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Figure 3.2 2009 pixel-based land cover classification for the Clear Creek watershed, which serves as the base classification for
comparison of pixel-based and object-based methodologies
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Top left: Segmentation 66 Merge 92
Top center: Segmentation 70 Merge 92
Top right: Segmentation 74 Merge 92
Bottom center: Segmentation 78 Merge 92
Bottom right: Segmentation 82 Merge 92
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Figure 3.3 Effects of altering the segmentation parameter on object creation
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Top left: Segmentation 74 Merge 84
Top center: Segmentation 74 Merge 88
Top right: Segmentation 74 Merge 92
Bottom center: Segmentation 74 Merge 96
Bottom right: Segmentation 74 Merge 98 |
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Figure 3.4 Effects of altering the merge parameter on object creation
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Figure 3-14. Comparison of area-weighted mean patch fractal dimension for a pixel-based and
object-based classification approach
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Figure 3-15. Comparison of number of patches for a pixel-based and object-based classification

approach
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Comparison of pixel-based and object-based methods
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Figure 3-16. Comparison of mean patch size for a pixel-based and object-based classification
approach
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Figure 3-17. Comparison of Shannon’s Diversity and Shannon’s Evenness Index for a pixel-
based and object-based classification approach
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Figure 3-18. Object-based/pixel-based ratios for each class level metric
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Figure 3-19. Comparison of AWMPFD across scaling gradients for different classification
methodologies, showing (top) majority filtering (center) altering the segmentation parameter, and
(bottom) altering the merge parameter
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Figure 3-20. Comparison of MPS across scaling gradients for different classification

methodologies, showing (top) majority filtering (center) altering the segmentation parameter, and

(bottom) altering the merge parameter
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Figure 3-21. Comparison of NP across scaling gradients for different classification , showing

(top) majority filtering (center) altering the segmentation parameter, and (bottom) altering the
merge parameter methodologies
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Shannon's Diversity Index
Comparison of different scaling methodologies

1.56

1.54

1.52

SEi

15

1.48

1.46

1.44

1.42

82/98)

All classes (Majority filtering: no All classes (Segmentation scaling - All classes (Segmentation scaling -
filtering, 3 X3,5X 5,7 X7,10 X 10) altering the segmentation parameter: altering the merge parameter: Seg 74
Seg 66 Merge 92, 70/92, 74/92,78/92, Merge 84, 74/88, 74/92, 74/96, 74/98)

Shannon's Evenness Index
Comparison of different scaling methodologies

0.64

0.63

0.61

0.6

0.59

SE|

0.57

0.56

0.54

82/98)

All classes (Majority filtering: no All classes (Segmentation scaling - All classes (Segmentation scaling -
filtering, 3 X 3,5X 5,7 X 7,10 X 10) altering the segmentation parameter: altering the merge parameter: Seg 74
Seg 66 Merge 92, 70/92, 74/92,78/92, Merge 84, 74/88, 74/92, 74/96, 74/98)

Figure 3-22. Comparison of Shannon’s Diversity and Shannon’s Evenness Index across scaling

gradients for different classification methodologies
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