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Fig. 4. Top left: Image from E0-1 satellite. The three visible classes
are mountain tops, plains, and green vegetation patch.Top right:
Classification after reducing the data to 25 bands using the proposed
modified LLE. K-means is used for clustering, with the spatially
consistent vector angle as the distance between projected pixels.
Bottom:Same as first row for a different portion of the image.

specified to be non-calibrated and are set to zero, a few
additional bands had to be excluded, they have more than
98% pixels with zero value. The 172/178 band image was
reduced using the proposed modified locally linear embedding
to 5, 10, 25, 50, and 100 projected bands. For each of these
projections we varied the number of neighbors, using 5, 10,
25, 50, and 100. After the dimensionality reduction of the
data, we used the classical K-means algorithm to cluster the
pixels (recall that for this data, ground truth is not available).
The proposed spatially coherent vector angle was used as the
distance metric in the K-means algorithm. No ground truth is
available for this data, therefore the number of classes were
estimated from the visual clues. Specifically, for Figure 4, top,
the three visible materials are the green vegetation patch, the
mountain top rocks, and the plains. For Figure 4, bottom, the
three visible materials are the mountain top, clouds, and the
plains. Figure 4 shows the clustering results for projections
onto 25 bands.

V. CONCLUDING REMARKS

In this letter we have introduced spatial coherence into di-
mensionality reduction and vector angle distance, and showed
their contributions for the classification and clustering of
hyper-spectral data. We effectively reduced the amount of
data by more than 75%, while at the same time improving
classification by more than 15%.

A lot of work remains to be done in the area of hyper-
spectral classification and its connections with dimensionality
reduction. First, in order to deal with large images, the use
of classical works on out-of-sample dimensionality reduction
need to be investigated. This will permit to work with a
subset of the data while extending the learned dimensionality
reduction map to the entire image. In the same flavor, it is also
interesting to perform spatially-coherent LLE as here proposed
on small segments of the hyper-spectral data, and then stitch
them together in order to obtain the global map of the entire

image. This idea of charting is in line with concepts presented
in [2]. Results in this direction will be reported elsewhere.
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