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Abstract
Bell, David M.; Gregory, Matthew J.; Palmer, Marin; Davis, Raymond. 

2023. Guidance for forest management and landscape ecology applications of 
recent gradient nearest neighbor imputation maps in California, Oregon, and 
Washington. Gen. Tech. Rep. PNW-GTR-1018. Portland, OR: U.S. Department of 
Agriculture, Forest Service, Pacific Northwest Research Station. 41 p. https://doi.
org/10.2737/pnw-gtr-1018.

For many forest landscape ecology and ecological monitoring projects, forest 
structure and composition data availability at the correct scale are often limiting 
factors, motivating the development of map products based on remote sensing. 
Gradient nearest neighbor (GNN) imputation is a flexible framework for generating 
multivariate, annual, wall-to-wall maps of forest structure and composition for 
landscape, regional, and national applications. This report provides guidance on the 
appropriate use of forest structure and composition maps generated from satellite 
imagery, physical environment, and forest inventory data using the GNN modeling 
and mapping framework. We describe the GNN modeling and mapping framework 
associated with the generation and delivery of updated maps in 2020 (GNN-2020) 
that provide forest attribute status and trend data from 1986 to 2017. In relation to 
the GNN-2020 map data, we describe (1) the accuracy assessment reporting that 
accompanies all maps, (2) basic concepts regarding the strength of relationships 
between forest attributes and the geospatial predictor variables used in mapping, (3) 
the role of the number of nearest neighbors in map accuracy, (4) factors affecting 
the appropriate spatial and temporal scales for using the maps, (5) the types of 
changes in forest attributes that can be reasonably assessed with the maps, and (6) 
the challenges in creating categorical or classified maps based on the GNN-2020 
data. Our goal is to provide enough background and guidance to use GNN products 
appropriately and effectively. 

Keywords: Forest structure and composition, gradient nearest neighbor 
imputation, GNN, monitoring, vegetation mapping.
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Introduction
In many forest landscape ecology and ecological monitoring projects, the availability 
of forest structure and composition data is often a limiting factor, motivating the 
development of map products based on remote sensing. There is a need to quantify 
both status and trends in forest vegetation attributes at a variety of scales—from 
forest stands (tens to hundreds of hectares) to landscapes (thousands to hundreds 
of thousands of hectares) to regions (more than a million hectares)—across all 
forest lands to support many applications, including forest planning, monitoring, 
and research. Along the Pacific coast of the United States, the need became more 
pressing in the 1990s with the listing of the northern spotted owl as threatened under 
the Endangered Species Act and subsequent implementation of the Northwest Forest 
Plan. In response, researchers developed methods to leverage satellite remote-sensing 
and forest inventory data to generate a diverse suite of forest vegetation structure and 
composition maps useful for monitoring late-successional and old-growth forests 
and habitats of several species of conservation interest. This capacity to map forest 
inventory data at relatively fine scales now supports forest monitoring and planning 
across federal agencies, state governments, municipalities, and research contexts. 
With the need for the forest attribute maps comes a responsibility for appropriate 
guidance in the use of those data.

This report provides guidance on the appropriate use of forest structure and 
composition maps generated from satellite imagery, physical environment, and forest 
inventory data using the gradient nearest neighbor (GNN) imputation framework. 
GNN is a flexible framework for generating multivariate, annual, wall-to-wall maps 
of forest structure and species composition for landscape, regional, and national 
applications. Although GNN is a single modeling and mapping framework, it generates 
a complex assortment of forest structure and composition data that vary in accuracy 
and precision at multiple spatial and temporal scales. This report is motivated by, and 
most directly addresses, the most recent iteration of GNN maps (hereafter referred 
to as GNN-2020), but many of the concepts described apply more broadly to other 
vegetation maps that were generated using similar data or methods. GNN-2020 maps 
are based on long-standing forest inventory (U.S. Department of Agriculture [USDA] 
Forest Service Forest Inventory and Analysis [FIA] program) and satellite remote-
sensing (Landsat) programs. Determining the most appropriate usage of GNN-2020 
data remains challenging, even for experienced users. Here, we describe the framework 
used to generate the GNN-2020 maps and provide guidance regarding the appropriate 
application of those data for forest management and landscape ecology. Because the 
eventual decision on what constitutes sufficient accuracy in vegetation maps for a given 
application is the responsibility of the data user, we focus on informing users on how 
to interpret previous research and current accuracy assessments to help them identify 
the best forest structure and composition variables to use and the spatial and temporal 
scales at which questions can be addressed using GNN-2020 maps. 
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Background
Mapped vegetation data form the basis of many aspects of forest management, 
monitoring, conservation, species recovery efforts, and landscape ecology. Resource 
managers can use vegetation maps to answer such questions as the following:
•	 What are the distributions of forest types on the landscape?
•	 How many trees of a certain size are present?
•	 Where are the late-successional forests or the aspen groves?
•	 How are these things changing?

These questions in turn help answer questions about ecological conditions for 
a variety of fish and wildlife species as well as botanical communities. Although 
plot-based inventory data can also answer many of these same questions, the 
answers are often limited to coarse spatial scales and temporal resolutions. Maps 
are required to inform questions where detailed spatial pattern matters, such as for 
mapping habitat connectivity. They must have the appropriate detail to examine 
spatial patterns and relationships to key drivers, such as topography, disturbance 
history, and climate. Maps are also a compelling way to communicate; for example, 
managers and stakeholders can use maps to visualize where forest density is greatest 
and how it has changed over time. As the USDA Forest Service’s 2012 Planning Rule 
emphasizes adaptive management, and thus monitoring, as a core component of 
planning (Nie 2018, Ryan et al. 2018), vegetation mapping will remain a central basis 
for decision making on National Forest System lands and beyond. Furthermore, 
broader scale monitoring can often be the first analytical step for assessing changes, 
trends, and future desired conditions at a spatial scale that has larger implications.

Apart from the spatial patterns that vegetation maps can reveal, the long 
temporal record of multispectral satellite imagery facilitates change detection and 
trend analysis. Annual Landsat time series imagery composites (i.e., best pixel within 
a given year) are now widely used (e.g., Zhu 2017), and the long-term perspective 
(Landsat 5, 7, and 8 cover 1984 to the present) they provide stretches back before the 
current annual national forest inventory design used by the FIA program was widely 
applied (circa 2001) (Bechtold and Patterson 2005). Over broad areas, annual maps 
allow for trend analysis to identify long-term changes in resources. For example, 
Landsat-based change detection quantifies changes in disturbance regimes in recent 
decades (Schleeweis et al. 2020), sometimes identifying major changes in the key 
drivers of forest change (Cohen et al. 2016, Schroeder et al. 2017).

As with any existing vegetation map or inventory, users must first identify 
their information needs in relation to their questions before they can determine the 
appropriate data source and attributes/indicators and whether it meets their required 
level of certainty. This is true of GNN mapping for California, Oregon, and 
Washington and related maps that were released in 2020 (Bell et al. 2021) (GNN-
2020), which form the basis for the 25-year late-successional and old-growth forest 
monitoring report for the Northwest Forest Plan (NWFP) (Davis et al. 2022). 
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GNN Imputation Mapping
As the methodological basis for a regional mapping and monitoring framework, 
statistical modeling techniques that leverage satellite remote sensing, such as 
Landsat imagery for vegetation mapping, reflect developments in remote sensing 
and scientific or management needs (Banskota et al. 2014). Nearest neighbor 
imputation is well-suited for mapping complex vegetation characteristics, as 
there are no distributional assumptions about the data being modeled, and by 
imputing plots to pixels, the method can preserve relationships between many 
forest structure and composition characteristics (McRoberts 2001, Moeur and 
Stage 1995). In particular, the maintenance of covariation among multiple response 
variables needed to map late-successional and old-growth forest became a major 
justification for the use of nearest neighbor imputation as a component of NWFP 
effectiveness monitoring for late-successional and old-growth forests (Davis et 
al. 2015, 2022; Ohmann and Gregory 2002; Ohmann et al. 2012). The synergistic 
drivers (technological development and management needs) were particularly 
strong in the Pacific Northwest region of the United States. In this section, we 
provide a general overview of the characteristics of the GNN workflow, which 
leverages methodological developments dating back over several decades. This 
basic understanding of the mapping approach provides insights into the appropriate 
use of maps generated by GNN for planning, monitoring, and estimation.

Overview of GNN Methodology
At the center of regional vegetation monitoring and mapping in California, Oregon, 
and Washington lies an integrated remote-sensing and forest inventory framework 
that was developed over several decades. This framework links forest inventory 
data with remote sensing through an empirical modeling approach to produce 30-m 
(pixel resolution) maps of forest vegetation characteristics across all forests, thus 
supporting landscape assessment and analysis (fig. 1). In this section, we give an 
overview of the components of this system used to generate GNN maps: reference 
data, geospatial predictor data, GNN modeling and imputation, and nonforest 
masking. Our work builds on a 20-year legacy of GNN development in the Pacific 
Northwest (Bell et al. 2015a, 2021; Davis et al. 2015, 2022; Kennedy et al. 2018a; 
Ohmann and Gregory 2002; Ohmann et al. 2012) as well as nearest neighbor 
imputation research in forest sciences across the globe (Chirici et al. 2016).

The reference data: USDA Forest Service Forest Inventory and Analysis data—
The availability of field-based vegetation observations is foundational to reliable 
vegetation mapping (Lister et al. 2020). Though there are many potential sources of 
forest data, we used forest inventory plot data (hereafter, plot data) for California, 
Oregon, and Washington forests—from the USDA Forest Service’s FIA and Pacific 
Northwest Region monitoring plots that had at least 50 percent forested conditions 
as the source of forest attribute information. The 50-percent-forest-condition 
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threshold differs from the FIA definition of forest and was selected to ensure that 
most of the remote-sensing signal for a given plot is associated with forest and not, 
for example, grassland, shrubland, or developed land. 

FIA plots provide a broadly distributed, nationally consistent statistical 
sample of forests supporting broad-scale research and monitoring (fig. 2), such as 
species distributional responses to climate change (e.g., Bell et al. 2014, Canham 
and Thomas 2010, Martin and Canham 2020, Monleon and Lintz 2015), carbon 
storage (e.g., Smith et al. 2019), and vegetation cover types as part of wildlife 
habitat monitoring (Mellen-McLean et al. 2017). Although previous iterations of 
GNN mapping used data generated through various sampling designs (e.g., current 
annual FIA design, past periodic FIA design, regional forest monitoring plots), 
GNN-2020 uses only measurements derived from the annual FIA plot design, 
which was adopted in California, Oregon, and Washington in 2001 (Bechtold and 
Patterson 2005). FIA plots use a clustered, nested, four-subplot design with the 
largest components (macroplots) covering a total of 0.4 ha and a 9-Landsat-pixel 
(3- by 3-pixel) footprint (0.81 ha) centered on the central subplot roughly, but not 
completely, overlapping the entire measured area (fig. 3). At FIA plots, live and 
dead tree characteristics are measured, including individual tree species, diameter, 
and mortality status, among other attributes (see Burrill et al. 2021 for details on 
all available data). Those attributes can be summarized for each plot, providing a 
multifaceted dataset that characterizes forest structure and composition at the plot 
level. Of course, measurements from plots or portions of plots may also be aggregate 
across larger areas (e.g., counties) or conditions (e.g., forest types) to generate 
unbiased estimates of forest attributes or areas (Bechtold and Patterson 2005). 

Habitat capability maps Biomass and carbon maps Species distributions maps

Gradient nearest
neighbor (GNN)

Forest inventory plots

Temporally smoothed satelite
imagery (1986–present)

Other geospatial data
(topography, climate, location)

Yearly forest vegetation
maps (1986–present)

Figure 1—Conceptual framework for 
gradient nearest neighbor vegetation 
map production and applications. Maps 
are generated for 1986 onward as that is 
when Landsat imagery became available. 
Note that we exclude 1984–1985 to 
avoid some imagery artifacts related to 
our image processing.



P N W
G T R
101 8David M. Bell et al.  5

Figure 2— USDA Forest Service Forest Inventory 
and Analysis plot distribution across California, 
Oregon, and Washington. USDA Forest Service 
lands have higher plot density in Oregon and 
Washington outside of wilderness areas.
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The FIA nested plot design (four subplots) (fig. 3) captures local heterogeneity 
in forest conditions by distributing measurements across an area that, at times, can 
contain various forest conditions (e.g., plot straddles the boundary between an older 
and younger forest). For the purposes of modeling and mapping, using a single plot 
design (e.g., the clustered subplots of the annual FIA design) minimizes modeling 
artifacts associated with incorporating other plot designs into an analysis, as would 
be the case if including previous periodic FIA plot sampling designs. Furthermore, 
using only annual FIA plot design (fig. 3) provides consistent measurement on 
hundreds of forest structural and compositional attributes. 

Despite the clear value of FIA plot data for the study of forest conditions across 
broad geographies, there are several limitations as they relate to landscape and 
regional monitoring and planning in California, Oregon, and Washington. Spatial 
plot densities range from one plot for every 700–2400 ha, supporting design-based 
estimates of forest attributes at coarser scales (e.g., >25 000 ha) (Bell et al. 2022b). 
This spatial intensity of plot data is suitable for broad-scale estimation, but not 
necessarily for landscape assessments, and certainly not for spatial patterns for 
which mapping may be the only reasonable solution, such as identifying patches of 
a specific forest condition capable of supporting a northern spotted owl (Davis et 
al. 2016). Furthermore, rare forest conditions may be poorly represented in forest 
inventory data, though they are often locally abundant. Time intervals between 
plot measurements in California, Oregon, and Washington are 10 years, which may 
result in delayed assessment of forest change associated with episodic disturbances. 
Many local planning and monitoring questions may be better answered with a 
complementary approach that incorporates inventory data, physical environment 
information, remotely sensed data, and modeling.

Figure 3—Nested USDA Forest Service Forest Inventory and 
Analysis plot design with Landsat pixel sizes (30 m by 30 m) 
for scale for the 3- by 3-pixel window that contains the subplot 
centers. DBH = diameter at breast height. 

Landsat pixels

(30 m × 30 m) 2

1

4 3

14-m2 microplot (<12.7 cm DBH)

168-m2 subplot (≥12.7 cm DBH)

1012-m2 macroplot
(≥76.2 cm DBH west of Cascade
Mountains; ≥61.0 cm DBH east 
of Cascade mountains)
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Geospatial predictor data: Landsat satellite imagery and biophysical parameters—
Because annual maps are necessary to characterize forest attribute patterns across 
space and time, forest attribute mapping also relies on spatially explicit data, or 
maps, of variables relevant to the distribution of forest attributes across pixels, 
stands, landscapes, and regions. Multiscale controls on vegetation distribution and 
local community structure depend on interacting factors, including climate, geology, 
disturbance, and topography (Ohmann and Spies 1998). Therefore, mapping variables 
used to predict forest structure and function should account for these multiscale 
controls on vegetation.

Climate and topography represent broad- and fine-scale drivers of moisture and 
temperature environments, which control tree species distributions, forest productivity, 
and forest structure (Latta et al. 2010, Pan et al. 2013, Rehfeldt et al. 2006). For GNN-
2020, we used 800-m Parameter-Elevation Regressions on Independent Slopes Model 
(PRISM) normal rasters for precipitation and temperature1 and 10-m U.S. Department 
of the Interior Geological Survey (USGS) digital elevation models to derive a diverse 
suite of climatic and topographic indices that have been found useful in characterizing 
forest vegetation patterns (e.g., Davis et al. 2022, Ohmann and Gregory 2002). All 
derived rasters are projected and resampled to 30 m into the USGS  North American 
Datum 1983 Contiguous USA Albers projection using bilinear interpolation. In addition 
to these climate and topographic variables, latitude and longitude, or maritime influence 
on vegetation patterns (Daly et al. 2008), may be included as spatial predictors to help 
account for additional geographic patterns. The incorporation of latitude and longitude 
tends to constrain imputation and improve accuracy (Ohmann and Gregory 2002).

In contrast to climatic and topographic variables, the Landsat satellite image archive 
captures elements of forest condition at the time that imagery is acquired and can therefore 
reflect forest succession, disturbance, land use, and other past and present constraints 
on forest structure and composition (Cohen and Spies 1992; Hansen et al. 2001, 2013; 
Nguyen et al. 2020; Wulder et al. 2022; Zhu 2017; Zhu et al. 2020). Since 1984, spectrally 
harmonized data from three Landsat satellites with different sensors (Landsat 5 Thematic 
Mapper, Landsat 7 Enhanced Thematic Mapper Plus, and Landsat 8 Operational Land 
Imager) provide wall-to-wall observations of all forest lands globally at 30-m grain sizes 
(e.g., Roy et al. 2016, Vogeler et al. 2018). The multispectral data, which include visible 
light (red, green, and blue), near infrared, shortwave infrared, and thermal wavelengths, 
form the basis of a variety of vegetation mapping applications, including vegetation 
classification (e.g., Wickham et al. 2021), biomass mapping (e.g., Kennedy et al. 2018a, 
Matasci et al. 2018, Wilson et al. 2013), ecosystem productivity (e.g., Robinson et al. 2018), 
and disturbance mapping (e.g., Kennedy et al. 2010, Masek et al. 2008, Schroeder et al. 
2017, Zhu et al. 2020). Ideally, satellite imagery used in forest monitoring is temporally 
consistent and represents only the trends in vegetation status through time and across 

1  Data were downloaded from the Oregon State University PRISM Climate Group’s PRISM Climate 
Data website, http://prism.oregonstate.edu, on September 28, 2016.

http://prism.oregonstate.edu
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space, but we know that this is not the case. To improve consistency and reduce noise 
in annual Landsat time series, we leveraged fitted imagery based on change detection 
modeling with the ensemble LandTrendr (box 1). For GNN modeling, we excluded the 
first 2 years of imagery (1984–1985) to ensure high-quality performance of LandTrendr 
disturbance mapping, and thus fitted imagery (Davis et al. 2022).

Early examination of multispectral data and subsequent GNN-2020 vegetation 
maps highlighted low magnitude, multidecadal shifts in several multispectral 
indices. Such changes were often associated with late-successional or old-growth 
forests that appeared stable based on aerial photography, but GNN-2020 indicated 
potential declines in forest attributes associated with old forests, such as live tree 
basal area. Similar patterns have been previously observed in GNN mapping, 
motivating the stabilization (i.e., use of mean spectral indices rather than the 
trends from LandTrendr) when forests were deemed to be stable (i.e., not disturbed 

Box 1 

Using Ensemble LandTrendr for Change Detection and Temporal Smoothing of 
Satellite Imagery
Using the LandTrendr algorithm—a method of 
temporally segmenting annual Landsat time series 
to identify trends and change points, or vertices 
(Kennedy et al. 2010)—on Google Earth EngineTM 
(Kennedy et al. 2018b), we leveraged an ensemble 
disturbance mapping approach—a random forest, 
machine learning modeling approach (Healey et 
al. 2018)—to combine multiple versions of the 
LandTrendr algorithm (Cohen et al. 2018). This 
LandTrendr multispectral ensemble provides 
improved disturbance mapping accuracy from which 
Landsat fitted imagery can be derived (fig. 4). Thus, 
ensemble LandTrendr generates yearly 30-m imagery 
where each band’s pixel values represent interpolated 
values between segment endpoints (i.e., vertices). We 
refer to this as “fitted” imagery, as each yearly vertex 
is fit to the straight-line interpolation defined by 
ensemble LandTrendr segments. Vertices are years 
in which the temporal trajectory in multispectral 
imagery changes (i.e., slope differs before and after 
vertex year). Fitted imagery can be constructed for 
any band or index that is present or can be created 
from original Landsat imagery, creating a temporally 

smoothed set of Landsat bands and indices, such 
as tasseled-cap transformation indices (Crist and 
Cicone 1984) and the normalized burn ratio (Key 
and Benson 2006), for all years even when data 
are missing for certain pixel-year combinations. 
Because the fitted imagery arises from a disturbance 
mapping methodology, forest attribute mapping is 
inherently consistent with those same disturbance 
maps (Kennedy et al. 2018a). See Davis et al. 
(2022) for more information about the ensemble 
LandTrendr process and its role in Northwest Forest 
Plan effectiveness monitoring. In figure 4, we present 
a diagrammatic representation of the LandTrendr 
multispectral ensemble process as a reference to 
readers, but we do not explore the process deeply in 
this document.

There are four steps for the ensemble LandTrendr 
process: (1) run LandTrendr using single index or 
band, (2) repeat with multiple bands/indexes, (3) 
create datasets for training/validation, and (4) use the 
ensemble model to identify final vertices. Details for 
each step are explained in the figure 4 caption.

continued on next page
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or recovering from disturbance) (Davis et al. 2015, Kennedy et al. 2018a). Such 
issues may arise because of spectral saturation, where the sensitivity of spectral 
reflectance decreases as forest biomass, and thus age, increase (Foody et al. 
2003, Lu et al. 2012), meaning that small changes resulting from noise can drive 
shifts in forest attribute predictions from the modeling. Other potential drivers of 
multidecadal shifts in spectral indices independent of actual vegetation change 
include orbital drift for Landsat 5 decreasing the normalized difference vegetation 
index (Roy et al. 2016) or increasing exposure of non-leaf material, such as lichen 
and bark (Cohen and Spies 1992). We adopted an image stabilization method 
intended to minimize errors associated with slow spectral changes in older forests 
that lack any observed disturbance or recovery signal (box 2). 

(1) Run LandTrendr using single index or band

(3) Create dataset for training/validation (4) Use ensemble model to identify final vertices

(2) Repeat with multiple bands/indexes
LandTrendr (LT) fitting (per pixel) Yearly composites

Segment
array image

Segment
array image

Yearly composites

Target pixel

Landsat image clips TimeSync manual fitting (per pixel) Covariates at points Random forestTraining points

Segment array 
images

Ensemble vertex 
array imageTable of training/validation points

1       [1,0,0,0,0,0,1,1,0,...,0,1]
2       [1,0,1,1,0,0,0,0,1,...,0,1]
3       [1,0,0,0,0,0,0,0,0,...,0,1]

Segment array image 
(metrics for pixel 
across years)

1985

Raw NBR values
Fitted NBR values
Vertices

2020Year 1985 2020

Train

Predict

NBR
WET

SWIR

Year 1985 2020Year

N
BR

W
et

ne
ss

SW
IR

1984

.

.

.

2020

1984

.

.

.

2020

Random forest image from https://thenounproject.com/term/randomforest/1503830/ 
(Creative Commons)

Figure 4—Conceptual figure for the ensemble LandTrendr process. Yearly composites (i.e., best available growing season pixels) 
of 13 spectral bands and indices are generated from the Landsat time series. The LandTrendr algorithm (Kennedy et al. 2010) is 
applied to each set of composites to identify years in which spectral trends change (i.e., vertices), likely because of a disturbance. 
An ensemble LandTrendr prediction of vertices is generated using the 13 LandTrendr outputs, visually interpreted spectral 
changes associated with forest succession using TimeSync (Cohen et al. 2010), and a random forest model. The resulting ensemble 
vertices are then used to generate yearly fitted imagery by fitting linear regressions between each vertex (sensu piecewise 
regression). NBR = normalized burn ratio; WET = tasseled-cap wetness index (axis 3); and SWIR = shortwave-infrared.
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Box 2

Temporal Stabilization to Minimize Unrealistic Change in Old Forests
To address unrealistic spectral trends in older stable 
forests, we applied a temporal stabilization method 
to the temporally smoothed imagery. We identified 
stable pixels as locations where the ensemble 
LandTrendr indicated no disturbance from 1986 to 
2017 and classified as older forest (structure similar 
to forests ≥80 years in age) in 1993 based on a 
preliminary gradient nearest neighbor (GNN) model 
using unstabilized imagery (fig. 5). This classification 
of older, stable forest was based on the old-growth 
structure index (OGSI), which incorporates thresholds 
for density of large trees, density of large snags, tree 
diameter diversity index, and downwood volume for 
different forest types in the study region (Davis et 
al. 2015, 2022). The OGSI was calculated for each 
pixel based on the forest attributes predicted for that 
pixel based on a preliminary GNN model using the 
unstabilized imagery. 

We then stabilized imagery for pixels with OGSI 
values equivalent to those of a 200-year-old forest 

(i.e., old-growth forest) (Davis et al. 2015, 2022) by 
replacing the temporally smoothed indices from 
LandTrendr with the mean spectral index value across 
years. Previous stabilization methods held spectral 
indices constant across years for all pixels that the 
LandTrendr ensemble identified as not experiencing 
disturbance or postdisturbance regrowth (e.g., 
Kennedy et al. 2018a). Thus, mid-seral forests were 
generally stabilized such that they could not grow into 
late-successional categories, meaning that the primary 
mode of old-growth forest change was disturbance 
(e.g., loss of older forest). This may have biased results 
by underrepresenting gains in older forests. This could 
also underrepresent subtle losses (e.g., root disease); 
the ensemble LandTrendr used in this study should 
still represent some of these disturbances, though 
omission and commission rates exceed 20 percent 
when examining disturbances with the most subtle 
spectral signals (Kennedy et al. 2018a). In contrast, 
our current imagery stabilization method minimizes 

Aerial photo Stabilization mask (yellow)

Figure 5—Example comparison of an aerial photograph taken August 18, 2020 (left) versus stable pixels (right).

continued on next page
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GNN modeling and imputation—
GNN provides a multivariate, nonparametric methodology to vegetation mapping 
(Kennedy et al. 2018a; Myroniuk et al. 2022; Ohmann and Gregory 2002; Wilson 
et al. 2012, 2013) that can form the basis for stand-, landscape-, and regional-scale 
analysis and monitoring across a broad range of conditions (e.g., Davis et al. 2015, 
2016; Falxa and Raphael 2016). Although GNN can theoretically be used to model 
any ecosystem’s vegetation, it is used here to combine geospatial data with forest 
inventory data to model and impute forest attributes (structure and composition) 
across all forest lands in the study area (fig. 6). 

The framework uses canonical correspondence analysis, a method of 
constrained ordination (direct gradient analysis) (ter Braak 1986), to define a 
multivariate gradient space. Weighted Euclidean distances between plots and 
pixels in that multivariate gradient space are calculated such that the k-nearest 
neighbors for every pixel can be identified as those plots that minimize the 
distance to the pixel in question. For mapping, forest attributes are imputed to 
pixels based on some function of those nearest neighbors, such as the mean. 
The user can select differing values of k based on their objectives. For example, 
using only the nearest neighbor (i.e., k = 1) may help to maintain more realistic 
combinations of variables (e.g., species lists) by imputing only those combinations 
that were observed in the forest inventory (Ohmann et al. 2014). Conversely, using 
multiple neighbors (k > 1) may limit some types of mapping errors and allows for 
the estimation of prediction uncertainties (McRoberts 2001, 2012; McRoberts et al. 
2007). Therefore, the selection of k depends on the questions under consideration 
and the variable being examined.

Spatial predictors were extracted for each plot using a 3- by 3-pixel (90- by 
90-m, or 0.81 ha) footprint that encompassed the outer extent of the forested area 
of the field plot (fig. 3). We intersected the footprint with each spatial predictor 
and generated means across the 3- by 3-pixel footprint for each predictor. For 
satellite imagery, we extracted data for the same year as plot measurement to avoid 
temporal mismatches between field vegetation measurements and imagery-based 
measurements. Note that while the models were fit to these 3- by 3-pixel footprint 

unreasonable modeled changes in older forests, while 
still allowing for the transition of young stands into 
mature forest conditions over the course of decades. 
Whereas the forest area stabilized in the previous 
Northwest Forest Plan 20-year report was 15.7 million 
ha (43.1 percent of total forest area), stabilization in 
these models only accounted for 9.9 million ha (27.1 
percent). Therefore, although our stabilization may 

discard some real changes associated with forest 
dynamics, we performed 37 percent less stabilization 
than in previous iterations and tended to stabilize 
older forest areas where spectral saturation (Foody 
et al. 2003, Lu et al. 2012) is more prevalent. Trends 
in Landsat imagery may have relatively low signal-
to-noise ratios with respect to, for example, forest 
biomass change in undisturbed forests.
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composites, mapping occurred at the 30-m-pixel scale, which results in similar or 
better map accuracy compared to other strategies, such as using only the central 
FIA subplot and overlapping pixel or a kernel density approach (i.e., weighting 
the central pixel more heavily) to modeling (Ohmann et al. 2012, Zald et al. 2014). 
Furthermore, we did not include heterogeneous plots that straddle multiple disparate 
vegetation conditions (e.g., harvest boundaries or forest to shrubland transitions) 
to ensure that we retained representative spectral signatures for the forests being 
imputed (i.e., minimized heterogeneity within plots). In this context, heterogeneous 

Inventory plots

1. Conduct 
gradient
analysis of 
plot data

2. Calculate axis
scores from mapped
data layers

3. Find k-nearest 
neighbor plots in 
gradient space (p1…pk) 

4. Impute plot
ID (pi) and 
distance (di) 
for each 
neighbor in k

Neighbor rasters

Distance rasters

i = 1

Axis 1 p2

p2

p3 d3

d1

d2

Axis 2
Field plots

i = 2 i = 3

Explanatory variables

Gradient space Mapped predictions

Figure 6—Overview of the 
gradient nearest neighbor 
approach for a single modeling 
region (Oregon Coast Range), 
including inputs (inventory 
plots and explanatory geospatial 
variables), the development 
of gradient space, and the 
imputation of plot data to 
individual pixels.
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plots were identified as those where aerial photography, Landsat imagery, or the 
plot data themselves indicated more than one forest condition with dramatically 
different forest structural conditions, primarily determined by two researchers, 
Janet Ohmann and David Bell. 

Nonforest mask—
Because GNN models were fit solely based on plots with at least 50-percent forest 
condition class, and nearly all imputed attributes were forest attributes (e.g., basal 
area), our application of the GNN imputation process produces outputs that apply 
only to forested lands (≥10-percent tree cover), though imputed forest attributes 
were generated, but not disseminated, for all lands regardless of forest tree cover. 
For most applications, we developed a 30-m resolution raster for map analyses that 
represents areas within the study area that are capable of developing into forests, 
or “forest capable lands” (Davis et al. 2015). This forest capable layer excludes 
urbanized areas, major roads, agricultural areas, water, lands above the tree line, 
snow, rock, and other persistently nonforested features. 

Outside of the NWFP boundary, we used raster land cover data from both the 
Northwest and Southwest Regional Gap Analysis Projects (Grossman et al. 2008, 
Kagan et al. 2006) and mosaicked these rasters together. These datasets used 
NatureServe’s ecological systems (Comer et al. 2003) as the mapping categories. 
Forest and nonforest classes were created by grouping the NatureServe ecological 
systems, with forest and woodland types classed as forest and all others classed as 
nonforest based on the Ecological System Life Form (ESLF) (Kagan et al. 2006) 
codes. Members of our group (Janet Ohmann and Matthew Gregory) reviewed 
these ESLF classes to sort them into forest capable and nonforest capable classes 
to match the methods within the NWFP boundary as much as possible. Uncertain 
classes, such as woodland, were generally classified as forest such that GNN 
predictions would take precedence.

Consideration for Appropriate Use of GNN Maps
As discussed in previous monitoring reports (e.g., Davis et al. 2015), using vegetation 
maps, such as GNN-2020, as the basis of monitoring efforts requires a clear 
understanding of their uncertainties. The forest attribute maps from GNN-2020 
are produced using statistical models based on remote-sensing and forest inventory 
data, both of which include their own errors. Some of those errors are documented 
elsewhere, such as the spectral saturation associated with relating Landsat 
multispectral imagery to forest biomass measurements (Foody et al. 2003), spatial 
patterns and biases in biomass mapping errors associated with nonforest (Huang et 
al. 2015) or the estimation of forest biomass based on tree diameters (Clough et al. 
2016). In this section, we focus on a variety of concepts affecting the appropriate use 
of GNN-2020 (and other products generated by the GNN approach) for planning, 
monitoring, and estimation in forest landscapes at various spatial and temporal scales.
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Reading the Accuracy Assessment Reports
When new GNN models and maps are generated, we provide GNN accuracy 
reports for each modeling region for the past year in the mapping cycle. These 
reports are available as part of user downloads for the model regions that intersect 
the requested geographic regions. In each modeling region, we take several 
approaches to quantifying accuracy at several relevant spatial scales (box 3 
provides an example for live tree basal area). This accuracy assessment protocol 
applies a set of standardized metrics to facilitate comparison across variables and 
spatial scales. These metrics focus on data distributions, agreement between plot 
and modeled estimates, and the spatial pattern of local differences. Users should 
examine accuracy assessments for each attribute they use in analyses to understand 
if it meets their needs at the scale of analysis, as accuracy varies among forest 
attributes and between model regions.

Box 3

GNN-2020 Accuracy Assessment Report Example
As with previous iterations of gradient nearest 
neighbor (GNN) map production, GNN maps 
released by Bell et al. (2021) for 2020 (GNN-2020) 
are distributed with an accuracy assessment 
report that describes model parameterization 
and performance for commonly used predictor 
variables. Here, we provide an example of that 
accuracy assessment for the basal area of live trees 
≥2.54 cm diameter at breast height. The accuracy 
assessment includes predicted versus observed plots, 
classification accuracy for binned data, area estimates 
of classes compared to USDA Forest Service Forest 
Inventory and Analysis (FIA)-based estimates, and 
comparisons of aggregate GNN-2020 predictions 
to aggregate FIA estimates at successively coarser 
landscape scales (8660 to 216 500 ha). We summarize 
each assessment below but refer the reader to the 
reports for a more complete explanation.

Local (plot)-scale accuracy—
For local-scale accuracy assessment, we present 
a scatterplot of paired observed and predicted 
values for all plots that were included in model 
development (fig. 7). Observed values come directly 
from the FIA plot data and are calculated across 

all forested conditions on a plot. Predicted values 
are calculated from a modified leave-one-out 
technique (i.e., imputed predictions, excluding the 
focal plot to avoid self-imputation during accuracy 
assessment) (Ohmann and Gregory 2002). Using 
a 90- by 90-m area centered on the plot location, 
we calculate predictions for each of the nine 30-m 
pixels. Following the approach for approximating 
a bootstrapped sample of neighbors, we extract the 
first seven independent candidate neighbors for each 
pixel, weight each neighbor based on values that 
approximate a bootstrapped sample, and calculate 
the weighted average (Bell et al. 2015a). The plot 
predicted value is calculated as the unweighted 
average across all nine pixels. We display the 1:1 line 
between observed and predicted values and color the 
dots based on a kernel density estimator to highlight 
frequent values in the distribution.

In addition, we present a confusion matrix based 
on binning the observed-predicted pairs using Jenks’ 
natural breaks classification (Jenks 1967) (fig. 8). 
Both strict and fuzzy class accuracy are displayed, 
with fuzzy classes defined as +/− one class from the 

continued on next page
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Figure 7—Scatterplot of observed versus 
predicted values for basal area of trees 
≥2.54 cm diameter at breast height 
(BA_GE_3). Colors in the scatterplot are 
associated with a kernel density estimate 
of the underlying data distribution, where 
blue represents low density of data points 
and yellow represents high density of data 
points. Because points in dense space are 
often overlapping and hard to differentiate, 
these colors provide insight into the 
distribution of points at their highest density. 
RMSE is the root mean square error.
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Figure 8—Confusion matrix of observed versus predicted classes for basal area of trees ≥2.54 cm diameter at breast height. 
Classes are based on natural breaks classification of all plots in a modeling region.

continued on next page
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actual class. Strict classes are shaded as darker gray, 
and fuzzy classes are shaded as lighter gray.

Regional scale accuracy—
For regional scale accuracy assessment, we compare 
forest area using three different methods (fig. 9). 
First, a design-based sample from the FIA plots is 
used to estimate nonforest area and forested area of 
the attribute split into six classes. Area expansion 
factors are associated with each plot based on the 
relative proportion of each condition on a plot. 
The plots that comprise the FIA estimate are those 
nearest in time to the model year, and because the 
FIA data are collected on a 10-year annual cycle, 
plot assessment dates may differ by up to 10 years 
from the current GNN model year. Furthermore, 
this simple assessment does not fully account 
for unsampled plots (e.g., those too dangerous to 
measure or where the landowner did not permit 
access to crews), meaning that the FIA acreage 
will not be the same as the official FIA estimates. 
For example, the production of FIA estimates of 
forest attributes use stratified sampling to deal with 
missing data. The second series shows GNN model 
predictions based on grouping pixel areas into the 

classes defined by natural breaks classification (Jenks 
1967) of the plot data. The third series is based on 
an area estimation technique introduced by Olofsson 
et al. (2013). In this approach, an error matrix is 
constructed for all plots that were used in the design-
based sample using the same bin endpoints. The error 
matrix is used to adjust the mapped, GNN-based 
estimates to approximate the relative distribution of 
this design-based sample. In addition, confidence 
intervals are constructed, which vary as a function 
of the agreement in the error matrix. Therefore, the 
GNN and error-adjusted area estimation for a given 
class may not exactly match the values based on the 
mapped forest attributes or the FIA plot data alone, 
but similarities among FIA, GNN, and error-adjusted 
area estimates should provide user confidence of 
broad-scale performance.

Accuracy across scales—
To assess intermediate scales of GNN model 
performance, we rely on the assessment protocol 
introduced by Riemann et al. (2010). We construct 
three spatial scales of hexagon tessellations 
(repeating patterns of a shape) across our model 
region—10-km (8660 ha), 30-km (78 100 ha), and 
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Figure 9—Area histogram of basal area of trees ≥2.54 cm diameter at breast height (BA_GE_3) based on design-based USDA 
Forest Service Forest Inventory and Analysis sample, map-based gradient nearest neighbor (GNN) predictions, and error-adjusted 
estimates. Error adjustment of map-based areas follows Olofsson et al. (2013). Asterisks indicate that the error-adjusted estimates 
were not performed in those cases.

continued on next page
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50-km (216 500 ha) spacing between hexagon 
centers. For every hexagon, both the observed 
and predicted means are calculated across all 
plots within that hexagon. As the spatial scale of 
the hexagons increase, more plots are included in 
the calculation of mean observed and predicted 
values. The paired means for each hexagon are 
then displayed as scatterplots (fig. 10). Generally, 

as spatial scale increases, there is a tighter 
correspondence between hexagon observed and 
predicted mean values. When this behavior is 
observed in the scatterplot, it suggests that the 
correspondence between design-based estimates 
(plots) and model-based estimates (GNN) converge 
reliably as a function of spatial scale.
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at breast height. RMSE is the root mean square error.
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Forest Attributes and Geospatial Predictors
In addition to accuracy assessments available with the data, we encourage users to 
consider whether the forest attribute that they wish to examine is a characteristic 
related to the geospatial variables being used to generate the GNN-2020 maps: 
satellite imagery, climate, or topography. Our past work (Bell et al. 2015a) has 
indicated that forest attributes most closely related to live tree structure (canopy cover, 
tree size, and biomass) are better predicted than (1) dead tree components (snags 
and logs) that are relatively rare or not directly observed and (2) species composition 
(hardwood proportion), which is better represented by subannual variation in imagery 
(e.g., Wilson et al. 2012) as opposed to annual composites (fig. 11). Similarly, a long 
history of niche modeling indicates that environmental gradients determine species 
distributions at broader scales (e.g., Rehfeldt et al. 2006). Therefore, including climatic 
and topographic variables in GNN-2020 represents those distributions, though similar 
performance of maps generated with and without Landsat imagery indicate that fine-
scale variation in species occurrence is more poorly represented (Henderson et al. 
2014). However, local abundances of tree species may depend more strongly on local 
processes as opposed to climate (Canham and Thomas 2010), similar to disturbance 
dynamics; and remote sensing may contribute strongly to the mapping of forest 
community structure (Bell et al. 2022a, He et al. 2015), including the occurrence of 
rare plant species (Zimmerman et al. 2007).

Figure 11—Imputation precision varies in terms of the relationship between forest attributes  
and the ability of satellite imagery to capture forest structure related to those attributes. (A) In 
the Oregon Cascade Mountains, six forest attributes are shown in terms of prediction precision at 
the pixel scale (modified from Bell et al. 2015a). The interpercentile range (IPR) is the difference 
between 97.5th and 2.5th percentile values across all pixels, with the box and whisker diagrams 
representing variation in IPR across pixels. (B) How forest structure related to those attributes may 
be captured by satellite imagery.
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Even without direct observation of a forest attribute to the geospatial predictors, 
maps of those attributes may be valuable, especially when aggregated across 
broader areas. When a given forest attribute is not directly associated with, for 
example, the satellite imagery, the user should be aware that the correlation between 
the target attribute and the live tree forest structure captured by satellite imagery 
constrains the predictions. Thus, the accuracy of predictions for some forest 
attributes depends on their correlation with characteristics of the exposed forest 
canopy that are being observed by the satellites. For example, down log volume 
is generally low in a young, Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) 
plantation but can be quite variable in certain types of late-successional and old-
growth forests (i.e., western hemlock [Tsuga heterophylla (Raf.) Sarg.]), leading to 
relatively high certainty in predictions in some places (young plantations) and not 
others (older forests). Despite the uncertainties at the scales of pixels in many forest 
attributes, aggregating GNN data across broader areas or within vegetation types 
or seral stages tends to improve prediction accuracy, as found for aboveground 
live forest carbon (Bell et al. 2018, Ohmann et al. 2014) and fuel type classification 
(Pierce et al. 2009). Furthermore, spatially coherent mapped patterns (e.g., 
continuous blocks of late-successional and old-growth [LSOG] forests) may provide 
additional confidence or may form the basis of spatially explicit analyses, such as 
the study of habitat connectivity (box 4). For more discussion of this concept, see 
the “Spatial Scale” section below.

Number of Nearest Neighbors
A central tradeoff in the development of forest attribute mapping and estimation 
with nearest neighbor techniques is the selection of the number of neighbors (k), 
which often represents a balance between individual forest attribute accuracy and 
multivariate attribute realism (Chirici et al. 2016, McRoberts 2012, Ohmann and 
Gregory 2002). Previous NWFP effectiveness monitoring reports have used k = 
1 GNN (i.e., imputing the nearest neighbor only) as the basis of mapping to avoid 
mapping unrealistic combinations of forest conditions, such as cooccurrences of 
species that do not coexist in actual forests (Davis et al. 2015). However, pixel-
level uncertainties can be large (Bell et al. 2015b, Loehle et al. 2015), especially 
when examining rare forest conditions, such as high-elevation forests recovering 
from wildfire (Bell et al. 2015a). Such uncertainties differ substantially depending 
on the forest attribute being considered, indicating that maps of predicted means 
and uncertainties (e.g., standard deviations) are both needed in the use of forest 
attribute maps; traditional accuracy assessments may not be sufficient for assessing 
map utility. To minimize the potential for unrealistic combinations of predictions, 
allow for the mapping of model precision across the study area, and dampen 
uncertainties related to rare forest conditions, we adopted an approximation of 
a bootstrap sampling approach for k = 1 GNN (Bell et al. 2015a). The bootstrap 
approximation uses multiple neighbors (k = 7) and applies a weighted mean, with 
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Box 4 

Habitat Connectivity Mapping
A central motivation for our mapping work has 

been to improve understanding of the status and 
trends in late-successional and old-growth forest 
(LSOG) areas, with connectivity among patches 
guiding the application and interpretation of the 
GNN-2020 data. Thus, quantification of spatial 
patterns in LSOG (e.g., core, edge, finger, and 
scatter) forms the basis for applying LSOG mapping 
for Northwest Forest Plan monitoring (fig. 12). The 
quality of LSOG as a part of habitat for obligate 
species (e.g., northern spotted owl) depends on 
the spatial context of individual pixels, as species 
will respond differently to conditions inside a large 

patch versus small areas in a sea of young forest. 
Additionally, lone pixels not associated with a 
larger patch may be associated with omission (false 
negatives) and commission (false positives), as 
indicated by comparisons of LSOG spatial patterns 
from GNN-2020 and light detection and ranging 
(LiDAR) forest canopy height information (fig. 12). 
Where species require large vegetation patches, 
habitat quality modeling, including analysis of 
connectivity, with GNN-2020 data should focus on 
core and edge components because of their greater 
biological importance and added confidence in 
predictions (Davis et al. 2022).

A. LiDAR canopy height model

0 300 Core
Patch

Edge Finger Scatter
Height (ft)

B. Morphological spatial patterns (OGSI 80)

Figure 12—Example comparison of (A) forest height and (B) predicted late-successional and old-growth forest patches from GNN-
2020 classified as patch core, patch edge, finder, or scatter. OGSI 80 is a classification of a continuous old-growth structure index 
using a ≥80-year age threshold—when forests commonly attain late-successional stand structure. Reproduced from Davis et al. (2022).
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weights proportional to the probability that a bootstrap sample would result in that 
plot being the nearest neighbor for a pixel. Resulting predictions from the bootstrap 
approximation for aboveground forest biomass in California and western Oregon 
were highly correlated to k = 1 predictions but tended to exhibit lesser root mean 
square deviations (Battles et al. 2018). Because of the improved accuracy, we advise 
users to leverage GNN with k > 1 (e.g., bootstrap approximation) in most cases, 
but that they use k = 1 if unreasonable combinations of variables that could be 
created by averaging over neighbors (e.g., tree community composition) would be 
problematic for their analyses. 

Spatial Scale
Regional- to national-scale vegetation mapping products based on multispectral 
remote sensing, such as Landscape Fire and Resource Management Planning 
Tools (LANDFIRE) (Rollins 2009), may be generated to support landscape-level 
assessments but still provide information as fine as the grain size of the imagery 
(30 m for Landsat). However, various factors influence the most appropriate spatial 
scale for map-based analyses. Even though the grain size of GNN maps is that of a 
Landsat pixel (30 m), accuracy assessments are not appropriate at scales finer than 
the 0.81-ha or 9-pixel footprint (Bell et al. 2015b). Analyses at these fine scales 
require great care. Aggregated GNN map predictions at landscape- to regional-
scales (tens to thousands of square kilometers) are similar to plot-based estimates 
(Ohmann et al. 2014, Pierce et al. 2009). For example, although aboveground live 
biomass predictions in California at 30- to 90-m scales often underpredict at the 
high end and overpredict at the low end relative to light detection and ranging 
(LiDAR)-based predictions, county-level GNN predictions were equivalent to FIA 
design-based estimates (R2 = 0.97) (Battles et al. 2018). Additionally, comparisons 
of model-based versus design-based estimation of forest live carbon in California 
for small area estimation indicated that mean predictions were not systematically 
biased (10 000- to 68 400-ha areas) and that below 25 000 ha, GNN-based variance 
estimates (McRoberts et al. 2007) were superior to design-based methods (Bell et 
al. 2022b). These findings support the application of spatially aggregated GNN data 
to monitor forest resources and support forest planning (e.g., boxes 5 and 6).

Additionally, relative gradients in forest structural attributes (e.g., low to high 
biomass or young to old forest) produced by GNN are similar to LiDAR-based 
maps at stand- to landscape-scales (hundreds to thousands of hectares), though 
often biased relative to the LiDAR-based maps (Bell et al. 2018). Even though 
GNN predictions may overpredict at low biomass and underpredict at high biomass 
relative to LiDAR, the similarity in forest structural gradients means that maps of 
modeled vegetation attributes important to wildlife based on GNN- and LiDAR-
based forest attribute maps may result in similar maps (Ackers et al. 2015). We 
do not think that there is a set spatial scale for appropriate use of GNN but rather 
a variety of scales depending on the forest attribute under consideration and the 
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way the GNN data are being used. We suggest that users examine the accuracy of 
the variables in which they are most interested in using (e.g., figs. 7 and 8) and the 
behavior as plots are aggregated (figs. 9 and 10) to determine the scale at which the 
data can be applied. Thus, users can rely on our accuracy assessments, the above 
descriptions of application-specific considerations, and our previous literature, in 
making their decision of appropriate scale for use of GNN maps. When in doubt, 
we propose that users err on the side of caution and use the GNN map products at 
coarser scales if appropriate for the question at hand. 

Tracking Change Through Time
As a basis for monitoring, data need to be consistent through time (i.e., related to 
patterns and drivers in the same way, regardless of year) to minimize the role of 
methodological artifacts on map changes. Our use of temporally smoothed spectral 
indices generated by the ensemble LandTrendr algorithm addresses temporal 
consistency because we used the trends in spectral indices, rather than the raw 
data, to build our models, making year-to-year variation in vegetation mapping a 
more reasonable representation of reality (Kennedy et al. 2018a). Furthermore, the 
use of only FIA annual plots in our imputation process minimized methodological 

Box 5

Providing Watershed-Scale Context Around Planning Areas Using DecAID
Gradient nearest neighbor (GNN) maps are valuable 
in providing the landscape context around a planning 
area. The Decayed Wood Advisor (DecAID) is a 
planning tool used by wildlife biologists and  
ecologists as a single source for best available science 
to guide management of snags, partially dead trees,  
and downwood (Mellen-McLean et al. 2017). It is 
mostly used on national forests within the Pacific 
Northwest, but the U.S. Department of the Interior 
Bureau of Land Management, county extensions, 
and small private woodlands in Oregon have recently 
used DecAID to inform management decisions. 
Snags and down dead wood are important habitat 
attributes for many wildlife species. DecAID is a 
publicly available Web platform that incorporates 
three main components: (1) an analysis of vegetation 
inventory data or statistical summaries in the form of 
histograms for snag diameter, snag density, downwood 
diameter, and downwood percentage of cover for 

both reference conditions from FIA data and current 
conditions from GNN maps for all landscapes across 
Oregon and Washington grouped by wildlife habitat 
types (Johnson and O’Neil 2001) in 5th hydrologic unit 
code watersheds or larger (generally >60 000 ha); (2) 
a review of published literature and other available 
data on wildlife use of decayed wood attributes, 
primarily in Oregon and Washington, where studies 
with quantitative data through 2016 are synthesized 
and presented at three statistical levels of use (called 
tolerance levels); and (3) summaries for practitioners 
intended to help inform meaningful treatments 
resulting in the best ecological outcome for a variety 
of wildlife species. For example, data such as the 
distribution of snags by size class in late-successional 
ponderosa pine (Pinus ponderosa Lawson & C. 
Lawson)/Douglas-fir forest plots are easily summarized 
by DecAID and can serve as a benchmark for 
managers that need to assess specific habitat attributes. 
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Box 6

Identifying Broad-Scale Abundance of Unique Habitat Types
USDA Forest Service Forest Inventory and Analysis 
estimates provide accurate information about the 
abundance of common forest types on the landscape, 
but as with other systematic random, poststratified 
sampling efforts, they capture uncommon forest 
types with lower precision. When managers need to 
know where a specific forest type occurs within a 

forest, gradient nearest neighbor (GNN) maps can 
add key information. As part of a regional effort to 
understand the abundance of several unique habitats, 
GNN species maps were used to identify where basal 
area of whitebark pine (Pinus albicaulis Engelm.), 
quaking aspen (Populus tremuloides Michx.), Oregon 
white oak (Quercus garryana Douglas ex Hook.), or 

western juniper (Juniperus 
occidentalis Hook.) was 
identified using species-
level basal area attributes 
(fig. 13). Zonal statistics 
were then used to assess 
the number of acres in 
each national forest in 
Oregon and Washington 
state where these species 
were predicted to occur 
(table 1). The 2020 GNN 
maps give managers 
an indication of where 
certain species are likely 
to occur and can make 
field verification efforts 
more efficient. Forest-
level summary, even 
of these relatively rare 
species, is appropriate for 

Western juniper (Juniperus occidentalis) Whitebark pine (Pinus albicaulis)

Quaking aspen (Populus tremuloides) Oregon white oak (Quercus garryana)

<5 percent
5–25 percent

25–50 percent
>50 percent

USDA Forest 
Service managed

Area of species presence within 780-ha hexagon

Figure 13—Distributions of 
four species for Oregon and 
Washington based on 2020 
gradient nearest neighbor map 
data that was summarized for 
780-ha hexagons to improve 
visual clarity of the maps.

continued on next page



P N W
G T R
101 8Guidance for forest management and landscape ecology applications of recent gradient nearest neighbor imputation maps  24

artifacts in the maps resulting from changes in forest inventory plot design (e.g., 
shift from periodic to annual plot designs for FIA). However, by limiting our 
modeling and imputation to plots with the annual plot design, we also limited the 
time frame used for model fitting (2001–2016). As a result, to map conditions prior 
to 2001, we must assume that the multivariate relationships of remote-sensing and 
environmental predictor variables with forest inventory response variables were 
stationary through time but not necessarily in space (e.g., developing models for 
different regions). For example, a clearcut in 1985 is assumed to appear the same to 
the Landsat satellites as a clearcut in 2005, thus if all plots across years are used in 
the same model, a 2005 plot (from some other location) can be imputed to the 1985 
pixel. Similarly, others have assumed that models based on reference data from one 
time step can be applied to other time steps for a spectrally harmonized approach 
(e.g., Moisen et al. 2016, Ohmann et al. 2012, Vogeler et al. 2018).

However, we do not account for a potential source of error caused by subtle 
shifts in spectral data, such as those observed for Landsat 5, where gradual 
changes in orbital path caused erroneous detections of vegetation browning and 

strategic planning. Here, it 
is important to emphasize 
that individual pixels in 
the raster are not assumed 
to be accurate, even for 
the most common species, 
and especially not for these 
unique habitat types. In this 
example, the quick GNN 
summary informed the 
decision to pursue mapping 
optimized for these unique 
habitats, but the specific pixel 
maps were not used because 
the accuracy for these 
species is not sufficient when 
assessing acreages over areas 
smaller than national forests. 

Table 1—Predicted area with western juniper (Juniperus occidentalis) on 
each national forest in Oregon and Washington based on 2017 western 
juniper basal area maps from 2020 gradient nearest neighbor map data

Forest name 
Western 

juniper present
Acres

Columbia River Gorge National Scenic Area 33
Colville National Forest 0
Deschutes National Forest 39,741
Fremont-Winema National Forest 276,513
Gifford Pinchot National Forest 0
Malheur National Forest 283,599
Mount Baker-Snoqualmie National Forest 0
Mount Hood National Forest 321
Ochoco National Forest 278,094
Okanogan-Wenatchee National Forest 0
Olympic National Forest 0
Rogue River-Siskiyou National Forest 2,546
Siuslaw National Forest 0
Umatilla National Forest 69,925
Umpqua National Forest 777
Wallowa-Whitman National Forest 100,864
Willamette National Forest 21

Regional total 1,043,433
Note: The six national forests with the most western juniper acreage are in eastern Oregon; this 
corresponds with the western juniper map in fig. 13. 
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underestimations of greening (Roy et al. 2016). However, in forested ecosystems, 
imagery stabilization procedures, as described above, may minimize the impact 
of shifting spectral indices (Schleeweis et al. 2016). Thus, while uncertainties 
associated with the construction of a time series of vegetation mapping data 
remain, we have taken several steps to maximize the temporal consistency of those 
maps. These efforts to maximize temporal consistency provide added confidence 
in mapping forest vegetation trends and assessing rates of change (box 7). Note 
also that our imagery stabilization process may help avoid unrealistic losses of 
late-successional and old-growth forest in otherwise stable forests but could also 

Box 7

Trends in Late-Successional Old-Growth Forests in the Northwest Forest Plan Area
Late-successional and old-growth (LSOG) forest 
monitoring for the Northwest Forest Plan (NWFP) 
Effectiveness Monitoring Program (Davis et 
al. 2015, 2022; Moeur et al. 2011) has been a 
driving force behind gradient nearest neighbor 
(GNN) method development in general and the 
2020 GNN map (GNN-2020) data in particular. 
Annual mapping of older forests from GNN-2020 
highlights interannual variability in predicted rates 
of change as well as lagged change associated with 
large disturbances (fig. 14). We observed general 
increases in LSOG forest area since the 1990 timber 
injunction, which led to NWFP adoption in 1994, 

though annual rates of increase (area in focal year 
divided by area in previous year) vary from 0 to 
0.4 percent. Increasing trends were reversed during 
major fire years (e.g., 2002) when large amounts of 
LSOG forest were affected by wildfires; and wildfire 
losses, depending on the timing of the event, 
sometimes are not observed until the next year's 
Landsat imagery. Since the end of this study’s period 
of measurement (2017), additional fires, especially 
the 2020 Labor Day fires (Reilly et al. 2022), have 
dramatically decreased the extent of LSOG. Further 
work is needed to determine defensible ways to 
explicitly assess uncertainty in change analyses.
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Figure 14—Predicted annual rates of change in forests with structure similar to forests >80 years of age based on 2020 gradient 
nearest neighbor map differences. Modified from Davis et al. (2022).
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contribute biases to other forest attributes, such as underprediction of live tree 
biomass accumulation in those older forests.

It is also important to note other sources of uncertainty arising from 
regeneration harvest edges, which often have substantial shadowing, sometimes 
resulting in erroneous gains or losses along disturbance margins (Davis et 
al. 2015) and potentially indicating that LSOG forest cores are most reliably 
mapped. We have observed a tendency for GNN to predict increasing older forest 
characteristics following forest thinning disturbances, which is not consistent with 
basal area reductions associated with thinning; elevated frequency of canopy gaps 
and shadows and basal area reductions from thinnings would most likely cause 
little change in the old-growth structure index. Other research has noted that the 
tasseled-cap transformation indices can be sensitive to shadows (e.g., Baumann 
et al. 2014). Such errors lead to the false impression that thinning operations are 
rapidly reestablishing older forest, which is not silviculturally or ecologically 
possible for young conifer plantations over the temporal span of this monitoring 
cycle (a few decades). Likewise, we have observed that rapid ground vegetation 
reestablishment (greening) after forest stand-replacing events (e.g., high-severity 
fire) can result in apparent rapid gains in older forest. For some applications, such as 
old-growth mapping, high-severity disturbance maps can be used to mask out these 
rapid recovery events (Davis et al. 2022). In other words, once a stand-replacing 
event affected a pixel, it could not be classified as “older forest” following the 
disturbance event, given that it takes longer than the length of the Landsat time 
series for a regenerated stand to redevelop into older forest. 

For remotely sensed vegetation mapping to be used as a component in 
monitoring activities, changes in those vegetation maps should be accurate and 
sensible. Our imagery stabilization, plot screening to remove heterogeneous plots, 
and integrated disturbance and vegetation mapping framework was explicitly 
designed to ensure that changes in forest attributes, especially those associated 
with LSOG forests, were consistent with disturbance and recovery processes 
occurring on the landscape (Kennedy et al. 2018a, Ohmann et al. 2014). The 
fitted satellite imagery takes into account disturbance history for a given pixel, 
providing trends in spectral indices upon which vegetation mapping is generated, 
but does not preclude errors in the mapping of change. Aboveground live biomass 
change predictions produced by GNN mapping in California and Oregon were 
most accurate for disturbed forests (i.e., losses of biomass), with recovering forests 
exhibiting moderate accuracy and stable forests exhibiting little accuracy in 
change predictions (Battles et al. 2018). Furthermore, local predictions (e.g., tens to 
hundreds of hectares) can be quite error prone (Bell et al. 2015a) even though they 
may represent gradients in forest attributes well (Bell et al. 2018). Skepticism is 
warranted for predictions that don’t make ecological sense or for areas smaller than 
the 3- by 3-pixel footprint (0.81 ha) (Bell et al. 2015b).
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Temporal Scale
The appropriate temporal scale for examining change depends on the processes 
of interest (Masek et al. 2015). Acute and abrupt disturbances, such as wildfire or 
timber harvesting, generally occur over the course of a single year. Even chronic 
and protracted disturbances, such as drought stress, insect attack, or disease tend 
to occur over a handful of years. Thus, using Landsat-based approaches that use 
annual composites, such as GNN, to examine the impacts of disturbance on forest 
attributes can characterize changes occurring over only a few years. In contrast, 
it may be difficult to correctly map, and thus interpret, annual changes in slower 
and more subtle dynamics in forest attributes that are associated with undisturbed 
forests, such as the accumulation of large live or dead trees (Bell et al. 2021), 
biomass change (Powell et al. 2010), or the development of vegetation attributes that 
are important parts of northern spotted owl or marbled murrelet (Brachyramphus 
marmoratus J.F. Gmelin, 1789) habitat (Davis et al. 2016, Falxa and Raphael 2016, 
Lorenz et al. 2021) over decades. From year to year, pixels may blink on and off 
(i.e., move in and out of a classification over time) for a given forest attribute, 
leading to substantial noise regarding forest landscape change. If these protracted 
processes are of interest, users may want to examine trends over multiple decades 
(e.g., bookend analyses) or over large areas (e.g., watersheds) to ensure that changes 
are directional and sensible. 

Almost all accuracy assessments of GNN-2020 have focused on mapping 
status, not change. In the absence of disturbance, the amount of change experienced 
in a year or a decade is often small compared to the initial conditions, leading to 
the potential for substantial uncertainty in rates of change. For example, even in 
a fast-growing, mature forest stand, aboveground live biomass change in Pacific 
Northwest forests will, on average, increase by much less than 1 percent per year 
(Bell and Gray 2016). However, GNN mapping often better predicts substantial 
changes associated with forest disturbance compared to changes within stable 
(undisturbed) forests (Battles et al. 2018). Additionally, mapping of small (e.g., 
wind) or long-duration (e.g., stress) disturbances and their consequences may 
be more prone to error than larger, shorter duration events (e.g., fire or harvest) 
(Schroeder et al. 2017). As a result, users interested in examining forest change with 
GNN mapping should recognize that small, relative changes in a forest attribute are 
innately more uncertain compared to rapid, large-magnitude changes associated 
with forest disturbance, especially at the pixel level, but perhaps also at broader 
scales. Whether a user is interested in fast or slow changes in forest resources, Web-
based visualization can help users assess and interpret GNN-2020 data relevant to 
their particular questions (box 8).
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Categorical Variables and the Danger of Thresholds
Classification of continuous variables (low to high values of a forest attribute) can 
be used to produce categorical variables based on a set(s) of attribute threshold 
rule(s), for example, when binned into natural breaks for the accuracy assessment. 
Note that categorical variables can be sensitive to small errors and should be 
examined with care. For example, if a user is interested in which lands support at 
least five large (>50 cm DBH) snags per hectare, minor changes in the number of 
snags observed on plots, and thus which plot is imputed where, can determine the 
difference between the presence or absence of a given pixel. As a result, presences 

Box 8 

User-Friendly Visualization Tools for Tracking Trends Over Time
An ongoing partnership between the USDA 
Forest Service Pacific Northwest Research Station 
and Oregon State University makes continued 
development of user-friendly tools possible. These 
public-facing tools make using 2020 gradient nearest 
neighbor (GNN-2020) data far more accessible to 
managers. Google Earth EngineTM combines annual 
data from 30+ years and summarizes them at a user’s 

desired scale, allowing managers to focus on the 
attributes and ecologically relevant processes they 
need to monitor. To simplify users’ introduction to 
the GNN-2020 data and facilitate data exploration, 
we developed the GNN trend tool, a Web-based 
platform for visualizing and exporting landscape- 
and regional-scale data summaries (fig. 15). 
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Figure 15—Example output from the gradient nearest neighbor (GNN) trend tool. In this example, the trend in area of large live 
trees from 1995 to 2017 is shown for the Rogue River-Siskiyou National Forest. Wildlife habitat types listed here are moist mixed 
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(WLCH-OCO). The obvious drop in SWOMC is associated with the Biscuit Fire in 2002.
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may blink on and off through time, especially at finer spatial scales. Note that 
similar behavior can be observed for plot data, not just map predictions. Continuous 
variables allow subtle gradation and empower users to customize their own rule 
set(s) or to use the variable as a gradient predictor variable in species distribution 
modeling as mentioned above.

Future Research Directions
When we highlight the strengths and limitations of the GNN-2020 and similar 
products, several future lines of research emerge. We are pursuing several areas of 
work to improve regional forest structure and composition mapping:
•	 Annual GNN mapping—The roughly 5-year cycle required for research, 

modeling, and mapping highlights a need to develop repeatable workflows for 
annual updates to ensure that GNN maps are applicable to current landscapes. 
For example, the most recently completed mapping covers 1986–2017; however, 
numerous infrequent but not unprecedented fires, including the large, wind-
driven Labor Day fires (Reilly et al. 2022), dramatically altered the landscape, 
reducing GNN-2020 map utility in disturbed areas. Based on our experience 
(Bell et al. 2021, Davis et al. 2022, Myroniuk et al. 2021), we are currently 
working to leverage Google Earth Engine™ to update our imagery annually to 
form the basis for provisional GNN mapping each year. 

•	 Integrating stand height—Incorporating stand height from LiDAR as a 
predictor in GNN mapping can dramatically improve forest structure predictions, 
as indicated for the Deschutes National Forest in central Oregon (Zald et al. 
2014). However, LiDAR data are generally not appropriate for regional mapping 
and monitoring because it is not available for all lands; LiDAR acquisitions 
differ in terms of the sensors used, year of measurement, time of year, and 
several other characteristics that make compilation and consistent use of 
those data challenging; and remeasurement across years is still relatively rare 
outside of certain geographies. However, we have begun incorporating height 
information from statewide, biennial National Agricultural Imagery Program 
(NAIP) imagery (Strunk et al. 2020, 2022) as a predictor for forest structure and 
composition mapping at regional scales (Bell et al. in 2022a). Initial results seem 
to indicate substantial improvements for some forest structure predictions, such 
as large tree (>75 cm DBH) density, with the addition of stand height from NAIP. 
Research is still needed to understand the full benefits of such an approach.

•	 Integrating high-resolution photography—Another avenue for leveraging 
NAIP imagery is the incorporation of measures of fine-scale variation in 
vegetation for subpixel (<900 m2) areas. Subpixel heterogeneity in vegetation 
may be particularly important for mapping postdisturbance forest structure and 
composition, providing support for understanding the effects of, and recovery 
from, wildfires. 
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Conclusions
The integration of repeat-measurement forest inventory data with time series remote sensing 
as a basis for monitoring the status and trends in forest attributes and ecosystem properties 
is an increasingly important strategy for supporting forest management and planning. The 
maturation of both nearest neighbor imputation as a key approach and the increasing access 
to time series of satellite imagery have facilitated the development and adoption of the GNN 
imputation mapping approach as an important tool for delivering complex, multivariate forest 
attribute data to managers. Map users will undoubtedly leverage the complex, multivariate 
data to address a variety of research and management questions, highlighting the need for 
clear guidance on the use of those data.

This report provides guidance in several areas that users should be familiar with before 
using GNN-2020 data. We describe the GNN method and key inputs, including FIA data, 
Landsat imagery, and other geospatial predictors. We describe the extensive accuracy 
assessment reporting performed before map deliveries, including advice regarding how 
to interpret various diagnostics and statistics. We discuss various concepts regarding the 
appropriate use of maps, including whether forest attributes might be well characterized by 
the geospatial predictors, the appropriate spatial and temporal scales for using the data, and 
the types of forest dynamics/processes that may or may not be well represented in the maps, 
among other things. Most importantly and broadly, we advise users of any mapping product 
to think carefully about their needs and consider how much uncertainty is acceptable and 
whether it is reasonable to expect the map in question to represent the forest attributes of 
interest across space and through time.
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U.S. Standard Equivalents
When you know: Multiply by: To find:
Centimeters (cm) .394 Inches
Meters (m) 3.28 Feet
Kilometers (km) .621 Miles
Hectares (ha) 2.47 Acres
Square meters (m2) 10.76 Square feet
Trees per hectare .405 Trees per acre
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Metric Equivalents
When you know: Multiply by: To find:
Inches 2.54 Centimeters
Acres (ac) .405 Hectares
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