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Objective

To assess the relative strengths of Gradient

Results

Conclusions

1) The Random Forest map

Nearest Neighbor (GNN, left) and Random Classification mappe::l I‘acfr]'OQi;]ﬁl' SGy:‘tsmS more
Forest (RF, right) techniques for mapping accurately than the YR
Natur'ef Se_rve’s Ecological Systems GNN RE ) SN b e s e e
classification. Accuracy 40% 57% ecological systems more
2 : Fuzzy Accuracy 87% 89% effectively, while RF
I ntrOd u Ctlo n - . Y Y e - consistently showed higher
\ifjf Matrix Systems accuracy for the most abundant
2
Large-scale, detailed vegetation maps & . 38% 43% systems.
are needed for conservation planning. %
However, data limitations have prevented 53%  70% 3) Although map agreement was
their construction from remote sensing . % o 0 only 50%, the disagreements
techniques alone. Maps built from between the two maps were minor.
statistical models have been used to Rare Systems A e
help fill the need, but like all statistical o e o o yielded a finer-graine
models, they are imperfect. Here, we INORUINPECIC DIy DO AT 5% 0% p_attern, (smaller patch-
compare two statistical methods 42% 0% size and higher diversity), although

for building predictive
vegetation maps within the

western Cascade Mountains
of Oregon (shown above).

Absolute Agreement 50%
Fuzzy Agreement 93%

Methods

Data

We used 6099 inventory and analysis
plots within the study area, classified

to ecological system, and an array of
predictor variables describing climate,
topography, disturbance history, and soil
parent material to build our statistical models.
Models were then projected to spatial grids of
the predictor variables.

Gradient Nearest Neighbor
Defines ecological gradients with Canonical
Correspondence Analysis. Assigns pixel
values (systems, in this case) according to
their proximity to the original data points within
the space defined by the ordination axes. (See
‘Ohmann and Gregory 2002 for more detail)
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Random Forest

Builds many classification trees, each from

a subset of the plot and predictor data. Model
predictions are generated as each tree ‘votes’
on a classification for a given pixel. The class
with the majority of votes is assigned to the pixel.
(See Breiman 2004 for more detail)

Map Assessment
We used error-matrix based accuracy assessment
on each map, using 3947 plots withheld from the
model-building phase. We also compared the two
maps with an error-matrix. We used IAN software to
calculate landscape statistics describing spatial
patterns. We estimated areal representation of the
ecological systems from FIA inventory plots which
are a systematic sample of the landscape.
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Ecological Systems (see color legend below)
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patch complexity (fractal dimension)
was similar between the two maps

5) Both models over-represented
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1.95 -Remaining Questions
74.81
1.65 When should one map be preferred to the

other?

Is the spatial detail of the GNN map real, or
is it an artifact?

What are the values and hazards of spatial
detail?

Do the strengths of GNN outweigh its lower
overall classification accuracy?

Which map would you use? Why?
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