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CODED APERTURE DESIGN
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In order to design the coding patterns matrix ®, the following three design criteria are considered

3. Information Acquisition

In order to better discriminate
among the classes, new informa-
tion from the underlying spectral
scene should be acquired in each
measurement shot.

The coding patterns should be
linear independent, i.e, the &
matrix should be full rank.

The number of measurements ac-
quired from each spectral band
should be approximately the
same.

PP =1+ pu, (7)
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VISUAL AND QUANTITATIVE RESULTS
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QUANTITATIVE EVALUATION OF THE DIFFERENT CLUSTERING RESULTS
FOR THE AVIRIS INDIAN PINES IMAGE.

Class Random-design Proposed-design Full-data-SSC Full-data
Corn-no-till 73.13 70.45 48.96 66.77
Grass 95.25 100 98.60 100
Soybeans-no-till 52.87 88.80 70.63 69.54
Soybeans-minimun-till 55.29 60.52 59.23 80.05
OA 63.83 73.07 62.62 76.16
AA 69.14 79.94 69.35 79.09
Kappa 49.26 62.65 47.58 65.89

QUANTITATIVE EVALUATION OF THE DIFFERENT CLUSTERING RESULTS
WITH THE AVIRIS PAVIA UNIVERSITY IMAGE.

Class Random-design Proposed-design Full-data-SSC Full-data
Bitumen 18.60 88.37 0 90.70
Asphalt 71.37 67.25 33.84 80.26
Trees 90.38 88.46 100 90.38
Bricks 100 99.68 99.68 99.68
Bare Soil 46.78 61.40 36.26 66.67
Metal sheet 82.90 97.73 91.00 97.73
Meadows 91.16 100 55.02 100
Shadows 99.48 24.35 98.45 24.35
OA 78.72 83.81 71.45 86.58
AA 75.09 78.41 64.28 81.22
Kappa 72.63 78.89 62.95 82.50

NOISE AND SIMILARITY PRESERVATION ANALYSIS

The figure below presents the overall clustering ac-
curacy as a function of the aggregated noise. The right
hand side figure presents the absolute error between the
spectral signatures and the CSI measurments similarities
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SOURCE CODE

A GitHub repos-
itory with the Mat-
Lab codes of this pa-

per can be downloaded
from this QR code



