,
0.188 #110.187.

#*4 HLC-MDG #1457 LSC 1 AUCom1E
Table 4 AUCp,r values of HLC-MDG with and without LSC

T Gulfport 1 HYDICE #(#li4E, KH LMGC 4l 6
$EFF 0.121 F10.108; %FF San Diego Il San Diego II
B, BORAPIE, 7704571 0.0088 F10.006.
5 SFRD MPFH HFE4ETTER AUCHm{E
Table 5 AUCp,r values of SFRD and two commonly used

dimensionality reduction methods

AUCp,n
Method San San
Gulfport HYDICE Diego | Diego 1
SFRD 0.9960 0.9951 0.9991 0.9912
PCA 0.9885 0.9847 0.9922 0.9895
FS 0.9879 0.9920 0.9930 0.9866

AUCpm
Method
San San
Gulfport HYDICE Diego I Diego I1
+L.SC 0.9960 0.9951 0.9991 0.9912
-LSC 0.9688 0.9743 0.9803 0.9725

T B R O6 1% Bl & B 4E ( Spectral fusion
dimensionality reduction, SFRD) K4 %4, HLC-
MDG Jj ik A SFRD 5 F 73 7> #r ( Principal
Component Analysis, PCA) DL NHF{EIELFEF (Feature
Selection, FS) IX 3 FhfF4EITVELE 4 N ER4E LdkAT
T AUCopfEXTEL, 2558k 5 Fizn. K H SFRD [
AUC {E 30T FoAt iy b B 4 75 7%

9T B JR 8 2 1) bR FE X L 2 (Local multi-
directional gradient contrast, LMGC) A %M,
HLC-MDG J7ixEAMEA LMGC TS M E 4 4

# 6 HLC-MDG FHJ LMGC [¥] AUCprfH
Table 6 AUC, ) values of HLC-MDG with and without LMGC

AUCpp,p
Method San San
Gulfport HYDICE Diegol  Diego II
+LMGC 0.9960 0.9951 0.9991 0.9912
-LMGC 0.9839 0.9843 0.9903 0.9852
3 Hig

AL T BT R O B RE AN 2 AR R A D
WS AT I T, SINJR RIS LERE L ik G
Bee 24k 015 38 22 1) B FE SRR D7V, DASRB i o6 1% MK
B RS R, AT SE B O 1 PR A5 PR S 5 Al
WA SEI 500, SR 4E1R: ORMGHEX
FERIJTERES R M ADEEE B, ERuil R Fia
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