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Non-negative sparse representation for anomaly detection

in hyperspectral imagery
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(Air and Missile Defense College, Air Force Engineering University, Xi’an 710051, China)

Abstract: A novel non —negative sparse representation (NSR) model was proposed for hyperspectral
anomaly detection. The key idea was that a background pixel can be approximately represented as a
sparse linear combination of its surrounding neighbors, while an anomalous pixel cannot. The non —
negativity and one—to—one constraints on the sparse vector were imposed for physical meaning and better
discrimination power of the algorithm. In order to exclude the potential anomalous pixels presented in the
background dictionary, the atoms which were similar to the center pixel was pruned. Then the NSR
model was solved by non—negative orthogonal matching pursuit (NOMP) algorithm, and the reconstruction
errors were directly used for determining the anomalies. Finally, experimental results on real hyperspectral
data set demonstrate the effectiveness of the proposed algorithms by comparing it with state —of —the —art
algorithms.
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Fig.1 Illustration of the sliding rectangular dual window
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Tab.1 Proposed NSR-STO algorithm for HSI

Input: A 3 -D hyperspectral cube, window size (Wi,,W.), and

parameters A, K,
Initialization: Linearly normalize the HSI
For each test pixel y in the hyperspectral scene:

1) Collect the local background dictionary A

2) Construct matrix A and vector ;

3) Prune dictionary A based on the errors in (13)

4) Normalize A and a via (9) to get the system ;:DB

5) Center D and ; via (10) to get the system z=Bf
6) Solve the system (11) by the NOMP algorithm
7) Compute the residual via (12)

End For

Output: A 2—-D anomaly detection map

3 KGR

e 6 B HE 4l AL 2R AT DL /AT A AR O A
(AVIRIS) 345, BA A ok A AR JE A 2 T
BF TR A 2 3l i AT R RN B G S 4
FH{EFM 370~2 510 nm Y 224 ASIEGE 1E BRI
KA AR SNR i Z f5 R 8 T S 3k 189 M (1~
6,33~35,97,107~113,153~166 Fl 221~224), 524
o BERE AR R RN I A SR X I (i 44N
ROI-I #l1 ROI-1I), Y75 Fl5 (1) M i B 5215 5 an
Bl 2 FiR

(a) ROI-I

B o C
”~
v !
oy -
s

(b) ROI-II
Pl 2 5 057 G i T 2SR

Fig.2 Image scene and the ground-truth map

S223001-4



bk AR

% S2 #

www.irla.cn

% 45 %

3.1 SH MK

TEM AT, KA SR BRI A K, {8 A
ROI, i o 3 W &5 B AE 7 P (ROC) 1t 2 A ROC i1 £k
TTHAAUC) bk g . X ROI-1 F1 ROI-II,
T 1T KN (Wi, W) 23 591 85 D8 26 Hb 26 5 R (7,11) A1
(11,17)NSR-STO HAA[A] A F1 K, AUC %54 R 7F
x2r,

% 2 7~[E AND {&,NSR-STO BJ AUC &8
Tab.2 AUC values of NSR-STO with different
values of AND

AUC values A=0

A=0.5 A=1 A=1.5 A=2

K=2 09640 0.9803 0.9831 0.9831 0.9831
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Tab.3 AUC values/ execution times

with the two ROIS(s)

AD RX SVDD CR SR NSR-STO

AUC 0.9657 0.9754 0.9828 0.9592 0.986 4
ROI-1

Times 41.88 153.32 14..47 10.35 38.72

AUC 0.9520 0.9944 0.9947 0.9377 0.997 4
ROI-I1I

Times 59.60 651.68 63.72 16.99 55.64
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