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Long-wave Infrared Hyperspectral Image Classification
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Abstract: Hyper spectral image classification has become one of the most important research directions in
detection technology; furthermore, it has been widely used in military and civilian fields. However, the
significant number of bands, data redundancy, and low utilization of spatial features render the classification
of hyper spectral images challenging, and most of existing hyper spectral image classifications use visible
light or short-wave infrared data. Hence, a K-means classification method based on spectral and spatial
features is proposed in this paper. First, spatial features are extracted; next, the spectral features are
combined with the spatial features and the dimensions are reduced. Finally, the K-means algorithm is
introduced to obtain classification results that are better than those of normal K-means, and the algorithm is
applied to long-wave infrared hyper spectral image classification.
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classification
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Fig.3 Spectral measurements of nine categories substances
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Substances Categories Numbers
Asphalt, bitumen First category 7961
Meadows, bare soil Second category 23678
Gravel, self-blocking bricks  Third category 5781
Trees Fourth category 3064
Painted metal sheets Fifth category 1345
Shadows Sixth category 947
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Fig.5 Pavia University divided into six categories
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Fig.6 Normal position(left), border position(middle) and corner position(right)
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Table 2 Classification accuracy of Pavia University after
dimensionality reduction
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F 3 The example of confusion matrix

Actual
First category Second category Third category
First cat 43 2 0
Predict irst category
Second category 45 1
Third category 3 49
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Methods Accuracy index Asphalt, Meadons, Gravel, se.lf-blocking Painted metal Shadows
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Accuracy/% 84.99 65.61 89.16 84.97 78.61 99.89
K-means OA/% 75.07

Kappa 0.69

Accuracy/% 93.92 80.99 89.97 90.84 98.14 100
Ours OA/% 86.32

Kappa 0.80
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(a) K-means classification results
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Fig.11 Classification of our data
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