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Band Selection Using L21-norm Regression for Hyperspectral Target Detection

Joochang Kim*t, Yukyung Yang**, Jun-Hyung Kim** and Junmo Kim*
*School of Electrical Engineering, KAIST

**Agency for Defense Development

Abstract : When performing target detection using hyperspectral imagery, a feature extraction process
is necessary to solve the problem of redundancy of adjacent spectral bands and the problem of a large
amount of calculation due to high dimensional data. This study proposes a new band selection method
using the L»;-norm regression model to apply the feature selection technique in the machine learning field
to the hyperspectral band selection. In order to analyze the performance of the proposed band selection
technique, we collected the hyperspectral imagery and these were used to analyze the performance of
target detection with band selection. The Adaptive Cosine Estimator (ACE) detection performance is
maintained or improved when the number of bands is reduced from 164 to about 30 to 40 bands in the
350 nm to 2500 nm wavelength band. Experimental results show that the proposed band selection
technique extracts bands that are effective for detection in hyperspectral images and can reduce the size
of the data without reducing the performance, which can help improve the processing speed of real-time
target detection system in the future.
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Fig. 1. Spectral variability of vegetative background sampled from Imsil dataset.
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Fig. 2. Overview of hyperspectral target detection system with L21-norm based band selection.

Table 1. Specifications of the measured hyperspectral image

Region # of pixels # of Bands Targets(# of targets)
Imsil 253,450 Battlecar(6), M548(2), NIKE(1), F-86F(1)
Changwon 200,000 Battlecar(3), Camouflaged(1), Decoy(2)
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Fig. 3. RGB image of Imsil dataset(top) and detailed target
locations(bottom).
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Fig. 4. (a) High-resolution RGB image, (b) RGB image from hyperspectral imagery, (c) target mask in
hyperspectral imagery and (d) ground-truth map (red area for guard pixels).
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2.5D Detection Map (# of Bands = 10)

(a)

2.5D Detection Map (# of Bands = 80)

100 -
50

(c)

2.5D Detection Map (# of Bands = 30)

(b)

2.5D Detection Map (# of Bands = 164)

(d)

Fig. 7. Detection map for “battlecar” target in Imsil dataset using Loi-norm regression based band selection. Every detection maps

were scaled by 200 for visibility.
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Table 2. Computation time analysis for band selection and target detection on Imsil dataset (Enviro nment: i7-4790 CPU, 32GB

RAM, MATLAB 64bit)

Algorithm E:gi?(?;r rleigll-'z)sl;:)l:l Sl(glo‘;tsl)d' ACE detector
Cox_nputation 875 0.06 75 Ba'nd # | Full 140 120 100 80 60 40
time (s) Time | 447 | 41 36 | 343 | 263 | 221 | 195
regression 7|92 T WA £ QRO ME A ACH RS 49T Al A4 T2 A B S )
slo] el Alzto] BA] SNl WS FA 29 AR A A5 A e S g AR of
QAT v 7 AZ FEE-2- 215t endmember extraction I} ArEl T
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S WA 0 7 gk B o A AliteFo] W] wiE References
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