Suitapility of Sample Classification Schemes In a Sodden & Scrambled Setting
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How significant are all of these differences? One measure was
obtained by calculating a “Confusion matrix” using ground
truth with regions of interest (ROI). The resulting overall
accuracy figures are shown in the last column of Table 4d.
They imply that Maximum Likelihood is the most accurate
technique, but is this really the case? After all, assessing

partially wooded lots. However the cut-off was chosen
arbitrarily. As it is lowered commission decreases and
omission increases e.g; at 33% impervious, k-Means
commits 10% and omits 41%.
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of the ROIs also allows for some assessment of ground
truth, and the ability to run other classifications in the
future e.g; reuse of existing ROIs with higher spectral
resolution imagery, or determination of draft results with
higher spatial resolution imagery.

SAM & MNF processing should be reserved for hyper-
spectral images. In special cases, NDVI may be useful

with the high spatial-resolution aerial imagery such as
that available from MassGIS.
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5 ? 5. Conclusion
] , g Of the examined methods, Maximum Likelihood is >
= | recommended as the best general-use/first-try classifica- %
tion scheme for medium-resolution, multi-spectral data
— 0 such as that provided by the Landsat series of satellites.
E > Even though tracing ROIs takes additional time, the
e = higher accuracy is well worth the effort. The availability
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