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Improving Precision in Forest Inventory Using Small Area Estimation in Loblolly Pine 

Plantations in Coastal Georgia 

Bipana Subedi 

ABSTRACT 

The use of small area estimation (SAE) in forest inventory has shown promise for improving the 

precisions of estimates needed for informed decision-making when sample data are sparse. We 

evaluated the potential of unit-level SAE for increasing the precision of stand-level estimates of 

basal area, volume, and above-ground biomass estimates in loblolly pine plantations in coastal 

Georgia. Following the unit-level approach, field plots sampled in plantations owned by 

Rayonier Inc. were georeferenced to aerial lidar data using high-quality GPS field coordinates. 

Results focused on A) gains in precision for stand-level basal area, volume, and above-ground 

biomass estimates achieved by combining data from field plots with lidar-derived canopy height  

models in a SAE framework, B) impacts of small sample sizes on the precision of estimated  

stand level attributes, and C) the effects of nonrandom field plot placement in stands of interest 

when using unit-level SAE. Findings indicate that higher precision is achievable with greater 

variance stability than what is possible from very small samples of field data alone. This was true 

for all three attributes of interest. With careful attention to checking assumptions of the unit-level 

SAE approach, the use of non-random sampling does not appear to impair SAE’s ability to 

deliver unbiased estimates for forest plantation stands. Simulating the entire population’s basal 

area to test for the effects of non-random plot placement showed that SAE is robust to the type of 

sampling technique used. However, results can be affected when sampling is intentionally 

biased. This work can be useful to landowners and forest managers working with southern 

loblolly pine plantations. By leveraging simulation techniques to generate non-random sampling 

data from the available random sampling data, this study attempted to bridge the gap between the 

available empirical data and the desired sampling framework, ultimately widening the 

applicability of SAE in forest inventory settings.  
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Plantations in Coastal Georgia 

Bipana Subedi 

GENERAL AUDIENCE ABSTRACT 

Accurate forest inventory estimates are essential to make important decisions for forest 

management. Our research explored how advanced statistical methods, specifically small area 

estimation (SAE), can enhance forest inventories when only limited data is available. We 

focused on loblolly pine plantations in coastal Georgia, using data from field plots combined 

with aerial lidar technology to estimate important forest metrics: basal area (tree density), wood 

volume, and above-ground biomass. By pairing field and lidar data, we found that SAE 

significantly improved the accuracy of forest estimates, even when the number of field samples 

was very small. We also tested how different sampling strategies, such as non-random plot 

election, affected the results. Our results showed that SAE proved resilient to non-random 

sampling as long as certain assumptions were met. However, deliberate biases in sampling could 

still lead to less reliable estimates. Our findings provide valuable tools for forest managers and 

landowners, especially those managing loblolly pine plantations in the Southeastern US. By 

applying simulation techniques to extend the use of existing data, this study showed how SAE 

can fill data gaps and provide more accurate forest measurements, helping to guide better 

management and conservation decisions.  
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Introduction 

 

Accurate forest inventory estimates play a pivotal role in informing sound decision-

making processes and guiding policy formulation (Green et al. 2020b). To generate such 

estimates, foresters often rely on design-based surveys using fixed-area or variable-radius sample 

plots within areas of interest (Burkhart et al. 2019). This is called direct estimation, where forest 

parameters are estimated from directly observed ground-based sample units. While direct 

estimation proves effective when large samples are collected – often over large areas – obtaining 

reliable direct estimates can be challenging for relatively small areas that may contain a small 

number of inventory plots (Reich and Aguirre-Bravo 2009; Mauro et al. 2016; Magnussen et al. 

2017).  

Forest inventories are generally designed and executed with a goal of achieving a 

targeted precision or “the smallest possible standard error given a fixed level of effort” (Kershaw 

et al. 2017, 307). The number of sample plots collected in an area of interest plays an important 

role in determining the allowable error and precision level for estimating forest attributes. 

Depending on the number of sample plots observed, an area or domain can be considered large 

or small. A domain is regarded as large if the domain-specific sample is large enough to yield 

direct estimates of adequate precision; it is regarded as “small” if the domain-specific sample is 

not large enough to support direct estimates of adequate precision (Rao and Molina 2015). In 

inventory settings where estimates are mainly needed for extensive geographic regions or other 

large-area domains, design-based estimation often works well. The situation changes as forest 

managers or landowners increasingly demand estimates for small area domains needed for 

decision support (Fuller 1999). This adaptation is particularly relevant in plantation management, 



 
11 

 
 

where greater precision in characterizing plantation attributes requires greater sampling effort. At 

some point, inventory costs may become prohibitive when high-quality information is needed for 

many small areas at multiple points in time. 

Loblolly pine (Pinus taeda, L.) and slash pine (P. elliotti, Englem.), two members of the 

Southern Yellow Pine (SYP) species group form the most commonly planted commercial tree 

species assemblage in the Southeastern United States (Baker and Langdon 1990). Assessing 

commercial and ecological conditions over time requires that forest inventories provide accurate 

and timely information at fine scales, especially where stand-level and tract-level management 

are relevant (Green et al. 2020a). Increasing sample sizes in small areas to achieve necessary 

precision from direct estimation incurs greater costs, related to added requirements for resources 

like time, effort, and labor.  

To deal with limited sample size problem, supplementing inventory data with auxiliary 

information can be a useful method to predicting forest attributes at unsampled locations, 

ultimately enhancing effective sample sizes without requiring greater sampling effort (Rao 2015; 

Cao et al. 2022). In such cases, Small Area estimation (SAE), using model-based statistical 

estimators has shown potential in increasing forest inventory precision for small areas by 

leveraging auxiliary sources of information like remote sensing and combining them with field 

observations (Green et al. 2020a; Cao et al. 2022). 

Increasingly, auxiliary remote sensing information such as lidar or photogrammetric 

point clouds, or satellite imagery may be available to incorporate into forest inventory in SYP 

plantations. Light Detection and Ranging (lidar), often acquired by airborne laser scanning 

(ALS), sensors is increasingly coupled with georeferenced inventory plot measurements to 



 
12 

 
 

improve large- and small-scale estimation of forest inventory parameters (Blinn et al. 2019). 

Pairing aerial lidar with field-based inventory data offers an opportunity to employ SAE 

techniques, thereby enhancing the precision of estimated forest attributes for plantation stands 

without necessitating an increase in sample size or field effort. 

Seminal work on SAE was presented by Rao and Molina (2003), who presented a 

comprehensive framework encompassing various techniques within the SAE framework. SAE-

related methods are usually categorized as (1) domain-direct estimation, (2) domain-indirect or 

synthetic estimation, and (3) composite estimators that combine domain direct and synthetic 

information (Rao and Molina 2015). Domain-direct estimation focuses solely on sample data 

collected within a small area of interest, both for attribute estimates such as means or total and 

for estimates of their variances or mean squared error (MSE). Domain-indirect estimation is a 

model-dependent approach that employs statistical models that “borrow strength” in making 

estimates for one small area based on sample survey data collected in other areas or from other 

points in time periods, intending to reduce standard errors of the estimates within targeted small 

area domains. Indirect estimators leverage observed sample data (Y) beyond a specific domain of 

interest by integrating it with auxiliary data (X) through a model, typically described as a 

synthetic or assistive model (Rao, 2003; Lehtonen & Veijanen, 2009). This approach improves 

the precision of population parameter estimates. While direct estimators are usually unbiased 

under their sampling design, they can be unstable or exhibit high variances when sample sizes 

are small. In contrast, indirect estimators, such as regression models, often yield precise 

predictions but may introduce substantial biases if the underlying model assumptions are 

violated. To combine the unbiased nature of direct estimators with the enhanced precision of 
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indirect (model-based) estimators, a composite estimator is formed by weighting the two. This 

composite estimator is designed to balance the unbiasedness of the direct component with the 

low variance characteristic of the synthetic model. Two widely used approaches in small area 

estimation (SAE) – area-level and unit-level models – rely on a mixed modeling framework. 

This framework accounts for the variability within small area sample estimates and the residual 

variation across domains as predicted by the model (Fay & Herriot, 1979; Battese et al., 1988). 

Rao (2003, Ch. 5) distinguished between the area-level and unit-level approaches in 

small-area model-based domain estimation.  In the forest inventory literature, both area-level and 

unit-level small area estimation (SAE) methods have demonstrated their ability to improve the 

precision of estimates for small area domains while largely preserving unbiasedness 

(Breidenbach & Astrup, 2012; Goerndt et al., 2013; Magnussen et al., 2017; Mauro et al., 2017; 

Green et al., 2020a). Area-level approaches are often linked to the Fay and Herriot (1979) 

estimator, a well-established and widely utilized technique in area-based SAE applications. Fay 

Herriot methodology has been applied to several instances within forest inventory (Cao et al. 

2022; Green et al. 2020b; Temesgen 2022). Area-level approaches explicitly link sample 

observations in aggregate to auxiliary data at the scale of domains from which they were 

sampled.  

Unlike the area-level approach, unit-level small area estimation (SAE) integrates data 

from individual sample units with corresponding auxiliary data sources (Rao & Molina, 2015). 

Unit-level analyses, which involve combining field sample observations with geospatial 

auxiliary data or digital maps, necessitate accurate coordinates of the field sample plots. These 

coordinates are usually obtained using global navigation satellite systems, such as GPS, to enable 
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the precise alignment of field plot data with co-occurring observations from remote sensing or 

other geospatial data layers. Unit-level small-area estimation methodologies are frequently 

associated with the Battese-Harter and Fuller (1988; BHF) BHF estimator. BHF used a widely 

adopted nested error regression model approach for unit-level SAE that can be used when field-

plot survey data and auxiliary information from remote sensing are both available and can be 

paired, typically via precise geospatial coordinates, at the field-plot level. 

In forestry research, the use of non-random sampling techniques represents a departure 

from the traditional reliance on random sampling methodologies. Random sampling, the most 

fundamental sampling technique used in forest inventories (Kershaw et al. 2017) is a type of 

sampling where every potential sample plot within an area of interest has a known probability of 

being selected. Examples of studies involving applications of SAE using random sampling are 

extensive (Green et al. 2020a, 2020b; Goerndt et al. 2011; Cao et al. 2022). Non-probability 

sampling designs, like non-random or purposive sample selection, allow for plots to be 

established without rigorously following probabilistic rules for selecting sample units. This can 

enable researchers to use subjective judgments or heuristic guidelines to select samples rather 

than following a strictly random design (Etikan, Musa, and Alkassim 2016), with a possible loss 

of unbiasedness in estimation. While purposive or non-random sampling is rarely used to obtain 

inventory estimates, it does have a legitimate role in some resource assessments where designs 

involving systematic or random sampling fail to efficiently provide the desired information (Goff 

et al. 1982). Examples include growth and yield studies (Kershaw et al. 2017), studies requiring 

destructive sampling (Radtke et al. 2017), detection of rare and invasive species (Goff et al. 

1982), or studies of species diversity (Elzinga et al. 2001). While random sampling is not a 
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prerequisite to employing all SAE techniques (Sterba 2009), most studies using SAE in forest 

inventories have worked with random sampling to take advantage of its statistical robustness. A 

somewhat novel aspect of this study includes evaluating the effectiveness of SAE techniques in 

delivering unbiased estimates even while using non-randomly placed sample plots. In this 

context, the adoption of non-random sampling methods introduces an avenue for exploring the 

capabilities of unit-level SAE in addressing a broader range of management or research needs.   

As far as we are aware, no studies have specifically explored the application of small area 

estimation (SAE) techniques in the presence of both random and non-random plot placements, 

especially in the case of commercially managed SYP plantations. Simulation studies in the 

context of SAE are often presented very briefly (Warnholz and Schmid 2016). By leveraging 

simulation techniques to generate non-random sampling data from available random sampling 

data, this study aimed to bridge the gap between the available empirical data and the desired 

sampling framework, potentially widening the applicability of SAE in forest inventory settings. 

The primary objective of this work was to assess the effectiveness of unit-level SAE in 

improving the precision of stand-level volume, above- ground biomass (AGB), and basal area 

estimates in loblolly and slash pine plantations in Coastal Georgia.  A secondary goal was to 

evaluate unit-level SAE for delivering unbiased results where very small sample sizes or non-

random plot placement were employed. Working with industrial plantation forest inventory data 

from eight counties in Coastal Georgia, BHF unit-level estimation was be the primary SAE 

method evaluated. Three research questions were addressed: (1) What gains in precision are 

realized for stand-level plantation volume, AGB, and basal area, estimates achieved by 

integrating field plot data with lidar-derived canopy height models in a unit-level SAE 
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framework?; (2) How do small sample sizes (n ≤ 2) impact the precision of estimated forest 

attributes, and what strategies can be employed to mitigate the effects of limited sample size in 

SAE?; and (3) Can unit-level SAE techniques deliver unbiased estimates for plantation stands 

even when non-random sampling is employed, and what are the key considerations for ensuring 

the validity of these estimates? 
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Material and Methods 

 

Study Area and Direct Estimates  

 

The study area included Loblolly pine plantation stands representative of industrial forest 

management practices in Coastal Georgia, USA. The data for this study were provided by 

Rayonier Incorporated (Rayonier Inc., Wildlight, FL). For this study, we used two different 

sources of data: directly sampled forest inventory data and canopy height model (CHM) data 

collected from lidar. The study encompassed eight counties in coastal Georgia, namely Brantley, 

Camden, Charlton, Liberty, Long, McIntosh, Pierce, and Wayne. A map of the study area 

(Figure 1) illustrates the spatial distribution of the stands of interest. Stands covered a wide range 

of ages and included thinned and unthinned forests (Table 1).  A total of 114 stands were 

identified and surveyed within the study area with lidar coverage available for 104 of the stands. 

Among them, 68 were unthinned, and 36 were thinned prior to the period of data collection.  
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Table 1. Summary statistics of directly collected sample data for plantation stands in the study 

area. 

Parameters Min. Mean Max. 

Area (ha) 2.4 20.3 91.2 

Age (yrs) 10 16.8 27 

Basal area (m2/ha) 10.3 26.6 42.3 

AGB (Mg/ha) 24.6 115.2 254.4 

Volume (m3/ha) 32.6 170.3 375.6 

 

Sample plots used for data collection were circular in shape, each with an area of 0.1 acre 

(.04047 ha). The geospatial position of each plot center was referenced with sub-meter accuracy 

using a Trimble (Trimble Inc., Westminster, Colorado) R1GNSS GPS receiver. The type of 

sampling method used for data collection was random sampling, although field notes indicated a 

small number of plots may have been purposively located away from stand boundaries, water, 

and disturbed areas. The number of sample plots in each stand was very small, i.e. n = 2 in each 

stand, with the exception of four plots in one stand, making for a total of 210 sample plots in the 

104 stands making up the study area. 

Forest inventory data were collected over four months, from January to April 2020. 

Sampled stand-level data were available from two plots in each stand to produce estimates of 

volume, biomass, and basal area with associated sampling errors for each of the 104 stands. 

Stand estimates and their associated standard errors served as direct forest inventory estimates, 

Figure 1. Study area map showing surveyed Rayonier stands (red) across Coastal Georgia. 
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which were evaluated for potential precision improvements through the application of small area 

estimation (SAE) techniques. Due to the small within-stand sample sizes, it was expected that 

estimates may have been relatively unstable, especially sample variances based on n = 2. The 

attributes of interest estimated for each stand were the means of total stem volume (m3/ha), total 

aboveground biomass (Mg/ha), and basal area (m2/ha).  On each field plot, live trees were 

measured for diameter at breast height (dbh, 1.47 m). Roughly half of all planted SYP trees were 

measured for total height, with loblolly and slash pines comprising two-thirds and one-third of 

the sampled trees, respectively. Only live stems with dbh ≥ 2.54 cm (1 inch) were considered 

here, with the smallest measured tree height of 3.05 m (10 feet). In addition to measured heights, 

the following measurements were made on all trees: species or species groups (loblolly pine, 

slash pine, or other); dbh; and crown class (1 for dominant or codominant; 2 for intermediate or 

suppressed). 

Unmeasured planted SYP heights were predicted using a height-diameter equation 

attributed to M. Näslund by Sharma and Breidenbach (2015)  

ht = 1.37 + (
𝐷

𝑎 + 𝑎𝑖 + (𝑏 + 𝑏𝑖)𝐷
)

3

+  𝑒 [1] 

Where ht is total tree height (m), D is the diameter at breast height (dbh) in cm, a and b are 

fixed-effects parameters, a1 and b1 are random effects parameters to be estimated for each 

combination of stand ID and crown class, and e is a tree level residual error. In fitting Eq. [1] 

parameters a and b were treated as fixed-effects parameters with random effects parameters a1 

and b1 allowed to vary by stand and crown class to capture differences in height versus dbh 

relationships for the two crown classes and to account for site-specific height, dbh relationships 
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either due to stand-specific growing conditions or the SYP species (loblolly or slash pine) 

planted in different stands. Coefficients were estimated using package ‘nlme’ in the R statistical 

computing environment (Pinheiro et al. 2023, Pinheiro and Bates 2000, R Core Team 2024). The 

fitted model was subsequently used to impute the height predictions to trees not having measured 

heights. 

Total stem outside-bark volume and aboveground biomass were predicted from published 

equations for planted loblolly and slash pines developed by Westfall et al. (2023) as a function of 

dbh, total height, and species.  

Vol  =   {
aDbHc; D < k

a ∗ k(b−b1) ∗ Db1 ∗ Hc; D ≥ k
 [2] 

Where D = dbh, H = total height, k = 22.9 cm (9 inches) is a dbh segmentation point for SYP, 

and fitted coefficients a, b, b1, and c are species-specific coefficients given in the publication 

(Westfall et al. 2023).  

Auxiliary Data 

 

Canopy Height Models (CHM) derived from aerial lidar were used as auxiliary 

information in SAE analyses. Although CHMs were developed prior to their use here and 

delivered as a 0.5 m raster grid, examination of point clouds used to generate the CHM indicated 

an average pulse density of 39 returns per square meter. The CHM rasters were clipped to 

individual stand boundaries using polygon vector data provided by Rayonier for stands in the 

study area. CHM data were also clipped to the circular sample plots based on their center points 

and plot geometry (Figure 2). 
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Plot-level CHM metrics for use as regression predictors were extracted by first binning 

the raster canopy heights into 1 m discreet classes including a zero class for grid cells classified 

as uncovered ground. Cell bin heights were summed to calculate the total canopy height (m) for 

each plot. We denoted the mean height of all cells as ℎ𝑡̅̅̅
0 to indicate that zero values from 

uncovered ground affected its values. A complementary mean height (ℎ𝑡̅̅̅
∗) was calculated with 

zero grid cells omitted to give a more accurate representation of the canopy heights of trees 

standing on the plot, regardless of open space among trees. A third possible predictor was 

formulated as the number of uncovered (zero) pixels in each plot, which we denoted as the 

proportion of open ground (Po). A preliminary calculation of pairwise correlation coefficients (r) 

between the predictors and the plot level basal area showed moderate correlations (r = 0.73 and -

0.73) for ℎ𝑡̅̅̅
0 and Po, respectively. Lower correlations with the basal area were noted for other 

plot attributes including ℎ𝑡̅̅̅
∗ at (r =0.37), stem density (trees/ha) at (r =0.54), and a thinning 

indicator (0 for unthinned; 1 for thinned) at (r = -0.34). The same CHM metrics were determined 

for each stand within its boundaries to serve as stand population values for predictors. 

Height Height 

Figure 2. Two example stands and sample plot positions in the study area overlain with CHM data (heights 

in m). 
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Data Analysis 

 

Direct estimators 

 

Forest inventory direct estimates of domain-specific mean stand-level volume, biomass, 

and basal area were calculated using the conventional formula for the sample mean assuming 

simple random sampling. 

𝑦̅𝑑 =  
1

𝑛𝑑
∑ 𝑦𝑑𝑖

𝑛𝑑

𝑖=1

 [3] 

Where 𝑦̅𝑑 = domain (stand) mean of volume, AGB, or basal area per hectare, 𝑦𝑑𝑖 = attribute of 

interest observed on plot i in stand domain d, and 𝑛𝑑 = number of plots in each domain in all but 

one stand 𝑛𝑑  = 2. The same formula was used to calculate stand-specific stem volume and AGB 

per unit area. And the associated standard error for each stand was 

SE(𝑦̅𝑑) = √
∑ (𝑦𝑑𝑖 − 𝑦̅𝑑)2𝑛𝑑

𝑖=1

𝑛𝑑(𝑛𝑑 − 1)
 [4] 

as defined for eq [3]. 

Unit-level BHF model 

 

The unit-level small area model developed by Battese, Harter, and Fuller (BHF) (1988) was 

utilized for conducting SAE analyses. This approach combines two estimates to produce 

Empirically Best Linear Unbiased Predictions (EBLUPs) for the attribute of interest within each 

domain. For each stand (domain), the three attributes –total stem volume, AGB, and basal area – 

were of primary interest. 
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In the BHF model, a plot observation such as total stem volume (m3/ha) is formulated as 

the sum of a fixed-effects model prediction (also called the synthetic prediction) plus a stand-

level random effect, plus a residual term for the plot representing the difference between the plot 

observation and the mixed effects (fixed plus random) model prediction. Based on the BHF 

model, the observed response 𝑦𝑑𝑖 from plot i in domain d was composed as  

𝑦𝑑𝑖 = 𝒙𝑑𝑖
𝑇 𝛽 + 𝑢𝑑 + 𝑒𝑑𝑖 

[5] 

 
 

and, their means using eq [3]  

𝑦̅𝑑 =
∑ 𝑦𝑑𝑖

𝑛𝑑
𝑖=1

𝑛𝑑
  

 

[6] 

where i = plot index (1,2), d = domain (stand) index, 𝑦𝑑𝑖 is the value of a variable of interest Y 

(e.g., volume, biomass, or basal areas) for unit i in domain d, 𝒙𝑑𝑖is a p-vector of auxiliary 

information (lidar data) for sample plot i in domain d, and β is a vector of fixed effects associated 

with the auxiliary information. The model formulation (eq. [5]) assumes there is one set of fixed-

effects parameters β that define the relationship between the direct and auxiliary information 

across all domains, and that 𝑢𝑑 is a domain-specific random effect with . The error 

term edi~𝑁(0, σ𝑒
2) is the plot-specific residual error, which is assumed to be independent of the 

model. 

In the BHF nested error regression model, units i are nested within non-overlapping 

domains d. All plots in domain d are exposed to the same realization of the domain-specific 

random effect 𝑢𝑑. 
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The BHF EBLUP for a particular small area is expressed as  

𝜇̂𝑑
𝐸𝐵𝐿𝑈𝑃 = 𝒙𝑈𝑑

𝑇 𝛽̂  +  𝛾𝑑 (𝑦̅𝑑 − 𝒙𝑆𝑑

𝑇 𝛽̂) [7] 

with shrinkage factor 

𝛾𝑑 = 

𝜎𝑢
2

𝜎𝑢
2 +

𝜎𝑒
2

𝑛𝑑

 
[8] 

and auxiliary sample mean 

𝒙̅𝑑 =  
1

𝑛
∑ 𝒙𝑑𝑖

𝑛

𝑖=1

 [9] 

where, 𝒙̅𝑑 = sample mean (auxiliary) 

The BHF fixed effects or synthetic model (Ysyn) is a linear model denoted as 𝒙𝑇𝛽̂ in [7] 

where the base form of the linear model was  

ŷsyn = 𝒙𝑇𝛽̂ =  βo + β1x1 + β2x2 + β3x3 +  𝑒 [10] 

with 𝑥1= stand mean canopy height, 𝑥2 = log (stand zero CHM (proportion)), 𝑥3 = thinned (1) or 

un-thinned (0) indicator, and the model error is e. In fitting the model, observed x consists of a 4-

vector with element 1 = 1, and elements 2-4 = {x1, x2, x3} computed from a circular subset of the 

auxiliary data concomitant with the field plot boundary with which y was observed.  

Thinning effect in the model 

 

The incorporation of thinning status as a predictor variable in our regression model 

proved to be effective. For volume, a strong negative effect with a coefficient of -213.2 was seen 

indicating that thinning reduces the volume significantly. It means that when the plot is thinned, 

observed volume is lowered by around 213.2 ft.3/acre. This was consistent for all three attributes 
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of interest. For above ground biomass, whenever the plot is thinned, the total above ground 

biomass is lowered by about 4.68 tons/acre. Whereas, for basal area, whenever the plot is 

thinned, the total basal area, on average, is lowered by about 25.8 ft.2/acre. In all three cases, un-

thinned plots exhibited higher values compared to thinned plots, as shown in Figure 3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Comparison of stand-level attributes to the mean canopy height of the plot for 

volume, above-ground biomass, and basal area. 
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Open ground relationship in the model  

 

A negative relationship was noted between the amount of open space (zero CHM values) 

on plots and their observed volume, AGB, and basal area. It indicated that whenever there were 

open areas in the canopy, the volume, AGB and basal area were lower. The relationship, 

however, was not exactly linear and was improved using a natural log (ln) transformation (Figure 

4.) 

 

Figure 4. Comparison of stand-level attributes to the proportion of zeroes in the canopy for estimates of basal 

area, above-ground biomass, and volume (top: without transformation; bottom: with natural log transformation). 
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Precision gains: 

To evaluate gains in the precision of BHF estimators, we used the relative standard errors 

(RMSE%) for our direct estimates (DIR), and EBLUPs for each stand were calculated as 

𝑅𝑀𝑆𝐸 % 𝐸𝐵𝐿𝑈𝑃 =  100 ∗ √𝑀𝑆𝐸(𝜇̂𝑑
𝐸𝐵𝐿𝑈𝑃) 𝑦̅𝑑⁄  

                               [11] 

 

𝑆𝐸 % 𝐷𝐼𝑅 =  100 ∗  𝑆𝐸 (𝑦̅𝑑) 𝑦̅𝑑⁄                                  [12] 

 

and the standard error ratio (SER) for each stand was calculated as: 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑖𝑜 (𝑆𝐸𝑅)  =  
𝑅𝑀𝑆𝐸%𝐸𝐵𝐿𝑈𝑃

𝑆𝐸%𝐷𝐼𝑅
 

[13] 

Unit-level EBLUP estimates were obtained using the package R SAE in R (Molina and 

Marhuenda 2015). 

Population Data Simulation 

 

Simulation was used to generate artificial instances of populations from which sample 

plots for estimating stand-level EBLUPs were drawn to test assumptions and statistical properties 

of the BHF estimators. Stands were tessellated into nonoverlapping 20.1168 m x 20.1168 m 

squares cells matching the field plot size (0.1 acre). In each cell, assumed “known” volume, 

AGB, and basal area, values were generated to represent forest conditions, with simulated plots 

used both for generating sample data for use in BHF estimation over differing sampling 

intensities n = {2, 4, 8} and sampling both by random sampling and a range of nonrandom 

samples drawn from each basal area, volume and AGB quintile of tessellated plots on a stand. 
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Calculated EBLUPs and EBLUP MSEs from all stands were compared to simulated population 

averages and variances on the stands (Warnholz and Schmid 2016). 

A theoretical superpopulation model [5] governing all simulations was based on the BHF 

model fitted to the full set of plot observations and lidar CHMs from plots and stands in the 

Coastal Georgia study. Components simulating ground plot observations based on the 

superpopulation model will be generated repeatedly for B specific population instances b = {1, 2, 

…, B} 

𝑦𝑑𝑖
(𝑏)

= 𝒙𝑑𝑖
𝑇 𝜷̂(𝑏) + 𝑢𝑑

(𝑏)
+ 𝑒𝑑𝑖

(𝑏)
 [14] 

with terms defined as follows: 𝑢𝑑
(𝑏)

∼ 𝒩(0, 𝜎𝑢
2) is a simulated population random effect for 

domain d in the bth population based on the superpopulation random-effect variance parameter 

𝜎𝑢
2; 𝑒𝑑𝑖

(𝑏)
∼ 𝒩(0, 𝜎𝑒𝑑

2 ) is a sample-based residual for plot i in domain d for population b, with 𝜎𝑒
2 

the superpopulation residual variance unaccounted for by the mixed effects; 𝒙𝑑𝑖
𝑇  is the transposed 

vector of CHM auxiliary variables for the ith tessellated plot in domain d, which – as a fixed 

quantity in the BHF framework – is the only term in [14] that did not vary among the simulated 

populations; and 𝜷̂(𝑏) is the vector of fixed effects estimated from simulated sample plot 

observations and their corresponding auxiliary data. 

Domain-specific means were known for each population instance b based on averages of 

the tessellated ground conditions 

𝜇𝑑
(𝑏)

=
1

𝑁𝑑
∑ 𝑦𝑑𝑖

(𝑏)

𝑁𝑑

𝑖=1

 [15] 
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where Nd is the number of simulated ground plots in the tessellation for stand d. To test effects of 

the aforementioned varying sampling intensities from n = 2 through n = 24 in each stand using 

both random and nonrandom sample selection designs, data will be drawn from each of the 6 

sampling intensities for simple random sampling (without replacement) and non-randomly from 

5 distinct quintile-based strata, for a total of 36 combinations of sampling intensity by sample 

selection type in the bth population instance. Sampled data will be used to fit the BHF mixed-

effects model, producing EBLUP (b) = (𝜇̂𝑑
(𝑏)

) and 𝑀𝑆𝐸̂ (EBLUP (b)) estimates for each domain 

and sample-design combination, then repeated for the B population instances. Each population 

instance will also produce estimates of random effect variance σ̂𝑢
2(𝑏)

 and fixed effects 

coefficients 𝜷̂(𝑏). Sample-direct means and standard errors will also be calculated for each 

population instance and sample design to examine relationships between sample design 

specifications, precision gains in the simulated populations, and biases in estimators. 

Simulation-based estimates were summarized to evaluate the effects of sample design 

specifications on biases in all outputs of the BHF estimator. Quantities of interest included the 

bias of EBLUPs computed in actual, absolute, and relative units as in [16]-[18] for each sample 

design specification, which we denote as the mean bias (BIAS), mean absolute bias (MAB), and 

mean percent bias (MPB) 

𝐵𝐼𝐴𝑆(𝜇𝑑)  =
1

𝐵
∑(𝜇̂𝑑

(𝑏)
 – 𝜇𝑑

(𝑏)
)

𝐵

𝑏=1

 [16] 
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𝑀𝐴𝐵(𝜇𝑑)  =
1

𝐵
∑|𝜇̂𝑑

(𝑏)
 – 𝜇𝑑

(𝑏)
|

𝐵

𝑏=1

 [17] 

 

𝑀𝑃𝐵(𝜇𝑑)  =
100

𝐵
∑

𝜇̂𝑑
(𝑏)

 – 𝜇𝑑
(𝑏)

𝜇𝑑
(𝑏)

𝐵

𝑏=1

 [18] 

 

Where bias calculations [16]-[18] for domain means compare EBLUPs to simulated known 

values 𝜇𝑑
(𝑏)

 from each population instance, estimated fixed-effects (𝜷̂(𝑏)) will be compared to 

the superpopulation model parameters 𝜷 in similar formulas to compute BIAS(𝜷), MAB(𝜷), and 

MPB(𝜷). 

Instance-specific estimates of EBLUP variances 𝑚𝑠𝑒̂(𝜇̂𝑑
(𝑏)

) will be compared to an 

empirical superpopulation variance for each domain to quantify the simulation-level bias of 

variance estimates  

𝐵𝐼𝐴𝑆(𝑚𝑠𝑒̂(𝜇̂𝑑))  =
1

𝐵
∑ 𝑚𝑠𝑒̂(𝜇̂𝑑

(𝑏)
) –  𝑀𝑆𝐸(𝜇̂𝑑)

𝐵

𝑏=1

 [19] 

where the BHF-estimated variances are denoted with lower-case (mse) and the empirical 

variance is capitalized and defined as 

𝑀𝑆𝐸(𝜇̂𝑑) =
1

𝐵
∑(𝜇̂𝑑

(𝑏)
 – 𝜇𝑑

(𝑏)
)

2
𝐵

𝑏=1

 [20] 

noting that 𝑀𝑆𝐸(𝜇̂𝑑) will serve in place of the unknown superpopulation domain specific BHF 

variances (Molina et al. 2015). Calculations for MAB(𝑚𝑠𝑒̂(𝜇̂𝑑)) and MPB(𝑚𝑠𝑒̂(𝜇̂𝑑)) will follow 
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formulas analogous to [17] and [18], substituting estimated mse and empirical MSE terms from 

[19] in place of estimated and known domain means. 

 Coverage rates (CR) for confidence intervals (CI) will also be calculated from the 

simulated population instances, assuming normality of EBLUPs and forming frequentist 

confidence intervals for EBLUPs from each population instance and sampling scheme. 

𝐶𝐼(𝜇̂𝑑
(𝑏)

) = 𝜇̂𝑑
(𝑏)

 ±  𝑍𝛼/2√𝑚𝑠𝑒̂(𝜇̂𝑑
(𝑏)

) [21] 

An indicator I(b) = [0, 1] will be set to 1 when 𝐶𝐼(𝜇̂𝑑
(𝑏)

) includes 𝜇𝑑
(𝑏)

, and 0 otherwise. The 

proportions (i.e. means) of I(b) over b = {1, 2, …, B} population instances will be compared to 

the nominal CI coverage 1 -  to identify baseline CR and identify any patterns that arise in how 

the sampling scheme effects CR (Molina et al. 2015). 
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Results  

EBLUP Comparisons to Sample Means 

Comparison of stand-level direct estimates to BHF EBLUPs generally showed agreement 

with each other with some notable exceptions (Fig 5). Out of the 104 stands analyzed, there were 

18 stands where the EBLUP estimates for volume and AGB differed by more than 25% from the 

direct estimates. For basal area, the 25% discrepancy occurred for 9 stands (+ & ▲ symbols, Fig 

5). The purpose of examining stands with ≥ 25% differences between direct and EBLUP 

estimates was to look for explanations for such differences.  

Figure 5. BHF composite estimates (EBLUPs) of stand-level attribute totals compared to direct 

estimates for volume, above-ground biomass, and basal area (Note: points with symbol + indicate 

values with differences ≥ 25% that fall under the 1:1 line, whereas ▲indicate values with differences 

≥ 25% lying above the 1:1 line for volume, AGB, and basal area, respectively). 
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Closer examination of EBLUPs for stands with large sample means for volume, AGB, 

and basal area stands (+ symbols, Fig 5) revealed their EBLUPs typically reflected certain 

conditions for how plot-level auxiliary metrics related to the same metrics compiled for the 

corresponding stands. In a somewhat extreme example from stand 076 (Fig. 6), approximately 

10% of the stand area consisted of gaps or open areas without substantial tree cover; notably, 

neither sample plot in stand 076 was situated in the open areas of the stand as determined by 

CHM metrics. This indicated that sample means were likely inflated in relation to overall stand 

volume, AGB, or basal area. Inspection of CHMs mapped across the 13 stands listed above for 

volume (+ symbols, Fig 5) showed a possible lack of representativeness of sample plot 

placement in relation to gaps or open areas – including thinning corridors, small openings, and 

trails – in these stands (Appendix I). 

 

Figure 6. Stand 076 circular plot boundaries in relation to the stand boundary and auxiliary CHM 

values (m). 

 

Height (m) 
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In cases where stand EBLUPs exceeded sample means by > 25%, i.e. stands marked with 

the ▲ symbol that lay above the line Y=X (Fig. 5), inspection showed sample plots tended to be 

situated where small gaps or corridors led to potentially non-representative deflated volume, etc. 

sample means (Fig 7). For example, stand 028 was populated by tree canopies mainly > 20 m in 

height with openings (CHM = 0) and corridors covering 38% of the stand, compared to the open 

areas in sample plots, which averaged 51% (white areas, Fig 7). This indicated that the stand as a 

whole carried more volume, etc. than the areas within the plots. Presumably, sample means in 

cases like stand 028 would underestimate whole-stand growing stock or yield, i.e. volume, AGB, 

and basal area. A closer inspection of CHMs of the 5 stands marked with ▲ symbols in fig 5 

showed a similar reason behind this apparent bias (Appendix II).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Stand 2020028 plot locations. 

Height (m) 
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To further support this, the predictor values obtained for the number of zeroes per acre 

for the two plots for stand 028 were found to be consistently smaller than the ones obtained for 

the whole stand indicating that the EBLUP values should be larger than the plot’s average basal 

area (Table 2). For the stands where the EBLUP seems to be overestimating the average basal 

area, the predictor values obtained for the number of zeroes per acre for the stands were 

consistently smaller than the ones obtained for the two plots indicating that the EBLUP values 

should be larger than the plot’s average (Appendix III). In contrast, synthetic model predictions 

accounted both for differences in average canopy heights and the areas of openings based on 

model fixed effects coefficients (Appendix IV). 

Table 2. Plot and stand level predictor variables for number of zeroes obtained for stand 028 along 

with its two plots.  

 IDs Thinning status Ln (number 

of zeroes) 

Stand ID 2020028 1 8.73 

Plot ID 2020028A 1 9.08 

Plot ID 2020028B 1 8.96 
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RMSE Comparison 

 

 Relative RMSEs from SAE estimators, compared to the standard errors of direct 

estimates for stand-level attributes, highlighted the magnitude of differences in estimator errors. 

(Figure 8). A notable pattern is the lack of correspondence between EBLUP and direct 

estimation errors. In addition to that, EBLUP RMSEs were more stable than the direct standard 

errors derived from the small sample plots alone (Figure 8). In contrast, the direct standard errors 

were highly variable, often fluctuating between very low and very high values, indicating a lack 

of stability for all three attributes of interest. This instability is likely due to the small sample 

Figure 8. Standard errors obtained from direct estimates compared to that of the EBLUPs from 

unit-level SAE for all three attributes of interest.  
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size, which not only affects the reliability of the estimates themselves but also contributes to the 

instability of their standard errors. There were instances where some stands had very small direct 

standard error values from their two sample plots, and there were other instances where the direct 

SER was very high (Fig 8). Across all three attributes, the RMSEs of the EBLUPs demonstrated 

much less variability and greater consistency throughout the analysis (Fig 8). 

For stands with the smallest direct standard errors, inspection showed that the two plots 

within those stands had nearly the same basal area per acre, causing their standard deviations to 

be close to zero hence giving such small values for direct standard errors. For basal area, the 

mean SER was calculated as 2.50 indicating that, on average, the BHF EBLUP RMSEs are two 

and a half times larger than the sample direct standard errors. For volume, it was 2.18, and for 

above-ground biomass, it was 2.66 (Table 3).  

Table 3. Summary statistics of SER for basal area, volume, and above ground biomass estimates. 

SER Min. 1st quartile Median Mean 3rd quartile Max. 

Basal area 0.2207     0.4196 0.7297   2.2146   1.7701 56.6981 

 

Volume 0.1965   0.4113   0.7843   2.0078   1.5364 31.1809 

AGB 0.2019   0.4110   0.7792   2.4251   1.5263 40.7456 

 

Results from mean SER suggested that the BHF method did not effectively improve the 

precision of estimates but closer examination of SERs distribution showed highly skewed 

distributions (Fig 8). Table 2 shows that the range of SER for basal area, volume and above 

ground biomass is large, thus making the distribution skewed. This discrepancy can be attributed 

to a number of stands exhibiting very small direct standard errors while others exhibited large 

direct standard errors (Figure 9). Because SER is the ratio of EBLUP RMSE to the direct 

standard error, the very low value of direct standard error is causing the SER to increase because 

of which the distribution of SER is pulled to the right. In this case a better statistic to look at 

would be the median. Skewness was evident by the fact that mean (SER)>> median (SER) and 
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maxima (SER) >> SER means (Table 3). In this case, the median SER was studied as a more 

suitable measure of the overall SER performance due to its skewedness.  

For volume estimates, the median SER was observed to be 0.7843 which tells us that 

their central tendency as measured by the median showed SERs tended to be <1, indicating 

precision gains over direct estimate.  With this, the apparent sample size for improved volume 

estimate is 3.25, which means, on average we would have required 1.63 times more plots to 

achieve the same precision without using SAE. For AGB, it was 0.7792 which also indicate a 

gain in precision with the apparent sample size being 3.29 and finally, for basal area, the median 

standard error ratio was found to be 0.7297 with the apparent sample size being 3.75 hence again 

indicating that we obtained a gain in precision of all three of our attributes of interest.  

Figure 9.  Distribution of SER across all three attributes of interest: volume, AGB, and basal area. 
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Discussion 

The findings of this study affirm the potential of small area estimation (SAE) techniques 

to reduce uncertainties in estimates of volume, above-ground biomass, and basal area. 

Employing a unit-level SAE approach significantly lowered the root mean squared errors 

(RMSEs) of estimates for small areas (stands) compared to the less precise direct estimates. 

Additionally, direct standard errors derived from small-sized samples were found to be highly 

unstable, whereas RMSEs obtained from Empirically Best Linear Unbiased Predictions 

(EBLUPs) demonstrated improved stability (Figure 8). This enhanced stability increases 

confidence in the estimates derived from EBLUPs, made possible through the incorporation of 

auxiliary data, such as lidar. Consistent with findings by Goerndt et al. (2011), Magnussen et al. 

(2017), and Mauro et al. (2017), lidar proved to be an effective auxiliary data source for SAE 

models. Unit-level SAE models, which can utilize finer-scale data, provide greater precision 

gains compared to area-level models (Molina & Marhuenda, 2015). 

Additionally, incorporating information about thinning status as well as addition of 

variables such as the proportion of zeros in the plot, obtained from lidar led to enhanced 

precision in the unit-level analysis. It indicated a relationship between the presence of bare 

ground in the stand and the predicted value for volume, biomass, and basal area estimate. 

Although auxiliary information like thinning status may not always be available for every plot 

location (Green et al. 2020a), this study demonstrated that including a thinning indicator variable 

in the regression model was beneficial. It allowed us to clearly observe the distinct effects of 

thinning on stand volume, above-ground biomass, and basal area. 

In comparing the estimates from EBLUPs and direct field measurements, we observed a 

general alignment between stand attributes derived from the two methods. By "alignment," we 

refer to the tendency for estimates to follow a 1:1 relationship, with deviations not necessarily 

indicating bias. For the most part, the estimates corresponded closely. However, there were 

notable exceptions where discrepancies exceeded 25% (Fig. 5). At first glance, these 

discrepancies might suggest the presence of bias in the EBLUP estimates. Yet, upon further 

analysis, it became evident that these differences were primarily due to the small number of plots 
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failing to capture the variability of the stand, and hence to estimate the mean and SE 

appropriately. 

In the case of stands where EBLUPs consistently underestimated the mean basal area 

compared to the direct estimate, it appears that the sample plots were located in areas with taller 

trees and higher stem density (stems/acre), with minimal open ground leading to few zero pixels. 

This likely contributed to an overestimation of basal area when relying on direct observation. In 

contrast, the areas outside these plots contained either shorter trees, more open ground, or both, 

indicating that the stand, overall, would have a lower average basal area which was better 

reflected in the EBLUP estimates. This apparent difference suggests that the EBLUP estimates, 

rather than being biased, effectively accounted for stand variability, resulting in a lower yet more 

accurate average basal area estimate.  

Thus, while the initial apparent underestimation by the EBLUPs may appear to suggest 

oversaturation or bias, this observation underscores the critical role of sampling design. The 

placement of just two plots likely led to inflated direct estimates, thereby highlighting EBLUP’s 

strength in producing unbiased stand-level estimates. An important question, however, was 

whether the observed differences between the EBLUPs and the sample means reflected actual 

bias or if the EBLUPs remained unbiased. Through simulations, we were able to confirm that the 

EBLUPs maintained their unbiased properties, effectively capturing stand variability without 

introducing systematic error. 

An important assumption in the application of small area estimation (SAE) techniques is the 

existence of a linear relationship between the auxiliary data and the variable of interest (Rao & 

Molina, 2015). SAE methods can produce unbiased estimates only when the auxiliary data is of 

sufficient quality. For this study, a set of auxiliary variables was selected based on their 

theoretical relationship with the variable of interest and total volume. The inclusion of thinning 

status, alongside lidar mean height and the proportion of zeroes in the canopy effect, helped to 

"adjust" the estimates for volume, biomass, and basal area, as discussed earlier.  

The results of this study demonstrate that SAE techniques can reliably improve the precision of 

volume, basal area, and above-ground biomass estimates. However, these models have 
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limitations. Specifically, the SAE methods employed in this study are not applicable in situations 

where a direct estimate is unavailable (Goerndt et al., 2011). In such instances, a model-based, 

synthetic estimate would be required. 

Conclusion 

 

Unit-level SAE models that incorporated lidar-derived canopy heights, the proportion of 

zero-value pixels, and thinning status as auxiliary information achieved precision improvements 

for estimates of stand-level forest basal area, above-ground biomass, and volume in 

commercially planted loblolly pine plantations. These gains were realized when compared to 

estimates derived from the limited sample data alone. The results have also shown that the 

precision has increased substantially. For basal area estimates, our efficiency increased 

substantially by 87.5%, for volume, it increased by 62.5%, and finally, for above-ground 

biomass, it increased by 64.5%. In other words, for the basal area estimates, we would require an 

additional 1.87 times more samples to achieve the same precision without using SAE, for volume 

and above-ground biomass, we would have required an additional 1.62 and 1.64 times more 

plots, respectively to achieve the same precision without using SAE. 

This study has successfully demonstrated the potential of incorporating small area 

estimation (SAE) techniques into operational forest inventory in commercial loblolly pine 

plantations. By leveraging auxiliary information from lidar, such as the proportion of zeroes in 

the canopy, mean canopy height, and thinning status, the uncertainty associated with estimates of 

total planted volume, above-ground biomass, and basal area was reduced. In response to the 

research questions outlined in this study: (1) unit-level SAE methods improved the precision of 

volume, above-ground biomass, and basal area estimates, particularly when direct estimates 

exhibited high variability; (2) unit-level models demonstrated an increase in the precision of the 

attributes of interest; and (3) the incorporation of additional auxiliary information, such as lidar 

and thinning status, further enhanced the precision of estimated stand basal area, volume, and 

biomass. The auxiliary variables—mean canopy height, the proportion of zeroes in the stand, and 

thinning status—were found to be particularly effective for estimating forest above-ground 

biomass, volume, and basal area. 
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The findings of this study are particularly relevant to forest inventory managers 

conducting regular inventories in southern pine plantations. As the importance of enhancing and 

monitoring the productivity of loblolly pine grows, driven by both commercial and ecological 

interests such as carbon sequestration (Zhao et al., 2016), accurate and precise estimates of stand 

volume and biomass are crucial. By applying the methods outlined in this study, the precision of 

inventory estimates can be improved, resulting in greater confidence when making management 

and planning decisions. The unit-level SAE methods evaluated in this study are broadly 

applicable to situations where precise GPS locations are available. 
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Appendices 

Appendix I: Stand CHMs (with heights in meters) where EBLUP underestimated stand 

volume (+ symbols, figure 5) 

Stand ID’s: 

2020006 

2020007 

2020011 

2020012 

2020037 

2020038 

2020063 

2020076 

2020129 

2020214 

2020215 

2020224 

2020235 
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Fig 10. Stand 2020006 map showing the sample plots (two small black circles) located within it. 
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Fig 11. Stand 2020007 map showing the sample plots (two small black circles) located within it. 
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Fig 12. Stand 2020011 map showing the sample plots (two small black circles) located within it. 
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Fig 13. Stand 2020012 map showing the sample plots (two small black circles) located within it. 
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Fig 14. Stand 2020037 map showing the sample plots (two small black circles) located within it. 
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Fig 15. Stand 2020038 map showing the sample plots (two small black circles) located within it. 
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Fig 16. Stand 2020063 map showing the sample plots (two small black circles) located within it. 
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Fig 17. Stand 2020076 map showing the sample plots (two small black circles) located within it. 
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Fig 18. Stand 2020129 map showing the sample plots (two small black circles) located within it. 
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 Fig 19. Stand 2020214 map showing the sample plots (two small black circles) located within it. 
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Fig 20. Stand 2020215 map showing the sample plots (two small black circles) located within it. 
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 Fig 21. Stand 2020224 map showing the sample plots (two small black circles) located within it. 
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 Fig 22. Stand 2020235 map showing the sample plots (two small black circles) located within it. 
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Appendix II: Stand CHMs (with heights in meters) where EBLUP overestimated stand 

volume (▲ symbols, figure 5) 

Stand ID’s: 

2020022 

2020028 

2020042 

2020048 

2020056 
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Fig 23. Stand 2020022 map showing the sample plots (two small black circles) located within it. 
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Fig 24. Stand 2020028 map showing the sample plots (two small black circles) located within it. 
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Fig 25. Stand 2020042 map showing the sample plots (two small black circles) located within it. 
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Fig 26. Stand 2020048 map showing the sample plots (two small black circles) located within it. 
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Fig 27. Stand 2020056 map showing the sample plots (two small black circles) located within it. 
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Appendix III: Plot level and stand level predictor variables obtained for natural log of 

number of zeroes for stands and their respective two plots 

 

StandID Thinning 

status 

Ln (No. of 

zeroes) 

Plot Ln (No. of 

Zeroes) 

2020001 0 6.95 A 6.11 

B 5.67 

2020006 0 8.55 A 6.68 

B 4.09 

2020007 0 8.11 A 6.04 

B 6.92 

2020008 0 7.43 A 6.51 

B 6.38 

2020011 1 9.00 A 8.95 

B 8.91 

2020012 1 8.96 A 8.81 

B 8.82 

2020013 1 8.86 A 8.75 

B 8.9 

2020014 1 8.80 A 8.68 

B 9.16 

2020015 1 8.52 A 8.49 

B 8.73 

2020017 0 9.03 A 9 

B 8.98 

2020018 0 7.02 A 9.03 

B 8.88 

2020022 0 7.39 A 6.09 

B 8.68 

2020023 1 8.50 A 6.89 

B 7.42 

2020026 0 6.57 A 8.8 

B 8.52 

2020028 1 8.73 A 5.86 

B 6.27 
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2020029 1 6.63 A 9.08 

B 8.96 

2020031 0 7.35 A 6.17 

B 5.86 

2020032 0 7.36 A 6.76 

B 6.57 

2020033 1 7.82 A 7.09 

B 6.52 

2020037 0 9.02 A 6.17 

B 6.93 

2020038 0 7.84 A 7.23 

B 6.82 

2020042 1 8.17 A 5.74 

B 6.04 

2020043 0 6.76 A 8.35 

B 8.31 

2020045 0 6.86 A 6.13 

B 5.35 

2020047 0 7.01 A 5.35 

B 5.56 

2020048 1 8.20 A 6.41 

B 6.76 

2020049 0 6.47 A 7.57 

B 8.63 

2020051 1 7.89 A 5.8 

B 5.19 

2020052 0 6.57 A 7.3 

B 6.66 

2020054 0 6.35 A 4.09 

B 6.33 

2020056 1 7.67 A 5.97 

B 5.56 

2020057 0 6.14 A 7.33 
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B 8.3 

2020062 1 7.89 A 5.6 

B 3.69 

2020063 0 7.56 A 7.26 

B 7.35 

2020068 0 7.15 A 4.94 

B 6.87 

2020070 0 6.44 A 6.11 

B 6.17 

2020071 0 6.74 A 4.61 

B 4.38 

2020073 0 7.10 A 4.87 

B 3.4 

2020075 1 7.03 A 4.5 

B 5.08 

2020076 0 7.85 A 6.72 

B 6.35 

2020077 0 7.26 A 5.08 

B 5.99 

2020083 0 8.49 A 6.36 

B 6.38 

2020090 0 6.87 A 8.54 

B 8.2 

2020091 0 6.23 A 5.97 

B 6.49 

2020123 1 7.74 A 7.02 

B 6.99 

2020124 1 8.42 A 7.5 

B 7.36 

2020125 1 7.38 A 8.08 

B 8.11 

2020129 1 8.39 A 5.01 

B 6.92 
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2020130 1 8.39 A 7.4 

B 7.13 

2020131 1 8.43 A 8.03 

B 7.82 

2020132 1 7.87 A 8.13 

B 8.57 

2020133 1 7.31 A 7.41 

B 7.48 

2020134 1 7.33 A 7.25 

B 7.29 

2020137 1 8.62 A 7.35 

B 7.06 

2020140 0 8.30 A 8.41 

B 8.1 

2020142 0 7.83 A 8.58 

B 7.27 

2020144 1 8.32 A 6.77 

B 8.02 

2020148 1 8.33 A 8.29 

B 8.03 

2020149 0 7.33 A 8.19 

B 8.26 

2020150 0 7.39 A 6.13 

B 6.35 

2020151 0 7.49 A 6.77 

B 7.04 

2020153 1 8.14 A 7.31 

B 7.22 

2020154 0 6.51 A 8.05 

B 8.35 

2020158 1 8.31 A 4.94 

B 5.08 

2020160 1 7.63 A 7.94 
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B 8.09 

2020161 1 8.33 A 7.47 

B 7.1 

2020163 1 8.59 A 8.35 

B 8.14 

2020165 0 5.9 A 8.45 

B 8.68 

2020167 1 8.21 A 2.3 

B 4.7 

2020169 0 6.70 A 8.07 

B 8.45 

2020170 0 8.12 A 5.3 

B 6.27 

2020171 0 6.72 A 7.44 

B 6.41 

2020172 0 6.64 A 5.63 

B 4.5 

2020174 0 7.12 A 5.97 

B 5.97 

2020175 0 7.28 A 7.19 

B 6.19 

2020176 0 8.11 A 6.33 

B 6.73 

2020178 1 8.03 A 7.78 

B 7.33 

2020179 0 7.84 A 7.67 

B 7.85 

2020184 0 8.20 A 6.71 

B 8.11 

2020185 0 7.86 A 7.08 

B 8.28 

2020186 0 7.88 A 7.72 

B 7.47 
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2020187 0 7.38 A 8.18 

B 7.29 

2020190 0 7.94 A 6.45 

B 7.15 

2020191 0 8.05 A 6.86 

B 7.18 

2020192 0 8.18 A 7.44 

B 6.96 

2020194 0 8.12 A 7.68 

B 8.3 

2020195 0 7.92 A 7.85 

B 8.48 

2020196 0 8.21 A 7.64 

B 7.61 

2020197 0 7.89 A 7.36 

B 7.37 

2020205 0 7.89 A 7.75 

B 6.65 

2020213 0 7.66 A 6.43 

B 7.58 

2020214 0 7.70 A 6.82 

B 7.99 

2020215 0 7.40 A 7.83 

B 6.78 

2020219 0 7.51 A 6.46 

B 6.41 

2020222 0 8.04 A 6.29 

B 6.27 

2020223 0 7.73 A 7.85 

B 7.62 

2020224 0 8.18 A 7.57 

B 6.48 

2020225 0 7.49 A 8.12 
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B 6.78 

2020230 1 8.42 A 7.45 

B 5.94 

2020235 0 8.30 A 8.39 

B 8.26 

2020237 1 8.90 A 6.97 

B 8.01 

2020238 0 7.47 A 8.72 

B 8.93 

2020239 0 7.86 A 7.06 

B 6.61 

2020240 0 8.60 A 7.26 

B 6.73 
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Appendix IV: Fixed effects coefficient estimates obtained for all three models (Volume, 

AGB, and Basal Area) with the model form: 

ŷsyn = 𝒙𝑇𝛽̂ =  βo + β1x1 + β2x2 + β3x3 +  𝑒 [10] 

where, 

β1  =  𝑆𝑢𝑚 𝑜𝑓 ℎ𝑒𝑖𝑔ℎ𝑡 𝑝𝑒𝑟 𝑎𝑐𝑟𝑒 𝑝𝑙𝑜𝑡 (𝑆𝑢𝑚_ℎ𝑡_𝑝𝑎), 

β2 =  𝐿𝑜𝑔 (𝑧𝑒𝑟𝑜_𝑝𝑒𝑟_𝑎𝑐𝑟𝑒_𝑝𝑙𝑜𝑡) , and 

β3 =  𝑇ℎ𝑖𝑛𝑛𝑖𝑛𝑔 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

 

Attributes Coefficients Estimate Standard Error T-value 

Volume Intercept -8.409e+02 4.316e+02 -1.948 

Sum_ht_pa 1.801e-02 8.526e-04 21.126 

Ln(zero_pa) -2.826e+01 4.473e+01 -0.632 

Thinned -2.132e+02 1.085e+02 -1.965 

AGB Intercept -1.256e+01 8.132e+00 -1.545 

 

Sum_ht_pa 3.363e-04 1.606e-05 20.941 

Ln(zero_pa) -7.250e-01 8.427e-01 -0.860 

Thinned -4.682e+00 2.041e+00 -2.295 

 

Basal Area Intercept 9.007e+01 1.545e+01 5.829 

 Sum_ht_pa 4.306e-04 3.056e-05 14.092 

Ln(zero_pa) -7.938e+00 1.602e+00 -4.955 

Thinned -2.588e+01 3.905e+00 -6.629 

 

 

 

 


