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Introduction

Spatially explicit information on the species composition and structure of forest
vegetation at broad spatial scales is needed for ecological research, bioregional environmental data to map current vegetation; (3) produce vegetation maps
assessment, and policy analysis. Satellite remote sensing has been successfully (model predictions). We sought a method that would predict the co-occurrence
used to map broad forest classes, but more detailed information often is desired. of assemblages of species and structures, capture the full range of variability,
We undertook a study in the Oregon coastal province with these objectives: and realistically portray spatial heterogeneity. We also desired a method that

(1) quantify spectral, environmental, and disturbance factors associated with was consistent with a conceptual model of vegetation varying continuously along
regional gradients of tree species composition and structure; (2) develop environmental gradients.

Results

Fig. 5 -- Predicted Vegetation from GNN

GIS-based tools that integrate field plot, remotely sensed, and mapped

Fig. 4 -- Dominant Regional Gradients
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e We analyzed vegetation data from 629 field plots established across all forest e We developed Gradient Nearest Neighbor method (GNN) as follows (Fig. 3):
lands (Table 1, Fig. 1). Nonforested areas were excluded. We calculated (1) We quantified relations between ground (response) data and mapped
summary measures of vegetation for each plot from data on tree species, (explanatory) data using direct gradient analysis (stepwise canonical cor-
diameter, and age. Values from mapped topography, geology, climate, and respondence analysis, CCA). We developed two models: in the species ;gg?“;g;;;rgmef
1996 Landsat TM satellite imagery (Table 2, Fig. 2) were assigned to each model, response variables were basal area of tree species; in the structure fl. ~ dlimate
plot in GIS. model, response variables were basal area of broad species groups and R
Size-classes.

(2) For each pixel, scores on the first eight CCA axes were predicted from the
mapped explanatory variables.

(3) For each pixel, the single plot was identified that was nearest in eight-
dimensional gradient space. Distances were Euclidean, with axis scores
weighted by their eigenvalues.

(4) Ground attributes of the nearest-neighbor plot were imputed to the mapped

Fig.1 -- Study Area pixel.
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e We evaluated model performance by comparing mapped predictions to ground
observations on field plots reserved from model development.

Structure CCA Model
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Fig. 3 -- The Gradient Nearest Neighbor Method (GNN)
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layers Explanatory variables Species model Structure model
Ownership N/A 4.8
Topography 3.9 4.9
Geology 0.5 1.7
Climate 7.7 8.8
Landsat TM 5.6 13.6
Location 5.8 5.0
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Table 3 -- Variation explained by variable subsets in partial CCA
(percent of total inertia)

Table 4 -- Proportion of n=629 plots correctly classified for predicted
oresence/absence of six tree species, from species model
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Fig. 7 -- Observed vs. Predicted
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Table 2 -- Explanatory variables selected in stepwise CCA models

Quercus garryana

Scale 1:1.200.000 Class Code Definition

4|0 Ownership PUB

Kilometers

Thuja plicata

Ownership (public or private) Tsuga heterophylla

Topography ELEV Elevation (m)

(30-m DEM) SLOPE Slope (percent)

SLOPEPOQS | Slope position, from 0 (bottom) to 100 (ridgetop)
SOLAR Solar radiation (cal/cm?), from program SOLARRAD

Fig. 6 -- Predicted Species Distributions from GNN

Acer macrophyllum
(Bigleaf maple)

Key Findings
Geology VOLC Igneous: volcanic and intrusive rocks

MAFO Igneous: mafic rocks--miocene and older | | | | | | Dominant Regional Gradients
Table 1 -- Veg etation datasets SEDR Sedimentary LT had VTR g ®

Sample design Plots (N) Climate SMRPRE

(PRISM model) | CVPRE
Systematic grid : 5.5 km 106 SMRTP

ANNTMP
DIFTMP
STRATUS

Picea sitchensis
(Sitka spruce)

Alnus rubra
(Red alder)

Quercus garryana
(Oregon white oak)

Thuja plicata
(Western red cedar)

Tsuga heterophylla
(Western hemlock)

Accuracy of Model Predictions

Species gradients were most strongly associated with climate, and structure e Prediction accuracy for occurrence of six tree species (Fig. 6) was 56-93%, or
gradients with Landsat TM data (Table 3). Location, geology, topography, and 12-51% better than chance (Table 4). There were more errors of commission
ownership also were important in both models. than of omission for all species. The species model more accurately predicted
species occurrence than the structure model.

Mean precipitation from May-September (nat. log, mm)
Coefficient of variation of December and July precipitation
Growing-season moisture stress (SMRTMP/SMRPRE)

Mean annual temperature (C)

August max. temperature - December min. temperature (C)
Marine stratus ceiling <1,524 m and visibility <8 km (percent)

Dataset Ownerships

Bureau of Land
Management

Natural
Resources
Inventory

The primary species gradient followed a climatic gradient from coastal areas
with frequent summer fog and rainfall to inland areas with high summer
moisture stress and less maritime influence (Fig. 4a). The second axis was
associated with elevation.

Species whose distributions are geographically limited and controlled by climate
(Picea sitchensis and Quercus garryana) were most accurately predicted.
Widely distributed species that occur in locally low abundances (Acer
macrophyllum and Thuja plicata) were more difficult to predict.

Current
Vegetation
Survey

Siskiyou and
Siuslaw National
Forests

1993-1996 | Systematic grid : 2.7 km
outside wilderness; 5.5 Landsat TM Bl Band 1 (blue)
km in wilderness B4 Band 4 (near-infrared)

. B/ Band 7 (mid-infrared)
Forest Nonfederal HEiEARUED || SYREMELS EE 3 559 .Th WET Wetness (axis 3) from tasseled cap transformation

Invent_ory and | lands R43 Ratio of B4 (near-infrared) to B3 (red)
Analysis DISTURB | Disturbance (yr), from multitemporal Landsat (Cohen et al.)

e The primary structure gradients were tree size and density, which varied with
Landsat TM band 4 and ownership (Fig. 4b). Low scores were in dense stands
of large trees on public lands. High scores were younger, more open stands on
recently disturbed private lands. Axis 2 differentiated species groups and was
associated with the maritime climatic gradient.

Prediction accuracy for selected measures of vegetation structure was
moderate to low for specific sites (Fig. 7). For most variables the models
slightly over-predicted at low values and under-predicted at high values.

Old-growth
study (Spies)

Federal lands,

Plots located Location X
forest >80 years

> Longitude (decimal degrees)
subjectively v

Classification accuracy in a 10-class system was 42%, and “fuzzy” accuracy
Latitude (decimal degrees)

(+/- one class) was 88% (Table 6). Tree density and composition were more
difficult to predict than tree size. Open stands of large trees were especially
problematic.

Overall Model Performance

o At the aggregate, regional level, the mapped predictions captured the means
and ranges of variability present in the plot data (Table 5) and portrayal of
spatial heterogeneity appeared quite reasonable (Fig. 5).
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QO Field plot locations with present species

B Presence of deciduous species predicted from GNN B Presence of coniferous species predicted from GNN

Fig. 2 -- Selected Explanatory Variables

Ownership

Because GNN assigns a single nearest-neighbor plot to each pixel, mapped
predictions retained the covariance structure among response variables.

Table 5 -- Descriptive statistics for observed (n = 629 plots) and
predicted (mapped) vegetation from structure model for entire
study area

Table 6 -- Prediction accuracy (number of plots) for vegetation classes* from
structure model. Cells with darkest shading are correct; cells with light shading are
+/- one class (“fuzzy” correct).

Moisture stress TM wetness

Elevation Geology TM band 4

T
T

Standard

Vegetation Predicted class

Private O -50m

[l Public 50 - 100m
100 - 200m
200 - 400m
400 - 800m
800 - 1300m

[ Volcanic

[ Mafic

B Sedimentary
Other

3.673

deg C/In mm

2 1.883

54.4%

Percent of
July hours

13.9%

W5-67
W6s - 78
W79 - 88
WSO - 98
99 - 112
113 - 243

-177 - -8
-7-5
6-10
mil- 13
W14 - 16
Wi7- 121

attribute

Range

deviation

Total basal area
(BA) (m?/ha)

Observed
Predicted

0.1-124.9
0.1-124.9

20.4
21.8

Broadleaf proportion
(proportion of BA)

Observed
Predicted

0.0 - 1.00
0.0 - 1.00

0.32
0.32

Quadratic mean
diameter (cm)

Observed
Predicted

0.0 - 153.3
0.0 - 153.3

22.3
24.5

Trees/ha >100 cm

Observed
Predicted

0.0 - 54.4
0.0 - 54.4

6.4
6.8

Stand Age (years)

Observed
Predicted

0.0 - 718.0
0.0 - 718.0

45.3
38.5

Tree species
richness

Observed
Predicted

0.0 - 11.0
0.0 - 11.0

1.7
1.4
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class
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% correct (fuzzy) | 100| 93 | 78 82 | 86 | 91 | 92 | 87 | 95 88

* Open = <1.5 m?/ha basal area; blf = >=65% of basal area is broadleaf; mix = mixed conifer-hardwood
(20-64% broadleaf); con = conifer (<20% broadleaf); sm = small (0-25 cm DBH); md = medium (25-50 cm
DBH); Ig = large (50-75 cm DBH); vl = very large (>75 cm DBH).

Conclusions

The Gradient Nearest Neighbor method (GNN) applies direct gradient analysis and maps (e.g. species identities, understory characteristics) is more detailed than in

nearest neighbor imputation to ascribe detailed ground attributes of vegetation
to each patch in a regional landscape. Predicted vegetation maps are appropriate
for regional-scale analyses but are insufficiently accurate for most site-level
applications.

image classifications. Because vegetation attributes are represented as individual
continuous variables, maps and classifications can be constructed for specific
analytical purposes.

GNN can be applied to any region where field plot and spatial data are
available. Currently, we are using vegetation maps predicted with GNN in the
Oregon coastal province to initialize conditions for simulating landscape change
under alternative land-use policies (see http://www.fsl.orst.edu/clams/), and to
characterize regional patterns of biodiversity.

GNN has several advantages over existing methods. Data and methods are
consistent over a multi-ownership region. Resulting maps thus are “repeatable,”
accuracy assessments apply to the entire region, and valid subregional
comparisons can be made. Map accuracy can be quantified in a variety of

ways, and can be tailored to specific objectives. Information content of resulting




