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Dimensionality reduction and classification based
on lower rank tensor analysis for hyperspectral imagery
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Abstract: Sub-tensor based lower rank tensor analysis used for dimensionality reduction and classification in hyperspec-
tral imagery was proposed. The method aims at raising classification accuracy by representing the hyperspectral image as
a tensor. The tensor is divided into sub-tensors, wherein, dimensionality reduction and pixel classification were per-
formed. Benefiting from the sub-tensors, the method capitalizes on local spatial correlation, exploits interaction between
spatial and spectral dimensions, and maintains hyperspectral data structure with 3D tensor. Compared with existing theo-
ries based on tensor analysis, the proposed method eliminates the negative impacts of poor subspace dimension estimation
and low global spatial correlation, which might seriously degrade performances of dimensionality reduction. Moreover,
as long as subspace dimensions are smaller than sub-tensor dimensions, the method with sub-tensors achieves much high-
er classification accuracy than the method without sub-tensors. Therefore, for the proposed method, it is not necessary to
estimate the subspace dimension. Experimental results of both simulated and real hyperspectral data demonstrated that
sub-tensor based lower rank tensor analysis gives better performance in dimensionality reduction and brings higher classi-
fication accuracy than existing methods do.

Key words: hyperspectral imagery,lower rank tensor analysis, sub-tensor, spatial correlation, subspace dimension, dimen-
sionality reduction, classification
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Fig.3 Comparison of S-LRTA with LRTA in ring-shaped
HSIs, where the subspace dimensions of S-LRTA are set as
(1,1,1), while those of LRTA are estimated by Hysime,
AIC or MDL (a) SVM, and (b) KNN
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Table 3  Average correlation coefficients of each mode in
Indianna dataset
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LRTA and PCA in Indiana dataset (a) SVM, and
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