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Abstract: We demonstrate the potential for pushbroom Digital Aerial Photogrammetry (DAP) to en-
hance forest modeling (and mapping) over large areas, especially when combined with multitemporal
Landsat derivatives. As part of the National Agricultural Imagery Program (NAIP), high resolution
(30-60 cm) photogrammetric forest structure measurements can be acquired at low cost (as low as
$0.23/km? when acquired for entire states), repeatedly (2-3 years), over the entire conterminous USA.
Our three objectives for this study are to: (1) characterize agreement between DAP measurements
with Landsat and biophysical variables, (2) quantify the separate and combined explanatory power
of the three auxiliary data sources for 19 separate forest attributes (e.g., age, biomass, trees per
hectare, and down dead woody from 2015 USFS Forest Inventory and Analysis plot measurements
in Washington state, USA) and (3) assess local biases in mapped predictions. DAP showed the
greatest explanatory power for the widest range of forest attributes, but performance was appreciably
improved with the addition of Landsat predictors. Biophysical variables contribute little explanatory
power to our models with DAP or Landsat variables present. There is need for further investigation,
however, as we observed spatial correlation in the coarse single-year grid (=1 plot/25,000 ha), which
suggests local biases at typical scales of mapped inferences (e.g., county, watershed or stand). DAP,
in combination with Landsat, provides an unparalleled opportunity for high-to-medium resolution
forest structure measurements and mapping, which makes this auxiliary data source immediately
viable to enhance large-scale forest mapping projects.

Keywords: NAIP; DAP; photogrammetry; forest structure; Landsat; Forest Inventory and Analysis;
forest attribute modeling; small area estimation

1. Introduction

The complexity and scope of forest planning and monitoring across large ownerships
(e.g., USDA Forest Service National Forest Systems) is motivated by various management
issues, such as climate change, wildfire risk, wood production, and threatened and en-
dangered species, and is made more robust by regionally consistent, multifaceted forest
attribute datasets. Spatially explicit information for detailed forest attributes (e.g., struc-
ture and composition) can support landscape analyses across a variety of ownerships
and biophysical conditions. Thus, wall-to-wall mapping based on time-series of Landsat
imagery, environmental gradients, and forest inventory data have become increasingly
common as a basis for planning and monitoring [1-5]. While such modeling and mapping
efforts provide valuable information from landscape to regional levels, they may not be
sufficiently accurate at finer scales (e.g., stands or blocks) needed for tactical manage-
ment decisions, as indicated, e.g., by coefficients of determination increasing from 0.37
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at plot-scales (approximately 1 ha) to >0.90 at landscape-scales (216,500 ha hexagons) in
Riemann et al. [6].

Remote sensing of vertical forest structure can improve estimation and mapping in
support of planning and monitoring [7]. For example, the addition of detailed forest height
information from airborne lidar (henceforth just “lidar”) has been shown to dramatically
improve accuracy for forest structural, but not compositional, attribute modeling compared
to Landsat-based approaches [8]. Underestimation of biomass and related forest attributes
in high biomass ecosystems associated with spectral saturation is common for models based
on multispectral imagery [9,10]. This issue is often minimized when using lidar height-
based measurements as predictor variables in modeling [11]. However, lidar coverages
are not spatially complete, nor do they have consistent repeat acquisitions. As a result,
available lidar data do not have the spatial and temporal coverage to fully support regional
estimation and monitoring efforts.

The development of canopy surface height measurements from National Agricultural
Imagery Program (NAIP) pushbroom-sensor image acquisitions, known as Digital Aerial
Photogrammetry point clouds (or simply DAP, for short), may address some of the short-
comings of lidar acquisitions related to cost and frequency in the continental United States
(CONUES), albeit with fine-scale artifacts (e.g., missing trees in openings and edge effects)
and less precision than either lidar or frame camera DAP [12,13]. Statewide acquisitions
occurring at 2-3-year intervals—the current cadence of NAIP imagery acquisition—could
form the basis for broad-scale monitoring if DAP height data provide adequate information
about forest canopy structure. Integration of lidar structure with other auxiliary data
sources has been investigated in the peer-reviewed literature [14-18], but it is not known
how the incorporation of DAP (which has less explanatory power than lidar) with Landsat
and environmental gradients affects forest attribute modeling and whether the fusion of
multiple datasets synergistically improves model performance. Examples of applying DAP
based on pushbroom imagery, as is used for the NAIP program, to model forest attributes
are relatively uncommon and generally focus on small study areas <20,000 km? [19]. There-
fore, even though DAP is far less expensive than lidar ($0.23/per km? vs. $200 per km?)
while providing some of the same information, understanding the capacity for DAP to
improve mapping and estimation of forest attributes will be required before state or federal
agencies will consistently support acquisition of such data.

The objective of this study is to assess whether the vertical structure information
provided by NAIP DAP improves predictive power for forest attributes over what is
provided by Landsat and environmental gradients. The explanatory power of NAIP DAP
is evaluated when modeling a suite of 19 field-derived forest attributes over a large area
(Washington State, USA; Figure 1) for a single year, 2015. We also assess whether there
is increased explanatory power provided when multiple auxiliary data sources are used
together, by how much, and for which forest attributes. Our hypothesis is that NAIP DAP
can appreciably improve the explanatory power of forest attribute models relative to using
only Landsat and environmental gradients, especially forest attributes closely related to
height and cover such as height, volume, biomass, and carbon. These models can then be
used for precise large-area forest mapping.

2. Methods
2.1. Study Area

The study was conducted for forest areas in the state of Washington (WA) in the USA
(Figure 1). The study area encompasses 184,000 km? and includes diverse biophysical
conditions, such as marine forests, montane forests of up to 4392 m elevation (Mount
Rainier), rainforests with more than 2.5 m of rainfall, and arid desert conditions with less
than 10 cm of rainfall per year. The state is 53 percent composed of forests (90,000 km?), of
which 89% are dominated by conifer trees [20].
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Figure 1. The location of the state of Washington, our study area, in the northwestern contermi-
nous USA.
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The most common tree species in WA is Douglas-fir (Pseudotsuga menziessi (Mirb.)
Franco). Other common conifers include western hemlock (T5uga heterophylla (Raf.) Sarg.),
western redcedar (Thuja plicata Donn ex D. Don), and various species of true fir (Abies),
pine (Pinus), and spruce (Picea). Common broadleaf species include western red alder
(Alnus rubra Bong.), bigleaf maple (Acer macrophyllum Pursh), black cottonwood (Populus
balsamifera Torr. & Gray), oak (Quercus garryana Douglas ex Hook.), and aspen (Populus
tremuloides Michx.).

2.2. Field Sample Data

Field measurements were collected on USDA Forest Service Forest Inventory and
Analysis (FIA) plots, the national grid of Continuous Forest Inventory (CFI) plots for
the USA [21]. FIA field plots use a clustered 0.067-hectare plot design composed of 4
0.017-hectare circular subplots over an approximately 1.0-hectare area (Figure 2).
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Figure 2. Schematic of FIA field plot layout [21].

We summarized 573 FIA field plots collected in 2015 across Washington. To be included
in modeling, plots had to have at least half of their sampled area in forested conditions as
determined by field crews. On each of four subplots, crews tallied individual live trees
>2.5 cm and standing dead (snag) trees >12.7 cm using three different fixed-radius plot
sizes: microplot ~1/750 ha for trees 2.5-12.5 cm diameter at breast height (DBH), subplot
~1/60 ha for trees and snags >12.7 cm DBH, and macroplot ~1/10 ha for trees and snags
>61.0 cm DBH (western Washington) and >76.2 cm DBH (eastern Washington). From
individual tree records and their associated expansion factors, we calculated the suite of
plot attributes in Table 1 which are summarized in Table 2. We adjusted tree expansion
factors to include only sampled areas that were in forested condition classes, which includes
recently disturbed (e.g., harvest or fire) areas.
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Table 1. Inventory plot attributes for accuracy assessment. Plot attributes were compiled from
tree-level records and summarized to plot level (DBH = diameter at breast height).

Attribute Units Description
Basal area weighted stand age based on field recorded
AGE_DOM years or modeled ages of open grown, dominant, and
co-dominant trees (FIA crown classes 1-3)
BA_GE_3 m?/ha Basal area of live trees >2.5 cm DBH
BAH_PROP proportion Proportion of total basal area that is hardwood
BPH_GE_3_CRM ke/ha Componenttr iiti;)%e;cﬂf)g EEI[IES]S of all live
CANCOV percent Canopy cover of all live trees [23]
DDI none Diameter diversity index [24]
HCB m Average height to crown base
QMD_GE_3 cm Quadratic mean diameter of trees >2.5 cm DBH
sC none A composite measure of stand size class and stand
cover class.

SDBA m?/ha Standard deviation of basal area of all live trees
SDDBH cm Standard deviation of diameter of all live trees
SDDBHC cm Standard deviation of diameter of all live conifers

Sand driyinder e st s o
rone Ot dosbaed o qudraic mer dmes
STNDHGT m Average tree height of dominant and codominant trees
SVPH_GE_25 m3/ha Volume of snags >25.0 cm DBH and > 2.0 m tall
TPH_GE_3 trees/ha Density of live trees > 2.5 cm DBH
TPH_GE_75 trees/ha Density of live trees > 75.0 cm DBH
VPHC_GE_3 m3/ha Volume of live conifers > 2.5 cm DBH

Table 2. Summary of field measurement derived forest attributes.

Min Max Mean Median sd cv%
VPHC_GE_3 0 1747.45 348.87 232.82 351.82 100.84
TPH_GE_75 0 113.57 8.13 0 17.37 213.53
TPH_GE_3 0 7466.23 1009.72 700.67 1052.42 104.23
SVPH_GE_25 0 1119.22 85.02 26.69 143.92 169.29
STNDHGT 0 64.68 20.12 19.54 11.5 57.17
SIZECL 1 6 3.23 3 1.23 38.13
SDI 0 693.67 169.37 152.06 120.9 71.38
SDDBHC 0 44.24 12.28 11.41 7.65 62.3
SDDBH 0 42.25 12.23 11.45 7.39 60.44
SDBA 0 0.61 0.07 0.05 0.08 103.33
SC 1 7 4.15 4 1.71 41.26
OMD_GE_3 0 100.57 24.31 22.86 13.34 54.88
HCB 0 30.42 7.1 5.89 5.62 79.25
DDI 0 10 3.99 3.58 2.25 56.45
CANCOV 0 99.57 63.67 70.79 27.95 439
BPH_GE_3_CRM 0 996,580.22 199,977.61 141,155.54  198,912.17 99.47
BAH_PROP 0 1 0.05 0 0.16 313.39
BA_GE_3 0 128.54 35.67 30.15 26.41 74.05
AGE_DOM 0 526 111.36 94 82.03 73.67
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Locations of FIA subplots were obtained as part of the high-precision positioning
program used area-wide (CA, OR, WA, AK, HI, pacific islands) by the Pacific Northwest
FIA program PNW FIA [25]. PNW FIA has invested in dual frequency (L1/L5) GPS and
GLONASS GNSS receivers with positioning accuracy estimated to be better than 2 m on
average under dense canopy [26-28]. This level of positioning accuracy may not be needed
for intersection with Landsat and environmental gradients, but Strunk et al. [13] showed
that high performance positioning provides measurable improvements in models fit with
auxiliary NAIP DAP variables.

2.3. Auxiliary Data Sources

Three sources of auxiliary data were used in this investigation, including environ-
mental gradients (Table 3), Landsat derivatives (Table 4), and NAIP Digital Aerial Pho-
togrammetry (DAP; Table 5). Climate attributes were derived from the Parameter-elevation
Relationships on Independent Slopes Model (PRISM) using 30-year monthly normals
(1981-2010) (http://www.prism.oregonstate.edu/normals/ accessed on 28 September
2016). Ecologically significant climate indices were first calculated at 800 m from monthly
temperature, precipitation, and vapor pressure deficit rasters, then resampled to 30 m using
bilinear interpolation. Location rasters were generated using pixel center’s geographic
coordinates. Location rasters include a coastal proximity index for air temperature that
measures the optimal path of air parcels to each pixel [29]. Continuous soil characteristics
were downloaded from Soil Information for Environmental Modeling and Ecosystem Man-
agement using USDA-NRCS STATSGO soil data [30]. We combined separate soil horizons
into composite measures using depth-weighted averaging.

Table 3. Environmental gradients used in modeling.

Attribute Units Description
Climate (based on PRISM 30-year normals—1981-2010)
ANNPRE In mm Total annual precipitation
ANNTMP °C Mean annual temperature
AUGMAXT °C Mean August maximum temperature
CONTPRE % Percentage of annual precipitation falling in June-August
CVPRE none Coefficient of varialtjitzzle?rf1 ;relfzr; g}?ﬂ;hly precipitation of
DECMINT °C Mean December minimum temperature
DIFTMP °C Difference between AUGMAXT and DECMINT
SMRMAXVPD hPa Maximum summer vapor pressure deficit
SMRMNVPD hPa Mean summer vapor pressure deficit
SMRPRE In mm Mean precipitation from May-September
SMRTMP °C Mean temperature from May-September
Location
LAT none Geographic latitude
LON none Geographic longitude
COASTPROX none Coastal proximity for temperature
Soils
AWCL1 none Available water capacity up to one meter
ROCKDEPTH cm Soil rock depth

BD none Soil bulk density
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Table 3. Cont.

Attribute Units Description
SAND % Soil percent sand
SILT % Soil percent silt
CLAY % Soil percent clay
PERM none Soil permeability
PH none Soil pH
POROS none Soil porosity
RVOL none Soil rock volume
Topography
DEM meters Elevation
HILL none Elevation hillshade from azimuth = 315, altitude = 45
MLI none McComb’s Landform Index [31]
SLPPCT Y% Slope (percent) (rounded to nearest integer)
PRR none Potential relative radiation [32]
Topographic position index, calculated as difference
TPI150 none between cell’s elevation and mean elevation of cells within a
150-m-radius window [33]
Topographic position index, calculated as difference
TPI300 none between cell’s elevation and mean elevation of cells within a
150-300-m-radius annulus
Topographic position index, calculated as difference
TPI450 none between cell’s elevation and mean elevation of cells within a

300-450-m-radius annulus

Table 4. Landsat spectral derivatives using ensemble LandTrendr.

Attribute Units Description

TC1 none Fitted tasseled-cap axis 1 (brightness) Pased on

ensemble Landtrendr segmentation
TC2 none Fitted tasseled-cap axis 2 (greenness) 1t‘)ased on

ensemble Landtrendr segmentation

Fitted tasseled-cap axis 3 (wetness) based on ensemble
TC3 none .
Landtrendr segmentation
Fitted normalized burn ratio based on ensemble

NBR none

Landtrendr segmentation

Table 5. Example DAP height metrics computed using FUSION.

Attribute Units Description

Min, max,
median, mean, meters Various statistics computed on vertical distribution of point
sd, skewness, heights above 2 m. Points below 2 m were not considered.

kurtosis
P05, P50, P90 meters Helght quantiles comput.ed on the vertical dlStI‘lbuthI.l of point
heights above 2 m. Points below 2 m were not considered.
Cover % Percent of points above 2 m relative to all points
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We derived topographic covariates by first mosaicking 10 m (1/3 arc-second) digital
elevation models (DEMs) downloaded from the National Elevation Dataset [34], then
resampling to 30 m using bilinear transformation. All elevation derivatives were created
from the 30 m DEM to avoid inconsistencies stemming from calculating indices from 10 m
and then resampling to other distances.

For Landsat derivatives, we used variables derived from a multispectral ensemble
modeling approach to the Land Trendr algorithm [35,36]. Methods are described in detail
in Bell et al. [37], but we briefly describe the key processing steps. Yearly summer medoid
composites of Landsat 5 (TM), 7 (ETM+), and 8 (OLI) were created for 1985-2017 and run
through LandTrendr using a variety of spectral bands and indices to delineate segment
endpoints. The output of each LandTrendr run is a set of temporal vertices and segments
for each pixel that describe change over all years. The sets of LandTrendr outputs then are
used as inputs in a random forest model [38] using TimeSync pixel trajectories as training
data [39]. As with the inputs, the output of the ensemble modeling is a revised set of
vertices and segments that are used to create fitted spectral bands and indices. We applied
fitted tasseled-cap values estimated by Crist and Cicone [40] and computed normalized
burn ratio [41] indices in this analysis (Table 4).

Stereo imagery used to generate photogrammetric point clouds was collected in the
summer of 2015 by Northwest Geomatics Ltd. (Calgary, Alberta, Canada) using a Leica
ADS100 sensor. Rear and nadir view angles were used for point cloud creation (forward
angle not used). Data were collected from a nominal 5000 m flying height for a target 40 cm
GSD. Photogrammetric point clouds were generated from NAIP pushbroom imagery for
the state of WA by WA Department of Natural Resources using BAE Socet software [42]
at a nominal 40 cm resolution. The point clouds are stored in the laz format [43] where
vertical information are elevations. While lidar is typically also processed to create a Digital
Terrain Model (DTM), NAIP DAP point clouds were not processed to create DTMS since
they generally only represent the canopy surface structure. The DTM used in this study
was instead taken from the National Elevation Data (NED) [44]. This causes a reduction in
accuracy over what can be achieved with a lidar DTM e.g., [13].

While the DAP point clouds generated from the pushbroom imagery collected for the
NAIP program offer many opportunities due to their cost-value relationship (<$0.23/km?)
and the relatively high temporal frequency of NAIP (2-3 years), and the data bear a super-
ficial resemblance to lidar, pushbroom DAP point clouds should not be considered equal
to airborne lidar with respect to their ability to characterize forest structure. Pushbroom
DAP point clouds have many limitations in terms of structure and artifacts relative to lidar
data. Pushbroom DAP resembles a coarse, smoothed lidar-derived canopy surface model
(elevations) with artifacts resulting from shadows, edges, and single trees in openings
(e.g., Figure 3). DAP point clouds can be an excellent source of general canopy structure
information, but they do not have the detail, reliability, intra-canopy structure, and (typ-
ically) ground returns below vegetation that are provided by lidar [12,13]. Pushbroom
DAP point clouds appear to be especially poorly suited for individual tree detection (ITD)
for the example datasets that we have worked with thus far: CT, NH, OR, TN, WV, WA.
Hopefully, with camera and software updates this will change. Frame-camera-derived
DAP point clouds, in contrast, contain more fine canopy details that may better support
ITD (not shown). Despite the limitations relative to lidar, the DAP point clouds derived
from NAIP stereo provide a unique opportunity to measure forest structure over the entire
conterminous USA at regular intervals (2-3 years) at fine spatial resolutions (30-60 cm).
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Figure 3. Comparison of pushbroom NAIP DAP point cloud (red) and lidar point cloud (blue)
heights above lidar DTM for a 1 m wide 170 m long strip, where the tallest tree is approximately 30 m
according to the lidar.

The DAP point cloud was processed to create plot metrics using the U.S. Forest
Service FUSION software [45]. FUSION was used to extract DAP points for FIA plot
footprints and then FUSION was used to calculate a suite of DAP height-derived metrics
for individual plot locations including mean, standard deviation, quantiles, and cover
(Table 5). See the FUSION documentation for a complete list of metrics and tools available
in the FUSION suite.

2.4. Orthogonal Transformations

One of the objectives of the study is to assess similarities and differences between DAP
height, environmental gradients, and Landsat imagery in their ability to explain variation
in forest attributes. However, each of the auxiliary data sources is itself a multivariate
dataset with varying amounts of explanatory information. To assess the agreement between
auxiliary data sources using, e.g., scatterplots, would require hundreds of scatterplots, and
even that could be misleading, as some relationships are multivariate in nature. Instead,
to simplify comparisons, each of the auxiliary data sources and the response variables
were separately orthogonally transformed. In the case of DAP height, environmental
gradients, and the response variables, principal component transformations were used. In
the case of Landsat spectral data, a tasseled cap transformation was used, which is very
similar to principal components [46]. These transformations consolidate unique linear
information into the first few columns of data. Visual assessment of the presence of linear
trends observed between datasets can then be inferred from plotting the first few bands
against each other from each transformed dataset. In the case of auxiliary data sources, the
strength of the trends represent the amount of redundant information, and for the response,
the strength of the trends represent the amount of explanatory power. We recognize that
using ordination to generate orthogonal predictor variables that explain a large portion of
the variance in each auxiliary data source does not necessarily provide the optimal set of
predictors for any specific model. Reducing the complexity of these datasets to just a few
dimensions is a convenient method to assess the potential contribution of DAP, Landsat,
and/or environment to the modeling of forest attributes possible.

2.5. Model Exploration

We used Ordinary Least Squares (OLS) to explore the linear agreement between auxil-
iary variables and response variables. Linear methods were convenient in the context of this
study as they facilitate interpretation of the linear agreement between multiple variables.
Thus, we could explore the relative explanatory power of each of the three auxiliary data
sources. Linear models were fit using the R statistical programming environment [47] with
the RStudio GUI [48]. Linear regression was used to relate individual response variables
with up to three predictor variables from each of the predictor sets. A best subsets regres-



Remote Sens. 2022, 14, 3433

10 0of 18

sion approach [49] was used to select up to three predictor variables that achieve the highest
value of Bayesian Information Criterion BIC [50], a common model scoring criterion.

Relative model performances and the explanatory information in the three auxiliary
data sources were evaluated using the coefficient of determination (R?). While the same
data used for fitting were used for evaluation, in preliminary exploration we observed
that OLS with large numbers of training observations (e.g., 500+) and few numbers of
covariates is fairly robust to overfit and optimistic R? values. Models with higher R? values
are assumed to have higher performances, and the contributing auxiliary data sources are
assumed to provide more explanatory information than alternative groups of auxiliary data
sources. This approach is clearly limited to monotonic linear relationships, where more
complex and non-monotonic relationships are not considered. This type of investigation
is exploratory in nature and provides indication of the relative contributions of the three
auxiliary data sources, but this study is not designed to identify “best” prediction strategies.

Spatial correlation amongst residuals was evaluated both visually by using mapped
residuals (clusters of similar residuals) and quantitatively by using the Moran’s I statis-
tic [51], a measure of global spatial autocorrelation. We used Moran’s I with resampling
simulations to test the probability that the observed level of spatial autocorrelation could
arise through random chance—probability is computed as the proportion of resamples
(taken without consideration for spatial arrangement) with the same or larger absolute
values of Moran’s I (for a two-sided test).

3. Results
3.1. Linear Agreement between Variable Types

To assess the linear agreement among different sets of predictor variables, we examined
scatterplots between DAP HT, ENV (first principal components), and LS (Tasseled Cap
1) (Figure 4). The principal components were fit using all the variables from each type,
although the results were insensitive to subsets of variables as the many variables contain
redundant information (not shown). In the first panel of Figure 3, we see little or no
evidence of an association between DAP HT and ENV—only 8% of variation in ENV.PC1 is
explained by HT.PC1 (R? = 0.08). In the second panel, there is evidence of a weak association
between LS and DAP HT (R? = 0.26). In the third and final panel of Figure 4, there is no
evidence of an association between ENV and LS (R? = 0.01). These results suggest there is
little or no linear agreement between the three types of auxiliary data sources, and they
may contribute additively to models for the response variables. Scatterplots for additional
principal components (e.g., HT.PC2, not shown) demonstrated no visible trends for any
combinations of auxiliary variables (data not shown).

We assess the relationship between the three auxiliary data sources and the response
variables using the scatterplots in Figure 5 which indicate that the first principal component
from forest attributes were weakly to strongly related to each of the auxiliary datasets
following orthogonal transformations. The scatterplots suggest that DAP height predictors
have the greatest amount of explanatory power for forest attributes (R? = 0.54), followed
by Landsat (R? = 0.29), with environment variables having the least apparent explanatory
power (R? = 0.12). The first principal component for DAP height (HT.PC1) has a tight
grouping with the response vector (RESP.PC1). Landsat (LS.TC1), in contrast, has a curvi-
linear relationship with response PC1, which appears to be grouped less tightly than the
response PC1 vs. DAP height metrics. The strength of the relationship for Landsat as
indicated by R? for the simple linear regression fit is negatively affected by the curvilinear
relationship. The scatter for ENV.PC1 has a weak linear relationship with the response data.
Other principal component auxiliary vectors (e.g., PC2, PC3, TC2, TC3, etc.) demonstrated
no linear relationships with response principal components.
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ENV.PC1

LS.TC1
ENV.PC1

HT.PC1;: R*=0.08 HT.PC1: R*=0.26 LS.TC1; R*=0.01

Figure 4. Scatterplots and coefficients of determination (R2) of first principal components for Landsat
(LS), DAP Height (HT), and environmental gradients (ENV). The black is an OLS fit between variables

on x and y axes.

HT.PC1: R =054 ENV.PC1; R?=0.12 LS.TC1; R*=0.29

Figure 5. Scatterplots and coefficients of determination (R2) of the response first principal component
(RESP.PC1) vs. first principle components for Landsat (LS), DAP Height metrics (HT), and environ-
mental gradients (ENV). The black line is an OLS fit between the RESP.PC1 and respective auxilary

variables on the x axes.

3.2. Linear Modeling Performance

The explanatory power of each of the three auxiliary data sources is inferred from the
coefficient of determination values (R?) reported for the 19 forest attributes in Figure 6. As
was suggested previously in scatterplots of principle components, the OLS results indicate
that DAP height derivatives have the greatest explanatory power (i.e., greatest R? for a
model with only one auxiliary data source) for the greatest number of variables, followed
by Landsat, with the least explanatory power coming from environmental variables. There
are response variables for which Landsat exceeds the explanatory power of DAP height, es-
pecially SDI and CANCOV. We should note that CANCOV is not a field-measured attribute,
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it is an allometric prediction from field-measured attributes [52] and the performance may
not be representative of the predictive performances for field-measure canopy cover or
canopy closure. There were no response variables for which environmental variables alone
exceeded the explanatory power of either DAP height or Landsat alone.

R-Squared Values for Best Models
(Max of 3 Predictors)

100

80
70
60
50
40

20
10

= z 9

Ht_Env
Hi_LS
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Ht_Env_LS

Figure 6. Coefficients of determination (R?) in percent (%) for linear models fit relating DAP heights
(Ht), environmental gradients (Env), and landsat (LS) to field-measurement-derived forest attributes.
The color gradient represents low (blue) to high (red) R2 values.

The performances for models fit with variables from multiple types of predictors
suggest that the components of variation explained by each type of auxiliary variable were
at least partially independent, as indicated by their additive contributions to performances
when used together. Performance inproves when more than one type of predictor is
available, and the best performance is generally achieved using all three predictor types,
although the improvement is generally small for environmental gradients. Response
variables associated with canopy trees (e.g., BA_GE_3, CANCOV, BPH_GE_3_CRM, DDI,
STNDHGHT, VPHC_GE_3) generally exhibit the greatest R2 when either a DAP or Landsat
remote sensing auxiliary data source is included. Response variables associated with
species composition (BAH_PROP), standing dead trees (SVPH_GE_25), and tree densities
(TPH_GE_3, TPH_GE_75) had lower R? values across all models.

3.3. Spatial Analysis

Given the large extent of our project area (184,000 km?), a linear model with a fixed
set of covariates for the entire area may perform poorly for local predictions. The primary
concern is that spatially grouped observations might have correlated residuals. This would
result in bias in the aggregation of pixels to polygons such as stands, watersheds or counties.
To assess the need for model localization, we evaluate spatial patterns in the residuals
for volume (VPHC_GE_3; Figure 7)—a variable that is commonly of interest for land
managers in the Pacific Northwest (USA). The spatial patterns evident in the residuals in
Figure 7 suggest that a generic model fit for the entire state of WA is not appropriate for
mapping purposes and that a localization process of some kind is needed. For example,
it is evident that there are clusters of blue, orange, and red residuals at various locations
throughout the state. A formal test of spatial correlation between the residuals using



Remote Sens. 2022, 14, 3433

13 0f 18

Moran’s I indicates that it would be highly unlikely to see the observed residual pattern
from spatially independent observations (p-value << 0.001).

Figure 7. Volume (VPHC_GE_3) residual pattern (m3/ha in percent of the mean) for OLS model
fit with best performing set of height, environment, and Landsat predictors (p-value < 0.0001 for
Moran’s I test).

4. Discussion

Our investigation demonstrates that, while DAP provides the greatest explanatory
power overall for forest attributes (but not for all attributes) of the three auxiliary data
sources, there is room for dramatic improvement when DAP and Landsat are used in
combination (up to 20 percentage point increase in R?> and a mean increase compared to
DAP alone of 9.5 percentage points). Environmental gradients, in contrast, provide little or
no explanatory over what is provided by DAP or Landsat. Pairwise scatterplots of their
principal components suggest that some of the information in the three auxiliary data
sources is redundant, but Landsat and DAP especially provide independent explanatory
information, as indicated by their weak linear agreement with each other (DAP PC1 and
Landsat TC1) and stronger agreement with PC1 from the response data. These findings
are encouraging given that Landsat imagery is freely available at high temporal resolution
(>1 overflight/month) and NAIP imagery is collected nationwide (conterminous USA)
every 2-3 years. These data can readily be combined in large area mapping efforts for
considerably less cost than a similar mapping effort with lidar—although with reduced
precision relative to lidar.

The combination of NAIP DAP and Landsat provide an exciting opportunity for high
fidelity forest mapping and estimation, but there is evidence that careful consideration
should be given to spatial correlation between prediction errors. These data can nominally
be used in combination for fine-scale predictions (e.g., 30 m or finer), but our exploratory
findings suggest that due to the spatial correlation between residuals, aggregates to, e.g.,
stand or watershed polygons could be highly biased. Observed spatial correlations are
consistent with the use of longitude and latitude as predictors as well as modeling and
mapping at sub-regional scales (e.g., partitioning the data into 3—4 ecoregions for the state
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of Washington, USA) in regional forest attribute mapping and monitoring frameworks
utilized in OR and WA for the past two decades [1,37,53]. Our results are also consistent
with evidence that biomass modeling and mapping based on spectral (Landsat) and height
(lidar) that does not account for spatial error can lead to underprediction of estimate error
in small-area applications [54]. Additional investigation would be needed to determine
the degree to which spatial modeling could reduce local bias and the amount of bias
present for various scales of aggregation. Alternative modeling approaches such as errors
in variables models [55], spatial models [56], and non-parametric approaches [38,57] should
be investigated for predictive performance with respect to small-area inferences.

As has been observed in other studies [8,17], we observed that height-derived at-
tributes contribute the greatest explanatory power in models of forest attributes, followed
by spectral data and last, environmental gradients. Forest attribute mapping for the De-
schutes National Forest in central Oregon indicated that the addition of lidar to k nearest
neighbor (kNN) imputation models using Landsat and environmental predictors increased
R? for many structural variables, including QMD (0.1 to 0.55), HCB (0.1 to 0.5), and BA
(0.3 to 0.7) [8]. Those improvements are more dramatic than the improvements in QMD
(0.17 to 0.29), HCB (0.28 to 0.41), and (0.55 to 0.63) in our study. Differences may be
attributed to their use of more accurate height information (lidar with a lidar DTM vs.
pushbroom DAP with the USGS NED DTM), their smaller study area (a single National
Forest vs. all of Washington state), and possibly due to their use of a more flexible modeling
method (kNN vs. OLS). The importance of inclusion of additional auxiliary data sources
appears to be greater for pushbroom-DAP-derived height metrics than those derived from
lidar, as pushbroom DAP generally explains less variation in forest attributes than would
be expected with lidar i.e., there is more variance to explain, e.g., [12].

The R? values observed for modeling forest attributes from pushbroom DAP in this
study are lower than has been observed for other studies with pushbroom DAP in the
NW USA. The study by Strunk et al. [12] used circular plot footprints over a much smaller
500 km? extent, which may be indicative that localization and a consolidated plot footprint
could result in better modeling performances. Another study that had better model per-
formances than we observed also used FIA plots; however, the study used plots that were
predominantly located in lowlands in western WA forests and only for areas with a lidar
DTM, supportive of the hypotheses that a better DTM and localization may both play a
role in predictive performance [13].

The performances of forest attribute modeling studies with Landsat vary dramatically,
depending upon modeling approach, forest type, plot type, and data processing steps. For
example, in a single study comparing kNN, reduced major axis regression, and random
forest for Arizona and Minnesota for the prediction of biomass on FIA plots from Landsat,
they observed R? values (converted from variance ratio or VR) ranging from 0.25 (VR = 1.25)
to 0.7 (VR = 0.58) [58]. Similar levels of variation were observed in forest modeling results
for the Pacific Northwest (USA) as part of a USFS led Landsat and biophysical variable kNN
mapping product [1,59,60]. For example, biomass models in OR and WA by the LEMMA
Team achieved R? values in the range of 0.41-0.54, which is like the value observed here
(0.42). However, it is difficult to provide direct comparison between the Landsat and
biophysical variable results observed here and other studies, given the variety of study
differences and our emphasis on exploring linear variable agreement instead of optimal
modeling approaches. One consistent theme in the prediction of forest attributes from
Landsat is that there is saturation at higher levels of biomass, which is less evident from
remote sensing technologies that measure (or infer) height and cover such as lidar and
DAP (e.g., Figure 4).

One limitation of this study is that the pushbroom DAP data were processed shortly
after the 2015 collection, and our familiarity with processing ADS100 pushbroom stereo
with BAE Socet software has improved between 2015 and today (2022). There are numerous
errors and artifacts in the 2015 dataset that are not present in later pushbroom DAP point
cloud datasets for WA (e.g., 2017 and 2019 data). In addition, due to the much greater
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lidar extent today than in 2015 (lidar DTMs yield improved tree heights relative to heights
compute from NED DTMs) and improvements in photogrammetric point cloud extraction,
it is likely that new pushbroom DAP datasets (e.g., 2021) will perform better than those
reported here, which will also affect the relative contributions of Landsat and environmental
gradients. The results are also specific to the FIA clustered subplot footprint, where the
performances and relative contributions of the three auxiliary data sources to modeling
and prediction may differ for single-square or circle-plot footprints (rather than clustered,
as with the FIA plot). The results found here are also not conclusive of the potential for
DAP in general, as frame camera DAP has been observed to perform much better than
Pushbroom DAP and even similar to lidar [12,61].

Another limitation of this study is that results for cover provided here are not indicative
of performances that may be achieved with other approaches to quantify tree canopy cover,
such as with a line transect, spherical densiometer, moosehorn, or hemispherical photos
e.g., [62]. For this analysis we implemented the allometric cover prediction approach
described by Hann [23], which may be more or less correlated with remote sensing than
other methods. For example, in Strunk et al. [12], DAP explained greater than 90% of
variation in lidar-derived cover, and in unpublished analyses associated with the same
investigation, DAP explained 76% or 86% of variation in field-measured cover when
measured with a moosehorn or spherical densiometer, respectively. However, the cause of
lower cover performance observed here relative to that study is not clear; the lower DAP
performance achieved for cover in this study may be due to the use of allometric cover, our
use of a different plot footprint composed of widely spaced (=30 m) subplots or the much
larger geographic extent of this study relative to Strunk et al. [12].

Lastly, although we found comparatively less contribution to models from environ-
mental gradients, inferences from our results are limited to structural forest attributes and
linear relationships in a global (statewide) modeling approach. Environmental gradients
may aid in the prediction and localization of models using other modeling approaches,
responses or response types [1,63]

5. Conclusions

The pushbroom imagery collected in support of NAIP, the USA’s national imagery
program, enables frequent (2-3 years) high-resolution (30-60 cm) photogrammetrically
derived forest structure measurement over broad areas, including the entire conterminous
USA. This study demonstrates that DAP is a powerful auxiliary variable in the prediction of
many forest attributes, especially in combination with Landsat-derived auxiliary variables.
While the explanatory power afforded by pushbroom DAP is substantially lower than lidar
or frame camera DAP, modeling with both DAP and Landsat in combination resulted in
up to 20 percentage point improvements (R?) over either auxiliary dataset alone. Environ-
mental gradients, in contrast, provided limited additional explanatory contribution in our
exploratory investigation—more robust analyses involving small area and spatial model-
ing methods may yield different results with respect to the importance of environmental
gradients.

Since Landsat and DAP are readily available over large areas, their combined integra-
tion in mapping efforts could be used to facilitate creation of frequent, precise, spatially
consistent forest maps for, e.g., entire states, but informative at fine scales such as coun-
ties, watersheds or stands. The resulting maps are not free of local biases at these scales,
however, as there was evidence of spatial correlation in mapped residuals. Future research
will look at leveraging more sophisticated modeling strategies which can accommodate
the complex nonlinear and spatial interdependence among forest attributes and covariates,
and leverage other sources of auxiliary data such as satellite DAP and Sentinel imagery.
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