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Apanranisi MeTox0J10Til INIMOMHHOI0 HABYAHHSA T/
3agavy kjaacudikanii rinepcnexkTpajibHUX 300pakeHb

[Topsim 3 pO3BUTKOM TEXHOJOTIM 1 TOMIMNIICHHS IPOCTOPOBOI  PO3PiI3HEHHOCTI
rinepcrneKkTpalibHUX 300pakeHb, iH(opmallisi BUMarae OiIbII TTUOOKOrO aHami3y B 3B’A3KYy 3i
3017BIICHHSAM KIUJTBKOCTI CIOCTEPE)XXKYBaHUX Lijei. [ MOBHOrO pO3yMiHHS CIHEHH Temep €
000B’sS3KOBMMHU KiJIbKa PpiBHIB aHamizy 300pakeHb. [Iporec rmMOMHHOTO HAaBYaHHS BH3HAYAE
MOJIaHHS Ta OpraHi3allii0 JEKUTbKOX PIBHIB OOpOOKH JUIsi BH3HAYCHHS CKJIQJHUX BITHOCHHHU MiX
rinepcrnekTpaibHUMH  JaHUMH.  [IpuBeneHa  3aranbHa  cxema  mporecy  kimacupikarrii
rinepcrneKkTpaTbHUX 300pakeHb 3 BHKOPUCTAHHS METOJOJIOTI] TiIMOWHHOTO HaBuaHHsS. [licis
nornepeaHboi 00poOKH BXiHI TepCreKTpalibHI JaH1 KIacH(iKyIOThCS B JIBa HE3aJEKHI MOTOKU: 32
CHEKTPAJIbHUMU Ta 3a MNPOCTOPOBUMH O3HAaKaMU 3 TOJANBIIUM 3JIUTTAM OJEpKAHUX KapT
HMOBIpHOCTEH U1 OTPUMAHHS OCTaTOYHOI Kimacudikaii 00’ €KTiB 300paKeHHS.

Along with the technology development and the improvement of hyperspectral
imagery spatial resolution, the information requires a deeper analysis due to the
increased amount of observable targets. Several levels for hyperspectral imagery
analysis are mandatory now for a complete scene understanding.

Representation and organization of multiple levels in order to express complex
relationships among data defines a deep learning process.

Deep learning is a branch of machine learning based on a set of algorithms that
attempt to model high-level abstractions in data by using multiple processing layers.
For each level, models have complex structures or otherwise, composed of multiple
non-linear transformations. One must be developed according to the type of
information desired, namely pixel based, object based or structure based.

One of the promises of deep learning is replacing handcrafted features with
efficient algorithms for unsupervised or semi-supervised feature learning and
hierarchical feature extraction. Feature hierarchies are discovered considering that
higher levels are formed by combining features from lower level [1].

Figure 1 describes the general outline of hyperspectral imagery classification
process using deep learning methodology.
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Fig.1. Deep learning data flow diagram

Input unit provides acquisition of source hyperspectral imagery.

Pre-processing unit includes radiometric and atmospheric correction and
supplies by satellite imagery provider. Hyperspectral image digital numbers (DN) are
converted into at-sensor spectral radiance using each-band calibration factors
extracted from image metadata. Next the atmospheric correction is performed and
floating-point values of the ground reflectance are obtained.

Band Selection unit makes selection of informative bands of hyperspectral
image [2]. The C(4) informativity criterion is used for the hyperspectral imagery
spectral bands selection in remote sensing applications [3]:

CU)= 4o POV (] (1)
where D(4) is Kullback-Leibler divergence as a multidimensional analog of contrast
for one-dimensional panchromatic image, R(4) is an equivalent spatial resolution of
spectral bands set for current target, w(1) is an equivalent signal-to-noise ratio in
target detection by multi-dimensional optical signal.

The best of spectral bands subset selection of hyperspectral image in terms of
(1) criterion is an optimal search problem in hyperspectral image spectral bands
combinations space [4].

Further classification of the spectral and spatial domain is performed. The first
classification dataflow Spectral is the analysis of target features by spectral values.
One detects desired targets in image for remote sensing applications. The second
dataflow Spatial is an object-oriented classification of image targets by spatial
features. Especially the Radon transform can be used to detect image targets by its
shape [5] or the Hough transform can be used to detect linear patterns [6].



Both dataflows generate the corresponding intermediate probability maps for
Image targets. They are provided by a fundamentally different identification features.

The intermediate probability maps merging in Fusion unit is performed to
obtain the final image targets classification. Proof of hypothesis about the target
presence in image is the aim of classification outputs merging. The Bayesian
inference [7] or fuzzy rules [8] can be used to restore the final probability maps.

Output unit enables the hyperspectral imagery classification availability.
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