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Abstract.—Light Detection and Ranging (LiDAR) returns from the spaceborne
Geoscience Laser Altimeter (GLAS) sensor may offer an alternative to solely field-based
forest biomass sampling. Such an approach would rely upon model-based inference,
which can account for the uncertainty associated with using modeled, instead of field-
collected, measurements. Model-based methods have been thoroughly described in the
statistical literature, and an increasing number of model-based forestry applications

use tactically acquired airborne LiDAR. Adapting these methods to GLAS’s irregular
acquisition pattern requires a strategy for identifying a subset of GLAS “shots” that

can be considered a simple random sample. We have developed a flexible method of
dividing the landscape into equal-area polygons from which a GLAS shot can be chosen
at random as a member of the sample. This process bears similarities to the approach
used by the Forest Inventory and Analysis (FIA) Program as it moved toward its current
hexagonal sample grid.

Although the ultimate application of this approach would be production of consistent
biomass estimates across different countries, well-calibrated FIA estimates over the
United States provide a convenient testing ground. Applied to California, this approach
produced almost exactly the same estimate of biomass density (Mg/ha) as the FIA
sample. The GLAS-based estimate had a considerably higher standard error than FIA’s
estimate, but it comes at a much lower cost and is based upon globally available GLAS
measurements.

INTRODUCTION AND METHODS to purely field-based sampling may lie in the 70-

m circular waveform Light Detection and Ranging
(LiDAR) returns from the spaceborne Geoscience
Laser Altimeter System (GLAS) sensor. Such returns
have been shown to be sensitive to biomass, and there
may be a chance to use a smaller subset of co-located
field plots to create modeled biomass “samples” over
the areas sampled by GLAS.

Most official national and international forest carbon
reporting mechanisms have traditionally relied upon
information from field-based inventories. However,
many countries do not have such inventories, and even
among those that do, significant discrepancies exist

in methods and definitions. A potential alternative
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sample over California with a model-based estimator
similar to that used by Stahl et al. (2011) to estimate
aboveground biomass. Model-based estimation

allows us to predict, instead of measure, biomass at
each sample point using relationships derived from

a separate set of co-located ground and LiDAR
measurements. Variance estimators used in this process
take into account the uncertainty associated with the
models used. For full methodological detail of this
estimation process, consult Healey et al. (in press).

The sample design we describe is similar to that used
by the Forest Inventory and Analysis (FIA) Program.
Prior to a move toward a national sampling framework
in the late 1990s, FIA plots were distributed and
measured in slightly different ways in different regions
of the country. The move to a nationally coherent
sampling frame was accomplished by superimposing a
hexagonal grid over the entire country, with the area of
each grid cell equal to the nominal area represented by
each FIA sample (Reams et al. 2005). In cells where
one existing plot fell, that plot was kept. In those with
more than one plot, only one was selected at random
for retention. In those with no existing plots, a plot was
established in a random location.

Establishment of this semi-systematic, equal-area
sample frame allowed FIA to accommodate existing
plot locations while drawing a sample which was
spatially balanced across the country but was random
with respect to forest conditions (Reams et al. 2005).
The sample design we propose for GLAS follows a
similar approach. One and only one GLAS shot is
retained in each cell of an equal-area (but not equal-
shape) tessellation of the area labeled as “forest” in

a global land cover map. This tessellation is created
following a fractal-based approach, using simple
geometric rules to create equal-area clusters (Lister
and Scott 2009). Since retroactively “adding” GLAS
measurements (the last of which were collected in
2008) is not possible, tessellation cell size (and,
inversely, sample number) is limited by the constraint
that each equal-area cell must contain at least one
GLAS shot.
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Given the elimination of all GLAS shots except one
in every tessellation cell under this approach, it is of
practical interest to know the precision of resulting
biomass estimates. The precision (i.e., standard error)
of model-based estimates of biomass in California
using the GLAS sample will be compared to design-
based estimates derived from FIA’s sample of more
than 5,500 field measurements in the state.

RESULTS

In view of the constraint that there be at least one
GLAS shot in each tessellation cell, the maximum
number of cells in California is 182, or one per 48,000
ha. While the minimum number of GLAS shots in a
single cell was one, the average was 560, from which
a single shot was chosen at random. These randomly
selected shots constitute the “S1” model-building
sample (Fig. 1). The average distance between each
point in the S1 population and its closest neighbor is
19.6 km (median = 13.5 km). The minimum overall
distance (i.e., closest pair of neighbors) is 2.4 km.

Thirty-five co-located GLAS/FIA plots were available
for use in determining the relationship between a
GLAS derivative called Lorey’s height (described as
“basal area-weighted height”) and biomass (i.e., the
S2 sample; Fig. 2). The most parsimonious applicable
model for this relationship was considered to be a
model with a single quadratic term and no intercept
(biomass = 0.3717 Lorey’s height?). A no-intercept
model was used because of our assumption that
forested plots with no biomass should return no
Lorey’s height. Significance tests indicated negligible
gain from including a linear term in the model.

It should be noted that seven values (less than 4
percent) of the S1 sample exceeded the largest value
in the model-building S2 data set shown in Figure 2
(specifically, these values were 45, 46, 48, 50, 52, 54,
and 60 m). Ideally, the model-building data set should
span the entire range of the values to be modeled.
Given the small percentage of Lorey’s heights in S1
not represented in S2, however, we assume that the
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Figure 1.—The 182 GLAS shots selected for inclusion in the S1 sample of California forests. This sample has properties
similar to the sample used in the U.S. NFI and is treated here as a simple random sample. A National Land Cover Database
cover map is shown for context.
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Figure 2.—Relationship between FIA-measured
aboveground tree biomass and GLAS-based Lorey’s height
in California. The line is described by: y = 0.3717 x2.

model is valid for the entire population. We likewise
assume no spatial autocorrelation among S1 samples.
Our GLAS-based estimate of biomass density in
California’s forests was 211.11 Mg/ha, which was
within standard error bounds (+£2.88) of the FIA
estimate of 208.95 Mg/ha (Miles 2011). The FIA
estimate was derived through a 10-year ground sample
of 5,261 forested plots. The standard error of the
GLAS-based estimate was 20.70 Mg/ha (Fig. 3). The
modeling variance was approximately 0.77 times the
variance contributed by the sampling process.
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Figure 3.—Comparison between the FIA carbon density
estimate for California’s forests and the estimate made here
using GLAS- and model-based estimation. The estimates
are nearly identical, although FIA's estimate has significantly
less uncertainty (bars indicate standard error).
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DISCUSSION

Model-based estimation using the sample design we
describe provides a transparent method for estimating
biomass for particular spatial domains. This sample
design, in which one arbitrarily located sample point is
drawn from equal-area sample units distributed across
the landscape, is similar to that used by FIA, and

our estimate of biomass density in California closely
matched FIA’s design-based estimate. The standard
error of our estimate (approximately 9.8 percent of
the estimate) was substantially larger than that of the
FIA estimate (1.4 percent) and that derived through
model-based estimation by Andersen et al. (2011)
using specifically acquired airborne LiDAR data

(8 percent). However, the cost of the FIA estimate was
approximately $10.5 million (based on a commonly
used valuation of $2,000 per plot), and the LIiDAR
acquisition alone in Anderson et al.’s (2001) much
smaller study area cost $60,000. Future use of GLAS
data in the process described here represents an almost
no-cost option for providing consistent, moderate-
precision biomass estimates across the globe.

A primary advantage of the model-based inference
used here is the capacity to apply models developed in
areas of rich inventory data to GLAS shots, informing
estimates in ecologically similar areas where field data
are sparse. For example, Nelson et al. (2009) used
relationships observed in a limited area of co-located
biomass/GLAS observations to estimate biomass

for all of Quebec, following a modified model-

based approach. However, the validity of inference

in model-based approaches depends upon how well
the stipulated models accord with the population of
interest (Gregoire 1998). The question of how well the
model applies to the population of interest is a critical
consideration in the application of our approach,
whether the model was developed in situ or from a
spatially remote but perhaps ecologically similar area.
Since our model was created from an arbitrary subset
of FIA’s presumably unbiased ground sample, there is
a compelling argument that the model is appropriate
for the forests of California.
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The degree to which this model may apply beyond
California remains an open question. Saatchi et al.
(2011) noted regional differences in the relationship
between biomass and GLAS-based Lorey’s height

in their pan-tropical study. Data collected to support
biomass estimation using the global GLAS data set
would at least have to span major ecological systems.
The consolidation of ground data needed to support a
global GLAS-based biomass inventory would require
significant international cooperation and, as illustrated
by our results, would likely not improve the precision
of biomass estimates available in countries with
established national forest inventories (NFIs). Those
inventories typically rely upon a denser sample than
is available from GLAS and do not have to account
for model variance, which in our example made up
approximately 44 percent of the total variance.

However, a GLAS-based biomass inventory would
represent an internationally coherent basis for
comparison among countries, especially those without
established NFIs. Even moderate-precision biomass
estimates would be an improvement in many countries
(Gibbs et al. 2007), and consistent sample design

and estimation methods would remove an important
source of uncertainty in international monitoring.
GLAS data were acquired in spatial patterns difficult
to associate with either a systematic or random
process. The sample design presented in this paper
allows identification of a subset of GLAS data which
may be used as a simple random sample to estimate
biomass, perhaps globally, with consistent measures
of uncertainty under a model-based estimation
framework.

CONCLUSIONS

» The methods presented here constitute a globally
extensible approach for generating a simple
random sample from the global GLAS data set.
The properties of the sample collected by GLAS
have hitherto not been strictly identifiable with any
particular design.
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e Model-based estimation, following Stahl et al.
(2011), based upon GLAS data in California
produced an estimate of biomass density (biomass/
ha) almost identical to the estimate derived from
the design-based NFI.

e Global application of model-based estimation using
GLAS, while demanding significant consolidation
of training data, would improve inter-comparability
of international biomass estimates by imposing
consistent methods and a globally coherent sample
frame.
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