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Hyperspectral image lossless compressionusing adaptive
bands selection and optimal prediction sequence
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Abstract: The prediction accuracy of a Conventional Recursive Least Square (CRLS) predictor is
strongly correlated with the inter-spectral correlation and is sensitive to the sequence in which the
pixels are predicted. In view thereof, a lossless compression method for hyperspectral images was

proposed. The method, which was based on the CRLS predictor, was modified to enable the selection

s BHE:2020-01-19;1&iT HH#3 :2020-03-01.
HEWB :FRARBFIEES T H (No. 61373162) ; I F T — B H %8 B (No. 152B0044) 5 11145 35 0 17
Bl R S B BT H (No. 2019-GYF-14)



1610 e KE TR 5 28 %

of adaptive bands and to optimize the prediction sequence mode. First, to improve the correlation
between the reference bands and the band to be predicted, the bands of the hyperspectral image were
reordered according to the criterion of the maximum inter-spectral correlation coefficient in the
preprocessing stage. Subsequently, the adaptive band selection strategy was used to select multiple
bands with the highest correlation with the band to be predicted for use as prediction reference bands.
Afterwards, the CRLS predictor with the best prediction sequence mode, selected by the minimum
prediction residual entropy, was used for inter-spectral prediction. Finally, the arithmetic encoder was
used to encode the prediction residual. Experiments on the AVIRIS 2006 dataset show that this
method achieves bit rates of 3. 314, 5. 594, and 2. 395 bpp on a 16-bit calibrated image, 16-bit
uncalibrated image, and 12-bit uncalibrated image, respectively. These results indicate that this
method can effectively improve the prediction accuracy of the CRLS predictor without significantly
increasing the computational complexity. The best result of the proposed method closely approximates
or is superior to that of other similar methods.

Key words: hyperspectral image; lossless compression; recursive least-squares; bands reordering;

adaptive bands selection; optimal prediction sequence
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(bpp)
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16 MR IEKI{Z  Yellowstone 0 3.94  3.84 3.62 3.68 3.51 3.51 3.51
Yellowstone 3 3.83  3.74 3.49 3.56 3.39 3.39 3.39
Yellowstone 10 3.34  3.21 3.16 3.15 3.05 3.05 3.04
Yellowstone 11 3.61  3.51 3.34 3.36 3.24 3.23 3.22
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Yellowstone 11 5.84 5,74 5.57 5.58 5.54 5.50 5.53
Yellowstone 18 6.29 6. 00 5.78 5.88 5.77 5.74 5.75
I 6.006 5.844 5.676 5.702 5. 608 5.570 5. 594
12 P A # I A Hawaii 1 2.57  2.58 2.58 2.43 2.31 2.31 2.31
Maine 10 2.68  2.68 2. 44 2.57 2.48 2. 44 2.48
Ty 2.625 2.630 2.510 2.515 2.395 2.375 2.395
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Tab.3 Averagecomputation time for each step of the

proposed algorithm (s)
WBE BB TR
1225 I G
! T A
16 V4% IE K14 1 5 34 2367 15

16 L AR AL IE B4 1 6 39 2434 16
12 fu A 1E 1% 1 5 29 2229 13
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