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Remote sensing data have increasingly been employed in combination with field plot data to estimate above-
ground carbon (C) stocks across heterogeneous forested landscapes around the world. The Forest Inventory and 
Analysis (FIA) program of the US Forest Service offers a gridded network of field plots which potentially can be 
linked to airborne Light Detection and Ranging (LiDAR) data to estimate forest aboveground carbon density 
(ACD; units of Mg C ha−1). Here we utilized FIA plot and airborne LiDAR data sets collected across two con-
trasting landscapes known as Laupahoehoe and Pu‘u Wa‘awa‘a on Hawai’i Island to explore strengths and 
weaknesses of linking those two data sets to estimate ACD. We varied FIA plot sample designs with respect to 
sampling density (i.e., the number of plots across landscape) and intensity (i.e., the structural detail within 
inventory plots) to test the capability of the mapping approach. Results indicated that Laupahoehoe and Pu‘u 
Wa‘awa‘a landscapes supported an estimated 545 Gg C and 157 Gg C aboveground, respectively, and mean ACD 
values of the wet windward Laupahoehoe landscape (109 Mg ha−1) were an order of magnitude greater than 
those of the leeward dry Pu‘u Wa‘awa‘a landscape (9.7 Mg ha−1). Patterns of ACD were largely determined by 
combined factors of precipitation, lava substrate, prior land use, and presence of non-native, often invasive, 
species. Results demonstrated the relative importance of sample plot density over sample plot intensity, and 
showed that FIA inventory plots, even at their lowest sample intensity design, can be linked with LiDAR data to 
accurately estimate ACD across spatially heterogeneous landscapes. We also developed and applied a straight-
forward, statistically-robust approach to provide error estimates for the 100 million pixels that characterize the 
Laupahoehoe and Pu‘u Wa‘awa‘a landscapes as well as for any sub-units of those landscapes. We contend that 
augmenting existing FIA forest plot data with airborne LiDAR coverage, even if that requires an increase in plot 
density somewhat above the FIA standard 1X or 2X approaches, is a feasible, cost-effective, scientifically sound 
approach from which to obtain accurate landscape- to regional-scale ACD measures across the extensive and 
heterogeneous forests of the United States. 

1. Introduction 

Forests contain 70 to 90% of earth’s estimated 1300 Pg of terrestrial 
biomass (Houghton et al., 2009), the majority of which occurs above-
ground (Cairns et al., 1997). As carbon (C) accounts for approximately 
50% of biomass, changes in forests due to natural or anthropogenic 
disturbances (e.g., storms, drought, pathogens, harvesting, deforesta-
tion, agricultural conversion) or through forest growth have a profound 
influence on the global carbon balance. For example, recent 
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deforestation in the tropics has resulted in estimated 1.5 Pg C per 
annum fluxes to the atmosphere, or 16% of total anthropogenic emis-
sions (Canadell et al., 2007), and C sequestration via forest growth in 
the United States offset an estimated 14% of that nation’s C emissions in 
2010 (US Environmental Protection Agency, 2012). Widespread re-
cognition of the importance that forests play in the global C cycle has 
resulted in international programs, such as UN-REDD+, which seek to 
mitigate greenhouse gas emissions through forest protection (UN-
REDD, 2012). An underlying tenant of such programs is that monetary 
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compensation for forest C sequestration be based on spatially explicit, 
not to mention accurate, accounting of C across often heterogeneous 
forest landscapes. 

Although there is broad agreement regarding the need to accurately 
quantify forest C stocks and dynamics at regional, national, and global 
scales, doing so remains a challenge. To date, national forest inventory 
networks (NFI) have been used to provide forest carbon estimates 
(McRoberts, 2010); in the United States the Forest Inventory and 
Analysis (FIA) program of the US Forest Service has served this role 
(Domke et al., 2014). FIA employs a gridded network of field plots in 
which forest composition and structure are measured along with many 
additional parameters (Bechtold and Patterson, 2005) and from which 
aboveground biomass and C can be estimated at the individual tree- and 
plot-level (Chave et al., 2005). This program has provided useful in-
formation regarding such topics as forest productivity (Waring et al., 
2014), timber harvest patterns (Belote and Aplet, 2014), species dis-
tributions and shifts in response to climate change (Desprez et al., 2014, 
Gibson et al., 2014), non-native plant invasions (Wang et al., 2011, 
Huebner et al., 2009,) and pest outbreaks (Thompson, 2009, Haavik 
et al., 2012). FIA data have also informed recent research addressing C 
storage and dynamics in U.S. forests (Blackard et al., 2008, Gray et al., 
2014). Although the FIA plot network, when re-measured at regular 
intervals through time, can provide average aboveground forest C mass 
values and temporal changes of such values for given areas of interest 
(i.e., counties, forest types, land use designations), on its own it likely 
does not adequately address the spatial and temporal heterogeneity 
inherent across forested landscapes. Statistically, NFI programs in-
cluding the FIA system are inherently limited to sampling, rather than 
producing wall-to-wall inventories, of aboveground forest C across 
broad regions. 

Remote sensing in general, and large footprint LiDAR (light detec-
tion and ranging) in particular, has been employed in combination with 
field plot data to accurately estimate aboveground C across hetero-
geneous forested landscapes of the North America, Europe, South and 
Central America, Africa, and Polynesia (e.g., Lefsky et al., 1999, Drake 
et al., 2002, McRoberts et al., 2015). In most cases, these efforts have 
employed a plot-aggregate allometry approach in which sets of plot-
based estimates of aboveground C density (ACD; units of Mg C ha−1) 
are regressed against relevant LiDAR metrics from those same plot lo-
cations (e.g., mean canopy height for each given plot) to create models 
where the LiDAR metric and ACD value are the independent and de-
pendent variables, respectively (Zolkos et al., 2013, Asner and Mascaro, 
2014). In most cases, sampling plots used to estimate ACD have ranged 
from 0.1 ha to 1 ha in area, and all woody stems down to a relatively 
small diameter (e.g., ≥1 cm dbh, or ≥5 cm dbh) are measured across 
the entirety of the plot area (Zolkos et al., 2013, Asner and Mascaro, 
2014). 

Recently, FIA plot data have been combined with LiDAR data to 
estimate forest height, structure, and biomass across temperate land-
scapes of the United States, including Alaska (Skowronski et al., 2007, 
Walker et al., 2007, Kellndorfer et al., 2010, Chopping et al., 2011, 
Zhao et al., 2012). However, no studies have yet combined FIA and 
LiDAR data sets to estimate aboveground forest C mass across tropical 
landscapes. Nor have relationships between FIA plot data and LiDAR 
parameters been rigorously tested regarding the robustness of resulting 
C mass estimates and their attendant uncertainties. Previous studies on 
Hawai’i Island have inventoried aboveground C mass at landscape 
scales by combining airborne small footprint LiDAR data with non-FIA 
field plot estimates of aboveground C mass (Asner et al., 2009, Asner 
et al., 2011, Hughes et al., 2014). These non-FIA forest sampling plots 
have tended to be greater in area, and have measured woody stems in a 
more comprehensive manner relative to FIA plots (Asner et al., 2011). 
Given the recent installation of FIA plots across areas of Hawai’i Island 
where high resolution LiDAR data have been acquired previously 
(Asner et al., 2011), we now have the opportunity to explicitly evaluate 
the usefulness of FIA plot data in combination with LiDAR data to 

estimate aboveground forest C mass. Several questions arise regarding 
this approach. First, are sample areas of FIA plots sufficient in size to 
successfully integrate with LiDAR canopy parameters to predict 
aboveground C mass? If not, how much more area should be sampled to 
increase their utility? Second, does the FIA nested sampling approach, 
in combination with LiDAR canopy metrics, provide C mass estimates 
with low levels of uncertainty? If not, how should one alter sampling 
methods to make them more useful for this application? Third, what are 
the fewest number of FIA plots needed across a given landscape to 
develop useful relationships with LiDAR canopy metrics to predict 
aboveground C mass across that landscape? 

Given the above questions, our objectives were to utilize recently 
acquired FIA plot and airborne LiDAR data sets collected within the 
boundaries of the Hawai’i Experimental Tropical Forest (HETF) to ex-
plore the strengths and weaknesses of using FIA plots to inform LiDAR 
metrics to estimate aboveground C mass across broad areas of LiDAR 
coverage. Specifically, we evaluated how differing levels of FIA plot 
sampling intensity (i.e., the manner in which aboveground C mass is 
measured on a given plot) and plot density (i.e., the number of plots 
across a landscape) used in combination with spatially explicit LiDAR 
data influence both the aboveground forest C mass values and the un-
certainties associated with those values. We also wished to determine 
the effects of varying FIA plot intensity and density on aboveground 
forest C estimates and uncertainties when only FIA plots are used to 
estimate forest C mass at the landscape scale, rather than in combina-
tion with LiDAR data sets to estimate forest C mass. 

2. Methods 

2.1. Study area 

We conducted this study across the Laupahoehoe and Pu‘u 
Wa‘awa‘a regions of Hawai’i Island (Fig. 1), which constitute the wet 
windward and dry leeward units, respectively, of the Hawai’i Experi-
mental Tropical Forest (HETF), part of the USDA Forest Service Ex-
perimental Forest and Range System. These areas are administered and 
managed by the state of Hawai’i’s Department of Land and Natural 
Resources (DLNR); Laupahoehoe includes Forest Reserve and Natural 
Area Reserve management designations, and Pu‘u Wa‘awa‘a includes 
Wildlife (Forest Bird) Sanctuary, Forest Reserve, and State Parks Re-
serve management designations. Together, both areas account for 
20,726 ha. 

The Laupahoehoe HETF unit occupies 4990 ha and ranges in ele-
vation from ca. 700 m to 1900 m asl. Mean annual temperature (MAT) 
decreases from 20 °C at lower elevations to 12 °C at upper elevations 
(Sanderson, 1993); mean annual rainfall decreases from 4907 mm at 
lower elevations (i.e., 668 m) to 1980 mm at upper elevations (i.e., 
1762 m) to (Table 1; Giambelluca et al., 2013). Soils originate from 
three distinct lava substrates emanating from Mauna Kea Volcano 
whose ages range from 4000 to 250,000 YBP (Wolfe and Morris, 1996). 

The Pu‘u Wa‘awa‘a HETF unit encompasses 15,706 ha and ranges in 
elevation from sea level to 1951 m asl. MAT decreases from 23 °C along 
the coast to 14 °C at upper elevations (Sanderson, 1993); mean annual 
rainfall increases from 266 mm along the coast to 703 mm at upper 
elevations (i.e., 1582 m) (Table 1; Giambelluca et al., 2013). Soils ori-
ginate from lava substrates of 7 distinct flow age groups that emanated 
from Hualalai Volcano; flows range in age from CE 1790 or younger to 
105,000 YBP (Wolfe and Morris, 1996). 

Vegetation of Laupahoehoe varies with respect to elevation, hy-
drology, and native or non-native species dominance. The majority of 
the area has been characterized as closed forest co-dominated by 
Hawai’i’s most common native tree species, Metrosideros polymorpha 
(ohia) and Acaia koa (koa) (Gon et al., 2006). Native forests at low 
elevations (i.e., 700–900 m) have been invaded by fast-growing, non-
native species such as Psidium cattleianum (strawberry guava) and Ficus 
rubiginosa (banyan) (Asner et al., 2009). Upslope (i.e., 1400 to 1600 m 
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Fig. 1. Maps of the Laupahoehoe (A) and Pu‘u Wa‘awa‘a (B) units of the Hawai’i Tropical Experimental Forest located on Hawai’i Island, USA. 

Table 1 
Mean annual rainfall along elevation gradients of Laupahoehoe and Pu‘u 
Wa‘awa‘a units of the Hawaii Experimental Tropical Forest. 

HETF Unit Latitude Longitude 
Elevation 
(m) 

Mean Annual 
Rainfall (mm) 

Laupahoehoe 19.9480N −155.2530W 668 4907 
Laupahoehoe 19.9272N −155.2674W 974 4167 
Laupahoehoe 19.9091N −155.2959W 1386 3156 
Laupahoehoe 19.8862N −155.3319W 1762 1980 
Pu‘u Wa‘awa‘a 19.8548N −155.9248W 1 266 
Pu‘u Wa‘awa‘a 19.8129N −155.8939W 363 435 
Pu‘u Wa‘awa‘a 19.7670N −155.8747W 835 683 
Pu‘u Wa‘awa‘a 19.7281N −155.8881W 1582 703 

Source: Giambelluca et al. (2013). 

a.s.l), mature stands of Fraxinus uhdei (tropical ash) extend across large 
areas; these were planted as part of the Civilian Conservation Corps 
(CCC) tree planting projects within Hawai’i’s Forest Reserves which 
peaked during the 1930′s (Woodcock, 2003). Open, mixed A. koa and 
M. polymorpha woodlands exhibiting continuous understory cover 
dominated by Pennisetum clandestinum (kikuyu grass) occur in the far 
upper reaches of Laupahoehoe. Poorly drained regions at mid-elevation 
support bog vegetation where stands of open-canopied, low stature M. 
polymorpha predominate. 

Vegetation of the Pu‘u Wa‘awa‘a unit of HETF is a product of lava 
age, climate, non-native plant invasion, land use, and disturbance. 
Vegetation is largely absent from young lava flows of the area that are 
less than 214 years. Native vegetation on older flows along the coast 
and up to ca. 180 m a.s.l. has been largely replaced by dense to sparse 
stands of the non-native, phreatophytic tree, Prosopis pallida (Dudley 
et al., 2014). Ungulate grazing has led to reduced forest cover over 
large areas of mid- to upper elevations (Cuddihy and Stone, 1990), and 
non-native grasses such as Pennisetum setaceum (fountain grass) and P. 
clandestinum (kikuyu grass) (Blackmore and Vitousek, 2000) are well 
established in many of these areas, with the former dominating lower 
elevations and transitioning to the latter at upper elevations. Where 
such grasslands have burned over time, tree cover is further reduced. 
Open canopy M. polymorpha stands as well as closed canopy stands of 
the non-native tree, Grevillia robusta occur at mid-elevations (i.e., 900 to 
1000 m). Extensive open and closed canopies co-dominated by A. koa 
and M. polymorpha occur within the fenced Forest Bird Sanctuary unit 
between 1280 and 1890 m a.s.l. (Gon et al., 2006). 

2.2. Methodological approach 

2.2.1. Plot selection and measurement 
We selected plot locations in accordance with standard FIA basic 

grid plot criteria by overlaying a hexagonal grid over each unit and 
placing a single plot within each hexagon offset from the hex center by 
a random distance and azimuth (Bechtold and Patterson, 2005). The 
sampling design resulted in a total of 68 plots located across the two 
units of HETF; 28 plots were located in Laupahoehoe and 40 plots were 
located in Pu‘u Wa‘awa‘a. In terms of FIA sampling terminology, these 
plot frequencies approximated a 5× density for Pu‘u Wa‘awa‘a (i.e., 
plot per 420 ha), a 13× density for Laupahoehoe (i.e., one plot per 
185 ha), and a 7× density for the combined areas (i.e., one plot per 
392 ha) (Fig. 1). Although plots were relatively evenly distributed 
across nearly continuous forest cover of Laupahoehoe, plots were dis-
tributed less uniformly across Pu‘u Wa‘awa‘a. In the latter case plots 
were concentrated in areas of extant forest cover, particularly forest 
stands contained within the 1540 ha Forest Bird Sanctuary (Fig. 1). 

Each forest plot consisted of four circular, 7.3 m radius subplots 
arranged in a tetrad-like design (Bechtold and Patterson, 2005) in  
which center points of subplots 2, 3, and 4 were spaced 36.6 m from the 
center of subplot 1 along azimuths of 360, 120 and 240°, respectively 
(Fig. 2). Each subplot was nested within a larger 17.9 m radius mac-
roplot, and each subplot contained a smaller, 2.1 m radius microplot 
whose center was 3.7 m from each subplot center. As such, each subplot 
design encompassed 0.068 ha (i.e., sum of four 7.3 m radius sub-plots), 
and each macroplot design encompassed 0.4 ha (i.e., sum of four 17.9 m 
radius sub-plots). Genus and species, status (i.e., live or dead), and 
diameter at breast height (dbh; 1.4 m above the ground) were recorded 
for every tree exhibiting a dbh ≥ 12.7 cm present within each subplot 
and macroplot. Height (m) was measured and recorded for all trees 
with dbh values ≥ 12.7 cm in each subplot and for all trees with dbh 
values ≥ 61 cm at dbh in each macroplot. Genus, species, and dbh of all 
live saplings with dbh values ≥ 2.5 cm and < 12.7 cm were measured 
in each microplot located within each subplot. In all subsequent ana-
lyses, the four micro-, sub- , and macro-plots of each forest plot were 
treated as a single consolidated sample of that forest plot. 

A GPS point was collected at the center of each subplot using a 
survey-grade Javad Maxor GGD (Javad Navigation Systems, Inc., 
Saratoga, CA, USA) placed in the center of each subplot and leveled 
atop a 1.8 m pole with bipod legs for stability. Once the receiver had 
obtained a signal from at least three American satellites and had solved 
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Fig. 2. Forest Inventory and Analysis plot design (Bechtold and Patterson, 
2005). 

a position, it recorded data for at least 30 min at a rate of 1 epoch/ 
second. We used Javad Justin software and data from a continuously 
Operating Reference Station (National Geodetic Survey, NGS-NOAA) to 
perform post-processing differential corrections. 

Our primary objective was to inventory – as opposed to sample – 
ACD in a “wall to wall” fashion across the Laupahoehoe and Pu‘u 
Wa‘awa‘a units of the Hawai’i Experimental Tropical Forest. We did this 
by relating FIA plot-based estimates of ACD to forest canopy metrics 
derived from airborne LiDAR data. LiDAR data were acquired by the 
Carnegie Airborne Observatory (CAO) across a total of 20,726 ha of the 
two HETF units. LiDAR has the capacity to accurately detect various 
components of forest structure, including ground, subcanopy, and ca-
nopy layers at sub meter resolution (Lefsky et al., 2002). The CAO 
LiDAR was operated at 70 kHz, with a maximum half-scan angle of 17° 
(after a 2-degree cutoff) and 50% overlap between adjacent flight lines. 
The sensor-to-target range was maintained at 1000 m above ground 
level, with a standard deviation of < 100 m throughout data collection. 
LiDAR spot size at ground level ranged from 0.5 to 0.65 m from nadir to 
the edge of each scan line (17° off-nadir), with two laser shots (i.e., up 
to 8 returns) per location due to the adjacency of flight line overlap. 
Although Asner et al. (2011) and Hughes et al. (2014) previously 
compared landscapes using LiDAR-derived mean canopy profile height 
(MCH), here we employed top-of-canopy height (TCH); this was done 
because TCH is more generalized across sensor types (Gobakken and 
Næsset, 2009, Asner and Mascaro, 2014). TCH values, or vegetation 
height at 1.12 m resolution, constituted the difference of surface and 
terrain models (Asner et al., 2009). Laser ranges from the LiDAR data 
were ortho-rectified with embedded high resolution Global Positioning 
System-Inertial Measurement Unit (GPS-IMU) data to determine the 3-D 
locations of laser returns, producing a ‘cloud’ of LiDAR data (Asner and 
Mascaro, 2014). Final TCH maps were gridded at a 1.5 m2 pixel re-
solution (i.e., ca. 72 million pixels) for Pu‘u Wa‘awa‘a, and at a 1.25m2 

pixel resolution (i.e., ca. 32 million pixels) across Laupahoehoe (Fig. 3). 
In each forest inventory plot the average value of all TCH pixels 

contained within it determined mean plot TCH. For example, subplots 
and macro-plots in the Laupahoehoe unit that were 0.017 and 0.1 ha, 
respectively, contained to 134 and 805 TCH measurements or pixels, 
respectively. Owing to the slightly lower pixel resolution of the data 
gathered across Pu‘u Wa‘awa‘a, subplots and macroplots of that unit 
contained 112 and 671 pixels, respectively. 

2.2.2. Aboveground C mass calculations 
Carbon mass of trees and saplings was calculated using allometric 

equations of Asner et al. (2011); species specific equations were em-
ployed for A. koa, M. polymorpha, P. cattleianum, and F. uhdei, as well as 
tree ferns (e.g., Cibotium spp.). When species-specific equations were 
not available for particular species, aboveground C mass was calculated 
using allometric models provided by Chave et al. (2005) that were 
stratified by climate (i.e., dry, moist, and wet forest types). We classi-
fied forest types of all forest plots established in Laupahoehoe and Pu‘u 
Wa‘awa‘a using mean annual rainfall values (Giambelluca et al., 2013); 
dry forest MAP was < 1500 mm, moist forest MAP was 1500 to 
3500 mm, and wet forest MAP was > 3500 mm. Where equations from 
Chave et al. (2004) were employed, the independent variables dbh 
(cm2), wood density (g cm−3), and height (m) were used to predict 
aboveground C mass (Mg ha−1). Tree specific dbh values were em-
ployed throughout. Species-specific wood density values (Asner et al., 
2011) were employed where possible. If species-specific values were 
unavailable, we used genera-specific values. If genera-specific values 
were unavailable, we used a default value of 0.50 g cm−3. Where actual 
tree heights were measured (i.e., for all trees on subplots and micro-
plots, and trees with diameters ≥61 cm on macroplots), those values 
were employed; where actual tree height were not measured (i.e., for 
trees with diameters between 12.7 and 60.9 cm on macroplots), height 
was estimated from species-specific models relating height to diameter 
(Asner et al., 2011). In rare cases where species-specific height/dia-
meter models were unavailable for a given species, models from Chave 
et al. (2005) which used diameter and wood density alone were used. 

2.2.3. Statistical approach 
We used regression models to predict aboveground C mass per unit 

area (Mg/ha) and C mass for the entirety of both Laupahoehoe and Pu‘u 
Wa‘awa‘a landscapes; models determined the relationship between C 
mass estimates derived from FIA plots at discreet, known locations and 
mean LiDAR pixel heights that covered the same locations as each re-
spective FIA forest plot (n = 68). Based on prior experience (Asner and 
Mascaro, 2014), we opted for an equation that allowed for increasing 
variability with increasing height in the following manner: 

where y is the estimated biomass per unit area in an FIA plot; ht is the 
mean height (i.e., TCH) from the associated pixels covering the given 
FIA plot; a, b, and k are constants to be estimated; and the residual 
error, ε, having a normal distribution with variance σ2 , (ε ∼ N (0, σ2)) 
(Asner and Mascaro, 2014). 

The biomass estimate for any particular pixel where x is the asso-
ciated TCH is constructed from estimates of a and b which are labeled as 
a and b : μ = axb . Using the notation in McRoberts (2010) for the 
collection of N pixels in any given area of our overall study region in 
which we want to estimate aboveground C mass, we use a model-based 
estimate of mean C mass value per unit area (i.e., Mg ha−1) calculated 
by the following: 

The estimate of variance around the mean C mass was calculated by 
the following (McRoberts, 2010): 

 

Cov( μ ),i j μ  where  is the estimate of the covariance between the two 

estimators, μi and μj. Rather than use a subset of the N 2 estimates as 
McRoberts (2010) found necessary to make the calculation feasible, we 
applied some basic algebra to be able to use all N 2 covariances 
(Appendix A). 

Primary among our objectives, we wished to evaluate the sensitivity 
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Fig. 3. Map of LiDAR-derived canopy height (m) across the Laupahoehoe (A) and Pu‘u Wa‘awa‘a (B) units of the Hawai’i Experimental Tropical Forest (HETF). 

of aboveground forest C mass estimates to both plot sampling intensity 
(i.e., which forest components are measured, to what degree, and over 
what area in a given plot) and plot density (i.e., the number of plots 
arrayed across the area of interest). To address the influence of plot 
level sampling intensity on LiDAR based C mass estimates, we desig-
nated three distinct sampling degrees: (1) low intensity, in which all 
trees with dbh ≥ 12.7 cm were measured within each 7.3 m radius 
subplot; (2) medium intensity, in which all trees with dbh ≥ 12.7 cm 
were measured within each subplot and all trees with dbh va-
lues ≥ 61 cm were measured in each 17.9 m radius macroplot; (3) high 
intensity, in which all trees with dbh ≥ 12.7 cm were measured in the 
entirety of each macroplot. Saplings and small trees with dbh va-
lues ≥ 2.5 cm and < 12.7 cm were measured in each 2.1 m radius 
microplot for all three levels of sampling intensity. 

We evaluated the sensitivity of forest C mass estimates to plot 
density by increasing, in a stepwise fashion, the number of plots used to 
generate TCH-to-C mass regression equations from a minimum of 10 
plots to a maximum of 68 plots. We used a bootstrap approach (Efron, 
1982) to select mean forest C mass values and their associated standard 
errors across this gradient of increasing plot density. We evaluated each 
of the three levels of sampling intensity (i.e., low intensity or sub-plot 
design, medium intensity or sub-plot + macro-plot design, and high 
intensity or enhanced macro-plot design) along these gradients of in-
creasing plot density to simultaneously evaluate the relative sensitiv-
ities of forest C mass estimates to both sampling intensity and plot 
density. 

We utilized a bootstrap approach to generate mean C mass values 
and their associated standard errors (Efron, 1982) for all combinations 
of sampling intensity and plot density. For any particular plot density/ 
sampling intensity combination, we randomly sampled the respective 
number of plots from the total population of plots from which we 
generated equations and slopes relating TCH to C mass. We conducted 
1000 iterations of this process, and applied each of those resulting 1000 
regression equations to the pixels of Laupahoehoe, Pu‘u Wa‘awa‘a, and 
the total pixels of those two regions combined. Mean aboveground C 
mass values and their associated standard errors were obtained from 
the 1000 landscape scale applications of the equations for Laupahoehoe 
and Pu‘u Wa‘awa‘a. 

In order to evaluate the potential increased accuracy gained from 
our FIA plot/LiDAR data approach relative to approaches using FIA plot 
data alone, we calculated landscape-scale mean ACD and associated 

standard error values for each of the various sampling intensities solely 
using data from the FIA plots. That is, we did not apply relationships 
between FIA plot-derived C mass and LiDAR-derived mean canopy 
height values to calculate ACD across the LiDAR coverages. We re-
stricted this approach to the 28 FIA plots associated with the 
Laupahoehoe unit of the HETF because these plots were uniformly 
distributed across the Laupahoehoe unit landscape and thus re-
presented an appropriate “sampling” of the Laupahoehoe unit. This was 
not the case for the Pu‘u Wa‘awa‘a unit where field plots were con-
centrated in upper, forested portions of the area. We calculated mean 
and standard error values for FIA plots within the Laupahoehoe unit for 
each of the 6 sampling intensity scenarios, and we estimated the pre-
cision obtained from using a different number of plots using the fol-
lowing approximation of the coefficient of variation for n plots: 

This was equivalent to the common rule of thumb that assumes the 
standard error for n plots will be the standard deviation divided by the 
square root of the sample size, which can be rewritten in terms of 
sample size (n): 

Using the above relationship, we estimated the sample size required 
to achieve a particular coefficient of variation (cvn) for both the LiDAR 
assisted data approach and the “FIA plot data-only” approach. 

3. Results 

Based on models that employed the high intensity sampling regime 
(i.e., all trees with dbh ≥ 12.7 cm measured in the entirety of each 
17.9 m-radius macroplot) and the highest plot density scenario (i.e., all 
68 available plots), ACD across the total study area sampled was 702 
Gg, with Laupahoehoe and Pu‘u Wa‘awa‘a units accounting for 545 Gg 
and 157 Gg of that total, respectively (Table 2). The Laupahoehoe unit, 
which is ca. 5000 ha in size, supported substantially more aboveground 
C than the much larger area of Pu‘u Wa‘awa‘a (ca. 16,000 ha). Averaged 
across each study unit, mean ACD values of the wet, windward side 
Laupahoehoe unit (109 Mg ha−1) were over 10 times greater than those 
of the leeward, dry side Pu‘u Wa‘awa‘a unit (9.7 Mg ha−1) (Table 2). 
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Table 2 
Aboveground forest C mass (total and mean ± 1 SE) of the Laupahoehoe and Pu‘u Wa‘awa‘a units and their respective subunits. 

Area Total Live Mean Live Total Live & Dead Mean Live & Dead Relative SE (%) 

HETF Unit Subunit (ha) C mass (Gg) C mass (Mg ha−1) C mass (Gg) C mass (Mg ha−1) Live Live + Dead 

Laupahoehoe 
Laupahoehoe 
Laupahoehoe 
Laupahoehoe 
Pu‘u Wa‘awa‘a 
Pu‘u Wa‘awa‘a 
Pu‘u Wa‘awa‘a 
Pu‘u Wa‘awa‘a 
Pu‘u Wa‘awa‘a 

All 
Makai 

Natural Area Res. 
Mauka 
All 

Kiholo 
Makai 
Mauka 

Bird Sanctuary 

4994 
437 
3059 
1520 
16,288 
1447 
6631 
6527 
1572 

545 ± 33 
59 ± 4 

327 ± 20 
161 ± 10 
157 ± 8 
5 ± 0 
10 ± 1 
74 ± 4 
68 ± 4 

109.1 ± 6.7 
135.1 ± 8.6 
107.0 ± 6.4 
105.7 ± 6.5 
9.7 ± 0.5 
3.4 ± 0.2 
1.6 ± 0.1 
11.4 ± 0.6 
42.9 ± 2.3 

564 ± 35 
60 ± 4 

340 ± 21 
166 ± 10 
172 ± 9 
6 ± 0 
12 ± 1 
82 ± 4 
73 ± 4 

112.9 ± 7.0 
138.4 ± 9.0 
111.1 ± 6.8 
109.0 ± 6.9 
10.6 ± 0.5 
4.0 ± 0.2 
1.8 ± 0.1 
12.5 ± 0.6 
46.3 ± 2.5 

6 
6 
6 
6 
5 
5 
5 
5 
5 

6 
7 
6 
6 
5 
6 
6 
5 
5 

Note: Relative SE values denote the percentage of a given mean value represented by its associated SE. 
Mean C is expressed in megagrams (Mg) or 1 × 106 g. Total C is expressed in gigagrams (Gg) or 1 × 109 g. 
Values are based on models that employed the enhanced plot sampling regime (i.e., all trees with dbh ≥ 12.7 cm measured over the entirety of each 17.9 m radius 
macroplot) and the highest plot density scenario (i.e., all 68 available plots). 

Fig. 4. Map of C aboveground mass (Mg ha−1) across Laupahoehoe (A) and Pu‘u Wa‘awa‘a (B) units of the HETF determined from landscape-scale LiDAR height (m) 
data and allometric relationships between mean canopy height and aboveground C (Mg/ha) of associated plots. 

Considering the three subunits of Laupahoehoe, mean ACD ranged 
from 105 and 107 Mg ha−1 in the Mauka and Natural Area Reserve 
(NAR) subunits, respectively, to 135 Mg ha−1 in the Makai subunit 
(Fig. 4A, Table 2). Relatively high ACD values in the Makai subunit 
were due to the nearly continuous coverage of large M. polymorpha- and 
A. koa-dominated forest stands. Lower mean ACD values exhibited 
across the NAR subunit of Laupahoehoe resulted from a counterbalance 
of extensive stands of mature, high carbon, M. polymorpha-dominated 
forest at mid-elevations (205 Mg ha−1; “A” in Fig. 4A), less extensive 
areas of large, planted Eucalyptus spp. stands at lower elevations 
(266 Mg ha−1; “B” in Fig. 4A), a very large, water-saturated bog area at 
mid elevations exhibiting low ACD values (i.e., 58 Mg ha−1; “C” in 
Fig. 4A), and low elevations heavily invaded by the small stature tree, 
Psidium cattleianum (76 Mg ha−1; “D” in Fig. 4A). The Mauka subunit 
consisted of a mix of open A. koa and M. polymorpha co-dominated 
forest exhibiting relatively low ACD values (61 Mg ha−1; “E” in 
Fig. 4A), stands of planted Fraxinus uhdei exhibiting high ACD 
(195 Mg ha−1; “F” in Fig. 4A), and closed A. koa and M. polymorpha 
forest stand exhibiting values intermediate between the other two forest 
types. 

Considering the four subunits of Pu‘u Wa‘awa‘a, ACD ranged from 
1.6 Mg ha−1 to 43Mg ha−1 in the Makai and Bird Sanctuary subunits, 

respectively (Table 2, Fig. 4B). Although ACD averaged only 
3.4 Mg ha−1 across the Kiholo subunit, relatively large stands of Pro-
sopis pallida clustered along brackish water coastal margins exhibited 
values as high as 23 Mg ha−1 (“A” in Fig. 4B). Exceedingly low ACD 
values in the Makai subunit resulted from a paucity of woody vegeta-
tion and dominance of non-native grasses, particularly Pennisetum se-
taceum, throughout the majority of the area (“B” in Fig. 4B). ACD in the 
Mauka subunit ranged from < 5 Mg ha−1 in introduced grasslands of P. 
setaceum and Pennisetum clandestinum (“C” in Fig. 4B) to 86 Mg ha−1 in 
forest stands dominated by the non-native tree, Grevillea robusta (“D” in 
Fig. 4B). 

Forests co-dominated by A. koa and M. polymorpha trees accounted 
for relatively high ACD values in the Bird Sanctuary subunit; the up-
permost band of closed forest dominated by these two native tree 
species exhibited ACD values as high as 100 Mg ha−1 (“E” in Fig. 4B) 
(Table 2, Fig. 4B). 

Relationships between LiDAR-derived canopy height and plot-de-
rived C mass estimates were more strongly influenced by plot density 
(i.e., the number of plots used to create the relationship), than by 
sampling intensity (i.e., the degree to which C mass on a given plot was 
measured). Where plot density was constrained to approximate the 
standard FIA “1X” plot density regime (i.e., 1 plot for every ≈2400 ha), 
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Fig. 5. Relationships between mean plot LiDAR height (m) and aboveground C (Mg/ha) for the combined Laupahoehoe and Pu‘u Wa‘awa‘a units of the Hawai’i 
Experimental Tropical Forest at 3 different plot sampling intensities (i.e., low, medium, and high) and at low (A) and high (B) plot densities (i.e., 1 plot per 2400 ha 
and 1 plot per 313 ha, respectively). 

relationships between LiDAR canopy height and C mass provided poor 
ACD estimates regardless of sampling intensity; slopes of each of the 
three sampling intensity scenarios differed from each other, and var-
iances of all three were uniformly high leading to low precision in es-
timation in each case (Fig. 5). 

In contrast, maximum plot density trials in which all FIA plots 
sampled were employed (i.e., 68 plots, or 1 plot for every ≈313 ha) 
relationships between canopy height and C mass provided satisfactory 
estimates regardless of sampling intensity; that is, slopes were similar 
among the three sample intensities, and variances were uniformly low, 
leading to high precision of resulting estimates from relationships in 
each case (Fig. 5). 

Bootstrap analysis demonstrated the importance of sample plot 
density on precision of C mass estimates at landscape scales (Fig. 6). 
Mean C mass estimates for the three sampling intensities averaged 
between 105 and 130 Mg ha−1 across the Laupahoehoe unit, between 
10 and 12Mg ha−1 across the Pu‘u Wa‘awa‘a unit, and between 33 and 
40 Mg ha−1 across their combined landscapes (Fig. 6). Mean C mass 
estimates for each of the three areas were marginally greater for the low 
intensity design than the high intensity plot design, which were mar-
ginally greater than the medium intensity design (Fig. 6). In all cases, 
mean values remained highly stable across the plot density gradient; 
this resulted from our approach that averaged a thousand sampling 
iterations in each case. Standard error (SE) values, which here provide 
measures of how precisely the mean was estimated, were highest at low 
plot density (e.g., 20 plots used in Canopy Height/C mass regression 

models) for all three landscapes (Fig. 6). Values were generally higher 
for the medium intensity design than those of the low intensity design 
which were generally higher than those of the high intensity plot de-
sign. This was likely due to the relatively greater influence of very large 
trees in the medium intensity design where only trees ≥61 cm dbh 
were recorded in the macroplot area; in cases where large trees are 
encountered, they increase overall C mass greatly, particularly relative 
to plots that happen not to contain large trees in the macroplot sam-
pling space. Within each landscape, SE values of the three sample in-
tensities declined steeply as plot densities increased from 20 plots to 40 
plots, after which SE values remained uniformly stable, approaching 
respective mean C mass estimates in an asymptotic manner (Fig. 6). 

At low plot densities, relative standard errors (i.e., SE value divided 
by mean value) were relatively high and variable among the three 
sampling intensity scenarios. Considering the Laupahoehoe unit by it-
self, high, medium, and low sampling intensities were 20%, 23% and 
40% of mean C mass values, respectively, at low plot densities (i.e., 20 
plots) (Fig. 7B). Standard error values across Pu‘u Wa‘awa‘a at low 
densities were ca. 20%, 14%, and 12% of mean values for medium, low, 
and high plot intensities, respectively (Fig. 7C). Relative SE values for 
combined Lauphahoehoe and Pu‘u Wa‘awa‘a landscapes exhibited a 
similar pattern at low densities: values of high and low sampling in-
tensities were ca. 13% of the mean, while the medium intensity sam-
pling values were 25% of the mean. Between plot density values of 20 
to 40 plots, relative SE values were highest for the medium sampling 
intensity, lowest for the high intensity, and intermediate for the low 
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numbers of plots were randomly sampled from the total population of plots from which equations and slopes relating TCH to C mass were generated. A total of 1000 
iterations were conducted for each increase in plot number (i.e., from 20 to 100 plots); hence the observed stability of mean C mass values despite high variances 
around mean values at low plot densities. In all cases, dashed lines indicate standard error values. 

intensity (Fig. 7). Once sampling densities surpassed 40 plots, relative 
S.E. values were low, convergent among each other, and very stable for 
each of the three areas of interest, regardless of sampling intensity 
scenario (Fig. 7). Values converged to ca. 10%, 7%, and 5% of mean 
values for Laupahoehoe, combined, and Pu‘u Wa‘awa‘a landscapes, 
respectively (Fig. 7). Relative SE values of means for the total number 
of field plots in the study – 68 – were uniformly low (i.e., between 5 and 

7% of the mean) for all sampling intensities and areas of interest (Fig. 7, 
Table 2). 

Results from analyses that employed only FIA plot data to determine 
landscape-scale ACD for the Laupahoehoe unit indicated that, although 
mean values were similar to those of the LiDAR assisted approach, SE 
values and coefficients of variation were higher for the former approach 
compared to the latter (Table 3). Mean and SE values derived from data 
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Fig. 7. Relationship between relative standard error values (i.e., SE/mean * 100) and number of plots used in the analysis at low, medium, and high sampling 
intensities across combined Laupahoehoe and Pu‘u Wa‘awa‘a landscapes (A), Laupahoehoe landscapes only (B), and Pu‘u Wa‘awa‘a landscapes only (C). We used a 
bootstrap approach in which the particular groups of plots were randomly sampled from the total population of plots from which equations and slopes relating TCH 
to C mass were generated. A total of 1000 iterations were conducted for each increase in plot number (i.e., from 20 to 100 plots). 

of the 28 FIA plots located in Laupahoehoe (i.e., one forest plot per 
180 ha) were calculated for both live biomass and combined live and 
dead (i.e., snags) biomass under the three sampling intensities (i.e., low, 
medium, and high intensity approaches). Coefficients of variation (CV) 
ranged from 10% to 13% of mean values that solely utilize the FIA plot 
data. In contrast, LiDAR-assisted approaches reduced the range of CV 
values to 6 to 8% (Table 3). 

In addition, results indicated that under the constrained FIA-plot 

scenario sample sizes (n) required to reduce coefficients of variation 
(CV) to levels comparable to CV values of the LiDAR-assisted approach 
(i.e., precision of 6% to 8% of C mass mean values) would need to be 2-
to 4-fold greater than the LiDAR-assisted values. This would necessitate 
installation of between 64 and 97 plots in the Laupahoehoe Forest Unit 
alone, compared to the density of 28 plots utilized in the LiDAR-assisted 
approach. 

331 



R.F. Hughes et al. Forest Ecology and Management 424 (2018) 323–337 

Table 3 
Sample plot number, C mass (mean ± S.E.) and coefficients of variation (C.V.) estimates across the Laupahoehoe unit where plots are solely used to estimate C mass 
and C.V. estimates where LiDAR data is employed to estimate C mass. 

# of plots 
(n) 

C mass (Mg ha−1) 
without LiDAR 

C.V. without 
LiDAR (%) 

C.V. with 
LiDAR (%) 

Plot # needed to 
equal LiDAR C.V. Sampling Intensity 

Low Intensity (live trees) 28 118 ± 15 13 7 89 
Medium Intensity (live trees) 28 99 ± 12 12 8 64 
High Intensity (live trees) 28 108 ± 12 11 6 97 
Low Intensity (live & dead trees) 28 137 ± 16 12 7 88 
Medium Intensity (live & dead trees) 28 116 ± 12 10 7 65 
High Intensity (live & dead trees) 28 115 ± 12 10 6 72 

Note: The column titled “Plot # needed to equal LiDAR C.V.” denotes the sample number required by the “FIA plot alone” approach to attain coefficient of variance 
values equivalent to those produced by the “FIA/LiDAR combined data” approach for each sample intensity scenario. 

4. Discussion 

Results document both the large aboveground C pools contained 
collectively within vegetation of the Laupahoehoe and Pu‘u Wa‘awa‘a 
landscapes – particularly in Laupahoehoe – and the wide variation in C 
density across those landscapes. High mean ACD values in Laupahoehoe 
were mainly due to the presence of extensive, large-stature forests 
dominated by native tree species, M. polymorpha and A. koa. Although 
M. polymorpha individuals tend not to grow remarkably tall relative to 
other tropical or subtropical species, the wood of this species is dense 
(i.e., 0.7 g/cm3) and stand-level densities (i.e., stems ha−1) of mature 
M. polymorpha forest are often quite high (e.g., 260 stems > 20 
cm dbh ha−1) (Zimmerman et al., 2008). Combined, these tree- and 
stand-level characteristics result in high ACD values where mature M. 
polymorpha forests dominate. M. polymorpha and A. koa are also pri-
mary contributors to portions of Pu‘u Wa‘awa‘a exhibiting high ACD 
values (Gon et al., 2006). Both relatively tall trees, A. koa, and M. 
polymorpha are the only two native trees that occupy intermediate-
stature and emergent tree layers of Hawai’i’s native forests. As such, 
these two dominant tree species account for the majority of native 
species contributions to ACD across Laupahoehoe and Pu‘u Wa‘awa‘a 
landscapes. 

On average, ACD values in the moist to wet forests of Laupahoehoe 
(i.e., 105–135 Mg C ha−1) were comparable to those of tropical forests 
found elsewhere. Humid forests of Madagascar and the Columbian 
Amazon exhibited average ACD values of 100 and 130 Mg C ha−1, re-
spectively (Asner et al., 2012a, Asner et al., 2012b), and forests of the 
Peruvian Amazon exhibited values ranging from 65 to 125 Mg C ha−1 

(Asner et al., 2010). ACD across the Pu‘u Wa‘awa‘a landscape, ranging 
from 2Mg ha−1 in non-native grasslands to 43 Mg ha−1 in montane 
mesic forests, was comparable to similar vegetation types in Hawai’i, 
Mexico, and the Amazon Basin (Litton et al., 2006, Navar, 2009, Saatchi 
et al., 2007). 

The most striking pattern regarding environmental controls on ACD 
between Laupahoehoe and Pu‘u Wa‘awa‘a landscapes resulted from 
differences in precipitation. The range in mean annual rainfall values 
for Laupahoehoe (i.e., 1980 mm to 4907 mm) were an order of mag-
nitude greater than those of Pu‘u Wa‘awa‘a (i.e., 266 to 703 mm); si-
milarly, mean ACD for Laupahoehoe (i.e., 109 Mg ha−1) was an order of 
magnitude greater than that of Pu‘u Wa‘awa‘a (i.e., 9.7 Mg ha−1). Aplet 
et al. (1998) found aboveground biomass strongly and positively cor-
related with precipitation along a matrix of lava flows on windward and 
leeward slopes of Mauna Loa, Hawai’i. Previous studies have docu-
mented strong positive relationships between precipitation and ACD in 
India (Mehta et al., 2014), South America (Alvarez-Davila et al., 2017), 
and the Rocky Mountains of Colorado, U.S.A. (Swetnam et al., 2017). 

Across both Laupahoehoe and Pu‘u Wa‘awa‘a landscapes, non-na-
tive species exerted a strong influence on patterns of ACD. Invasive, 
non-native grasses, particularly Pennisetum setaceum (fountain grass) 
and P. clandestinum, occupy large portions of Pu‘u Wa‘awa‘a (Blackmore 
and Vitousek, 2000) and, to a lesser extent, Laupahoehoe landscapes. 

They are responsible for generally low ACD values where they occur. 
Once grasses become established, typically in concert with ungulate 
activity (Leopold and Hess, 2017), they displace native woody species 
by increasing the intensity, frequency, and extent of fires (Trauernicht 
et al., 2015). Similar to invasive non-native grasses across Pu‘u 
Wa‘awa‘a, the small stature, non-native tree, Psidium cattleianum was 
ubiquitous across much of the lower portions of Laupahoehoe; where P. 
cattleianum occurred, ACD values were typically lower relative to ad-
jacent M. polymorpha and A. koa dominated forest stands. Asner et al. 
(2009) documented a diminution in ACD across areas of P. cattleianum 
invasion. In contrast, non-native trees, Fraxinus uhdei and Grevillea ro-
busta, increased ACD levels compared to native-dominated forests 
where they occurred. F. uhdei is fast growing, attains heights up to 40 m 
(Wagner et al., 1999), and grows in relatively dense stands. Similar to F. 
uhdei, G. robusta is a large tree, attaining heights of 10 to 25 m (Wagner 
et al., 1999). G. robusta ACD values were substantially higher than those 
of surrounding alien grasslands and comparable to ACD of adjacent 
mixed stands of M. polymorpha and A. koa. 

Taken together, the landscapes of Laupahoehoe and Pu‘u Wa‘awa‘a 
represent a meso-cosm for most of the patterns of aboveground C 
density and the factors shaping them across the Hawaiian Islands. ACD 
of native plant communities are often heavily influenced – either po-
sitively or negatively – by non-native species invasions, and ACD values 
of both native and non-native dominated communities are strongly 
shaped by the influences of climate, land-use, and fire. Similar to results 
here, prior studies documented the important influences of precipita-
tion, elevation, non-native species introductions, deforestation, fire, 
and grazing on ACD across Hawai’i (Asner et al., 2016). These land-
scape- scale findings agree with numerous prior plot-scale studies 
conducted in a variety of Hawai’i’s ecosystems (e.g., Aplet et al., 1998, 
Litton et al., 2006, Hughes et al., 2014, Blackmore and Vitousek, 2000). 

Results presented here demonstrate the relative importance of 
sample plot density (i.e., the number of plots sampled across a given 
landscape of interest) over sample plot intensity (i.e., the degree to 
which different structural components are measured in a given in-
ventory plot). When plot sample density was constrained to the stan-
dard FIA “1X” sampling regime (i.e., ca. 1 sample plot per 2400 ha), 
relative standard errors were, in most comparisons, 20% to 40% of 
mean values; such errors were high regardless of the degree of sampling 
intensity and clearly were not suitable for deriving ACD estimates at the 
landscape scale. In contrast, when plot density was maximized to in-
clude all 68 plots in the study, standard error values were 5% to 10% of 
mean values regardless of the degree of sampling intensity; such error 
values were well within suitability limits from which to derive ACD 
estimates at the landscape scale. It is worth noting that, regardless of 
sample intensity, standard error estimates collapsed to ca. 10% of mean 
values with the inclusion of 40 plots arrayed across Laupahoehoe and 
Pu‘u Wa‘awa‘a landscapes; this was the equivalent of 1 plot per 530 ha 
or an approximate “4X” FIA sampling regime. Collectively, results in-
dicate that FIA inventory plots, even at their lowest sample intensity 
design, can be utilized in combination with LiDAR data to accurately 

332 



R.F. Hughes et al. Forest Ecology and Management 424 (2018) 323–337 

estimate ACD across broad, heterogeneous landscapes, but only where 
plot densities are sufficiently high. 

Prior studies have asserted the necessity of relatively large field plot 
dimensions (i.e., 0.5 to 1 ha) when linking forest plot data with LiDAR 
data to provide accurate estimates of ACD in tropical forests; analyses of 
such approaches found that ACD (or aboveground biomass) model er-
rors declined with increasing sample plot size (Gobbakken and Naesset, 
2009, Mascaro et al., 2011). Zolkos et al. (2013), and Asner and 
Mascaro (2014) posited that declines in relative error values with in-
creasing sample plot size were caused by reduction in importance of 
edge effects in the co-located “footprints” of both field plots and LiDAR 
data coverage overlaying the field plot areas. These authors emphasized 
the need for highly accurate GPS locations for both plot and LiDAR 
footprints; they note that issues of misaligned or non-overlapping data 
coverages due to GPS inaccuracies are exacerbated when field plots and 
their associated LiDAR data coverages are relatively small. Our results 
demonstrated that this can be overcome at sufficiently high sample plot 
densities, and that FIA plot dimensions and configurations can be suc-
cessfully employed to do so; relative standard errors approached 10% of 
mean ACD values at densities of one FIA plot per 530 ha even where 
small FIA “subplots dimensions” (i.e, 0.068 ha plot−1) were employed. 
This result was surprising given prior findings regarding the need for 
sufficiently large plot size in such approaches (Zolkos et al., 2013, 
Mascaro et al., 2011). Results are promising regarding the utility of 
linking FIA plot data with LiDAR data to estimate ACD at landscape to 
regional-scales; the subplot design is the basic FIA sampling config-
uration, and it is the most commonly established and monitored FIA 
plot configuration and design throughout forested lands of the United 
States. As such, although FIA plot densities may need to be increased to 
make FIA plot/LiDAR approaches presented here viable, our results 
indicate that changes to plot sampling intensity does not appear ne-
cessary when utilizing FIA plots in combination with LiDAR to estimate 
ACD. Two factors may help to explain the low error values exhibited 
here. First, highly accurate survey grade GPS units were used to locate 
point center of all forest plots both on the ground and from the plane 
across Pu‘u Wa‘awa‘a and Laupahoehoe landscapes; this is a necessity 
to any approach linking field plot data and LiDAR data to derive 
landscape ACD estimates (Mascaro et al., 2011). Second, vegetation of 
Laupahoehoe and Pu‘u Wa‘awa‘a in particular, and Hawai’i in general, 
is lower stature and more homogenous with regard to tree species 
composition, and thus lidar allometrics, compared to more species rich 
tropical forests found elsewhere. Such characteristics may help to ex-
plain why smaller FIA plot dimensions may be acceptable, with regard 
to associated relative error values, for ACD estimation in Hawai’i’s 
forests, but not necessarily for larger and/or more diverse forests of the 
continental tropics (Zolkos et al., 2013). 

Notable among our results was the development and application of 
approaches to provide error estimates for landscape-scale ACD values. 
McRoberts (2010) posited that, given the enormous number of in-
dividual pixels involved, it was much too computationally intensive to 
determine variances of such data sets, and he offered a sampling ap-
proach whereby relevant N2 terms (i.e, N being the number of pixels) 
are sampled within a systematic grid system overlaying given areas of 
interest. Results presented here indicate that the sampling approach 
offered by McRoberts (2010) is unnecessary and cumbersome. Rather, 
through application of straightforward algebraic techniques (Appendix 
A), we were able to readily provide an error estimate for the more than 
100 million pixels that characterize the Laupahoehoe and Pu‘u 

Wa‘awa‘a landscapes as well as any sub units of those landscapes 
(Appendix A); this error estimate was precisely the value McRoberts 
(2010) attempted to estimate via sampling. We assert that this approach 
can and should be employed in similar approaches where calculation of 
variance for thousands to millions of pixels is required. 

Although costs of LiDAR data acquisition for large landscapes or 
regions may be high, the costs of increasing forest plot sampling density 
to levels that adequately capture the inherent heterogeneity of a given 
forested landscape in the absence of LiDAR data availability may be 
exorbitantly high as well; again, absent LiDAR data, our results de-
monstrated that plot densities would need to be doubled to tripled in 
number to approach relative error values exhibited by the field plot/ 
LiDAR approaches. In some cases, increasing plot densities to suitable 
densities for accurate ACD estimates may not be feasible or even pos-
sible given topographic, accessibility, and/or safety constraints (Asner 
et al., 2011). As such, augmenting existing FIA forest plot data with 
region-specific LiDAR coverage, even if that requires an increase in plot 
density somewhat above the FIA standard 1X or 2X approaches, is a 
feasible, cost-effective, and scientifically sound approach from which to 
obtain accurate landscape- to regional-scale ACD measures from our 
nation’s FIA network. 
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Appendix A 

Here we develop the method for estimating the standard error of the area prediction without needing the subsampling described in McRoberts 
(2010). Essentially we apply some basic algebra to what McRoberts (2010) outlined to make the use of all N 2 covariance terms while still making the 
calculation feasible. 

We first repeat some of the text to have all of the notation available in this appendix and the specific equations are generated. Then we describe 
the approach in general followed by how one could derived the variance formulas for a logistic regression from that general approach. Finally, we 
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describe how we estimated the standard error for the original model but accounting for different LiDAR resolutions. 

A.1. Estimating the standard error for the regression model 

We used regression models to predict aboveground C mass per unit area (Mg/ha) and C mass for the entirety of both Laupahoehoe and Pu‘u 
Wa‘awa‘a landscapes; models determined the relationship between C mass estimates derived from FIA plots at discreet, known locations and mean 
LiDAR pixel heights that covered the same locations as each respective FIA forest plot (n = 68). Based on prior experience (Asner and Mascaro, 
2014), we opted for an equation that allowed for increasing variability with increasing height in the following manner: 

where y is the estimated biomass per unit area in an FIA plot; ht is the mean height (i.e., TCH) from the associated pixels covering the given FIA plot; 
a, b, and k are constants to be estimated; and the residual error, ε, having a normal distribution with variance σ2 , ((ε ∼ N (0, σ2)) (Asner and Mascaro, 
2014). 

The biomass estimate for any particular pixel where x is the associated TCH is constructed from estimates of a and b which are labeled as a and b : 
μ = axb . Using the notation in McRoberts (2010) for the collection of N pixels in any given area of our overall study region in which we want to 
estimate aboveground C mass, we use a model-based estimate of mean C mass value per unit area (i.e., Mg/ha) calculated by the following: 

The coincident estimate of variance around the mean C mass was calculated by the following (McRoberts, 2010): 

Cov(μ μ ) ,i j where  is the estimate of the covariance between the two estimators, μi and μj.
McRoberts (2010) asserted that, because of the number of pixels involved, this estimate of variance is so computationally intensive as to require a 

sampling of a subset of the N 2 terms over an equidistant, two-dimensional grid superimposed over the respective area of interest. Sampling the data 
in this manner provides a means to make calculation of the variance estimate feasible (McRoberts, 2010). 

However, we have determined that this approach is unnecessary. Again, following McRoberts (2010) we employed the Delta Method (Bishop 
et al., 1975) to approximate the covariance of functions of estimated parameters: 
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Consequently, we can express the estimate of variance for μMOD in the following manner: 

This expression does not require any sampling of the N 2 covariances. Rather, it provides an error estimate for both Pu‘u Wa‘awa‘a (ca. 72 million 
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1.5 m2 pixels) and Laupahoehoe (ca. 32 million 1.25 m2 pixels). 

A.2. The general case 

Considered more broadly, this approach to calculate the standard error of an estimated total can be generalized for any subset of the pixels and 
for any regression function. McRoberts (2010) uses an estimator of the following general form for an individual pixel: 

μi = ( ;i β )f X

where β is a vector of estimated coefficients and Xi is a vector of covariates. The overall estimator for a collection of N pixels is the arithmetic 
average of all of those individual predictions: 

As noted before the variance of μMod is estimated with 

McRoberts (2010) asserts that this double sum must be estimated by overlaying a grid to reduce the number of calculations to a computationally 
tractable amount. However, this grid sampling approach proves unnecessary in light of some basic algebra. 

Following McRoberts (2010), we used the Delta Method (Bishop et al., 1975) to approximate (as opposed to calculate) Cov μ μ ( ,i j  ). We  first
identified the vector of partial derivatives of μi with respect to each parameter: 

We then approximated Cov μ μ ( ,i j  ) in the following manner: 

 ′ ZCov μ ( ,  )μ ≅ Z V β ji j i 

where vkm is the km-th element of Vβ which is the estimated covariance matrix of the estimated coefficients. 
Since the summation indices are not dependent on one another, we rearranged them without having to modify the indices: 

where 

This requires merely the sum of N terms for each of the T T  1, ,2 …,T J statistics, a more direct task that requires far fewer computations than would 
be necessary to estimate the sum with N 2 terms. Further, this approach does not rely on an arbitrary sampling grid and provides an exact asymptotic 
variance rather than an approximate asymptotic variance (McRoberts, 2010). 

For the specific example we considered earlier, we have J = 2, v11 = σ2a  , v22 = σ 2
b
,
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A.3. A logistic regression example 

McRoberts (2010) considered a logistic regression model with 

⎞
⎟

⎛
  

J 

μ = −  / 1  ⎛ e p ∑ ik1 1 x β xi  + k 
⎝ ⎝k= ⎠

⎞
⎟
⎠1 

N 
 Tk = ∑ xik μ (1−μ )i i

i=1 

2vkk = σ 
βk

predicting the proportion of pixels with a specific characteristic. Here we have , vkm = σ β βk, m for k ≠ m, and .
 

A.4. Accounting for different LiDAR resolutions 

Because LiDAR pixel resolutions differ for Laupahoehoe and Puu Waa Waa (i.e., 1.25 m2 and 1.5 m2, respectively), we cannot simply estimate the 
mean (Mg ha−1) or total (Mg) C mass by weighting the number of pixels in each area. Instead, it is more appropriate to estimate the mean as a 
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weighted mean in which the weights are the areas of the two regions. As such, we expressed ALau and APuu to indicate the two areas, and used μLau 
and μPuu to indicate mean C mass ha−1; the weighted mean C mass ha−1 of the combined area is expressed as: 

μ = wLau μ + wPuuμLau Puu 

where and .
 

The estimated variance of μ is somewhat more complicated, and it is expressed in the following manner: 

We have previously demonstrated the following: 
Consequently, we simply solve for each of the three terms above: 
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Appendix B. Supplementary material 

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.foreco.2018.04.053. 
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