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One of the most common practices regarding estimation of forest attributes is 

the partitioning of large forested subpopulations into smaller areas of interest to 

coincide with specific objectives of present and future forest management.  New 

estimators are needed to improve estimation of selected forest attributes in small areas 

where the existing sample is insufficient to obtain precise estimates. 

This dissertation assessed the strength of light detection and ranging (LiDAR) 

as auxiliary information for estimating plot-level forest attributes (trees/ha, basal 

area/ha, volume/ha, quadratic mean diameter, Lorey’s height) using intensity and non-

intensity area-level LiDAR metrics and single tree remote sensing (STRS).  LiDAR 

intensity metrics were useful for increasing precision for trees/ha.  With the exception 

of Lorey’s height, STRS did not significantly improve precision for most of the 

attributes. 

 Small area estimation (SAE) techniques were assessed for precision and bias in 

estimating stand-level forest attributes (trees/ha, basal area/ha, volume/ha, quadratic 

mean diameter, mean height of 100 largest trees/ha) assuming a localized 



subpopulation using LiDAR auxiliary information.  Selected estimation methods 

included area-level regression-based composite estimators and indirect estimators 

based on synthetic prediction and nearest neighbor imputation.  The composite 

estimators produced lower bias and higher precision than synthetic prediction and 

imputation.  The traditional composite estimator outperformed empirical best linear 

unbiased prediction for bias but not for precision. 

 SAE methods were compared for precision and bias in estimating county-level 

forest attributes (trees/ha, basal area/ha, volume/ha, quadratic mean diameter, mean 

height of 100 largest trees/ha) assuming a regional subpopulation using Landsat 

auxiliary information. Selected estimation methods included unit-level mixed 

regression-based indirect and composite estimators, and imputation-based indirect and 

composite estimators.  The indirect and composite estimators based on linear mixed 

effects models generally outperformed those based on imputation.  The composite 

estimators performed the best in terms of bias for all attributes.    
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COMPARISON AND ANALYSIS OF SMALL AREA ESTIMATION METHODS 
FOR IMPROVING ESTIMATES OF SELECTED FOREST ATTRIBUTES 

 

CHAPTER 1: INTRODUCTION  

Forest inventory and monitoring are crucial to develop sound forest management 

plans, in order to achieve desired economical, ecological, and social objectives.  The 

United States federal government and many state agencies have networks of sample 

plots to describe status and change in forest resources and to support sustainable forest 

management.  For example, the Forest Inventory and Analysis (FIA) program of the 

United States Department of Agriculture (USDA) Forest Service has a nationwide 

periodic inventory system for national, regional, and state-level assessment of forest 

resources (McRoberts, 2000).   

FIA has annual inventory where 10 or 20 percent of the total FIA plots in each 

state are measured each year. In western states such as Oregon, 10% of the FIA plots 

are measured each year (Brand et al., 2000; McRoberts, 1999).  This, combined with 

the fact  that most of these inventory programs use sampling intensities designed for 

large areas such as entire states or regions can cause current ground data to be limited 

for many smaller areas for which estimation of forest attributes may be necessary.  

One of the most common practices regarding estimation of forest attributes is the 

partitioning of large forested subpopulations into smaller areas of interest to coincide 

with specific objectives of present and future forest management.  Typically this is 

done by deriving direct estimates (DE) consisting of standard or stratified means of 



 

 

2 
plot-level values from all usable plots existing within the area of interest.  However, it 

is often difficult to obtain precise direct estimates of forest attributes of interest within 

relatively small areas that may contain few usable plots depending upon the location 

and the time frame in which estimation is being performed.  This creates a situation in 

which the existing ground sample for an area of interest is either too small to calculate 

a direct estimate with a reasonable degree of precision or is minimal.  The most direct 

way of addressing this issue is to take additional samples from each area of interest 

individually.  However, this is usually not feasible due to time and money constraints. 

One type of information that is very prominent with regard to obtaining or 

improving forest attribute estimates is remote-sensed auxiliary data.  Modern forms of 

remote sensed auxiliary data that can be useful in estimating forest attributes are light 

detection and ranging (LiDAR) data and Landsat data.  The use of LiDAR technology 

to estimate forest attributes has advanced dramatically in recent years.  Specifically, 

the use of small footprint LiDAR metrics as explanatory variables has become 

prominent, as technology for the acquisition, processing, and extraction of LiDAR 

metrics has improved (Means et al., 2000; Næsset et al., 2004; Gobakken and Næsset, 

2004; Falkowski et al., 2006; Lim et al., 2008).  One drawback with LiDAR however 

is that regional-level LiDAR acquisition is rare.  Due to cost, data storage, and time 

constraints LiDAR acquisition continues to be fairly localized based upon the 

analytical needs of the researchers or practitioners who request it.  Landsat, though 

collected at lower resolution and not as highly correlated with certain forest attributes, 

is readily available nationwide (Dorren et al., 2003; Hudak et al., 2001).    
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  Although modern forms of remote sensed data such as LiDAR and Landsat are 

widely available, the usefulness of this type of data for forest attribute estimation 

depends greatly upon the subpopulation, abundance of available ground data, and the 

estimation method being used.  Model-based direct estimators are very traditional 

methods for incorporating sample-based forest attributes with censused auxiliary 

information.  However, when the sample for a particular area of interest is either very 

small or non-existent, it can be difficult to calculate a strong enough relationship 

between the attributes of interest and the auxiliary data to obtain precise estimates.   

There are two major factors that can influence the type of estimation that is 

appropriate for a particular area of interest; 1) the existence or absence of ground data, 

and 2) the existence or absence of accurate spatial coordinates for ground plots.  There 

is a need for estimation methods that can utilize both ground information and auxiliary 

data within the entire subpopulation to improve estimation for smaller areas of 

interest.  One particular concept that meets these criteria very well is small area 

estimation.   

Small area estimation (SAE) is a concept that is relatively new to forestry, but 

has considerable potential regarding precise estimation of forest attributes.  The very 

concept of SAE pertains to calculating precise and unbiased estimates for variables of 

interest in smaller areas within a larger subpopulation (Rao, 2003; Petrucci et al., 

2005; Petrucci and Salvati, 2005).  SAE is very suitable for the aforementioned 

situations in that it assumes the pre-determined subpopulation of interest is comprised 

of many smaller areas.  These “small areas” are the actual observations of interest and 
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can consist of a wide range of spatial scales from forest stands to entire states or 

national regions.  This implies that the term “small area” in the context of SAE does 

not refer to the spatial size of the area, but rather the relative sample size that 

represents it.  SAE techniques are designed to increase the precision of forest attribute 

estimates in many situations where there is insufficient ground data to achieve the 

desired level of precision for direct estimates (Rao 2003; Petrucci et al. 2005).  This is 

accomplished through model-based indirect and composite estimation techniques that 

essentially “borrow” information from the existing ground data and auxiliary data for 

the entire subpopulation to estimate attributes within the small areas of interest. 

Unlike traditional methods of model-based inference, SAE is versatile as it can 

identify relationships between attributes of interest and auxiliary data at both the unit-

level and area-level.  This is an important advantage for the aforementioned situations 

where plot-level data cannot be directly matched with remote-sensed auxiliary data 

either from lack of accurate spatial positioning or from the use of variable radius plots 

that have no clearly defined boundaries.  One important model-based form of SAE 

utilizes linear mixed effects models (LME) to explain between-area variation that 

cannot be described by the auxiliary data.  Methods exist to apply this concept to 

either unit-level or area level sampling structure.   

The overall goal of this thesis is to assess several different methods for 

estimating important forest attributes in small areas that make up larger pre-

determined subpopulations in the Pacific Northwest region and to compare the results 
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of those methods to results obtained from tradition direct estimation for the same 

areas. 

The specific objectives are to 1) assess the estimation of forest attributes at the 

plot level using LiDAR-based metrics as both area and tree-level auxiliary 

information; 2) assess and compare different forms of model-based indirect and 

composite estimation for stand-level forest attributes within a localized subpopulation 

using area-level LiDAR metrics as auxiliary information; and 3) assess and compare 

different forms of model-based indirect and composite estimation for county level 

forest attributes within a regional-level subpopulation using Landsat imagery as 

auxiliary information.  Objectives 1-3 of the dissertation are addressed in Chapters 2-4 

respectively.  

Previous Work and Background Material 

Light detection and ranging (LiDAR) 
  

Two of the most important components of LiDAR with regard to detecting 

individual trees and other terrestrial structures are the digital surface model (DSM) 

and the digital elevation model (DEM).  Because many of the ground pixels cannot be 

immediately detected due to coverage of the ground by trees and other structures, 

DEM are typically developed using subsets of the DSM which consists of the original 

pixel values from the raw LiDAR data.  These subsets are used in developing spatial 

interpolation techniques such as inverse distance weighting, ordinary kriging, and 

universal kriging to derive an accurate terrain model for the ground elevation (Popescu 
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et al., 2002; Kini and Popescu, 2004; Lloyd and Atkinson, 2001; Kraus and Pfeifer, 

1998). 

Three of the primary attributes that can directly be obtained from individual 

trees using LiDAR imagery include: tree position (x and y coordinates), tree height, 

and tree crown diameter (or radius) (Korpela et al., 2007, Kini and Popescu, 2004).  

One of the primary methodologies surrounding the extraction of individual tree 

locations and attribute information pertains to the creation and analysis of a canopy 

height model (CHM) that is derived from the results of the DSM and DEM.  The 

CHM is derived by taking the difference between the pixel values of the DEM (based 

on first returns) and DSM which yields a new visualization that represents estimated 

canopy height across the landscape (Popescu et al., 2002; Popescu et al., 2003a; 

Popescu et al., 2003b).   

Once the CHM is derived, a customized algorithm is required to locate 

individual tree tops and calculate crown width.  One of the algorithm programs that 

are available in public domain is the TreeVaW program described in Kini and Popescu 

(2004).  This program uses variable window routines across the CHM of a particular 

landscape with the window sizes being dependent upon a pre-specified linear 

relationship between tree height and crown width for the area.  Another algorithm 

described by Korpela et al. (2007) uses a similar concept except that the suspected 

locations of individual trees have to be manually pointed out by the user in the CHM.  
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Small Area Estimation (SAE) 

One of the primary purposes of small area estimation (SAE) is to address 

situations where one wants to derive feasible estimates of variables of interest in areas 

where the present sample is not large enough to provide direct estimates of the desired 

precision (Rao, 2003; Best et al., 2007).  SAE has been shown to be an effective tool 

for increasing the precision of forest based attribute estimates in many situations 

where there is not enough measured data to achieve the desired level of precision for 

estimation using standard methods (Rao 2003; Petrucci et al. 2005).  There are 

different types of SAE, the validity of which greatly depends upon the structure and 

composition of both the estimation area (area of interest) and the available covariates 

and auxiliary information (Best et al., 2007)   

 Traditionally, particularly in spatial cases, SAE has been divided into two 

overall classifications; 1) direct estimation, and 2) indirect estimation (Best et al., 

2007; Rao, 2003; Costa et al., 2003; Costa et al., 2004).  A direct estimator is 

generally described as an estimator that uses estimates taken directly from the sample 

data.  This implies that there needs to be an adequate sample of data taken from all 

areas of interest in order to effectively use direct estimation (Best et al., 2007).  

Indirect estimators do not necessarily require that there is an adequate sample taken 

for each area of interest.  More specifically, indirect estimators have the ability to take 

auxiliary information that describes some characteristic of the area or specific point 

either in the area of interest or outside of the area in order to derive estimates.  One 

could say that indirect estimators “borrow” strength from either the auxiliary 
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information within the area or beyond the area in order to estimate a vital component 

to the estimation process, typically a regression coefficient (Rao, 2003; Best et. al, 

2007; Heady et al., 2003).  Many of the indirect estimators that are commonly used are 

either model-based or model-adjusted, such as a regression synthetic estimator or a 

unit-level linear mixed model.   It should be noted that there are model-based and 

model-adjusted approaches to direct estimation as well such as the generalized 

regression estimator (GREG), which are discussed in Rao (2003) and Särndal et al. 

(1992).   

 The two classifications that have been previously discussed do not represent 

the only way of classifying SAE.  Another classification presented by Rao (2003) 

makes a distinction between SAE based upon whether they are area level estimators or 

individual (unit) level estimators, which will be referred to from now on as type A and 

type B estimators respectively (Best et al., 2007, Goldstein, 2003).  Both 

classifications have a substantial bearing on determining the desired structure of SAE 

for spatial estimation problems whether one is trying to increase precision of 

estimation using auxiliary information from within the area of interest or from outside 

of it (Santamaria et al., 2004). This is due to the fact that area level estimators rely on 

auxiliary information that is representative of a particular area such as an estimated 

total or mean of a particular attribute for one particular section or region of the area of 

interest.   

While unit level estimators rely on auxiliary information that is representative 

of particular unit measurement (e.g. plots or individual trees in the case of a forest 
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stand) (Rao, 2003; Best et al., 2006).  It should be noted that there is not a substantial 

difference in the calculation methods between type A and type B estimators though 

computation can sometimes be more mathematically challenging for type B estimators 

since type B estimators use auxiliary information for each individual in the area, 

creating much larger matrices (Heady et al., 2003; Rao, 2002; Rao, 2003).   

Indirect Estimation 

As previously stated, SAE based on direct estimators can be useful when there 

is an adequate sample taken within the area of interest (Best et al., 2007).  Direct 

estimators use values of the variable or attribute of interest only from the sample units 

in the area of interest and can be conducted under design based or model-based 

methodology (Cochran, 1977; Särndal et al., 1992; Thompson, 1997; Valliant et al., 

2001).  However, because this thesis has been conceptualized based on the assumption 

of an inadequate previous sample, it is prudent to assess the applicability of indirect 

estimators.  Indirect estimators utilize auxiliary information either on a per area basis 

or a per unit basis that is derived from sources other than the standard survey.  Moisen 

et al. (2005) makes the point that indirect estimators, in essence, borrow strength by 

using auxiliary values from sample units outside of the area of interest, thus increasing 

the effective sample size.     

One particular form of a model-based indirect SAE is the modeling of a linear 

relationship between known values of a response variable of interest and covariates at 

either the type A or type B levels.  This is typically a linear regression based method 

that often utilizes random effects based on the spatial location of areas of interest 
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(Rao, 2003; Costa et al., 2006; Petrucci and Salvati, 2006).  One method that is 

frequently used to both improve the precision of estimates in domains with available 

data and provide estimates for domains without data is the linear mixed model (Rao, 

2003; McCulloch and Searle, 2001; Petrucci et al., 2005; Petrucci and Salvati, 2005).   

The linear mixed model for deriving SAE assumes a linear relationship 

between the response variable of interest and the covariates derived from auxiliary 

information for specific spatial points.  Unlike synthetic estimators and other implicit 

small area estimators, linear mixed models are considered explicit in that they are not 

constrained by the spatial information that the available auxiliary information 

provides, but rather they include a random area or unit-level effect (typically an 

intercept) that can account for between-area variation.  This not only makes the model 

more suitable to perform diagnostics to assess model fit, but also makes the model 

more directly comparable to other spatial estimation or interpolation methods such as 

universal kriging.  Of course, the model can be manipulated to accommodate both area 

and unit-level covariates, but as stated by Rao (2003), area-level covariates really only 

need to be used when no unit-level covariates are available (Prasad and Rao, 1990; 

Jiang and Lahiri, 2006).  Recall that the calculation procedures of both type A and 

type B models are very similar, especially in the case of linear mixed models due to 

the fact that both models utilizes a random area level effect regardless of whether or 

not it uses area level or unit level covariates.   

The basic type A linear mixed model, also known as a Fay-Herriot model, can 

be expressed as follows (Rao, 2003; Fay and Herriot, 1979). 
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Assuming that )( ii Yg=θ for some specified g() is related to area-specific 

auxiliary data ),...,( 1 piii zzz = through a linear model: 

iii
T
ii evbz ++= βθ̂ ,   i = 1,…,m                                                                              [1.1] 

where the individual error effects iε are iid ),0( iN ψ , the random area effects iv are iid 

),0( 2
VN σ , iz is a vector of area-level covariates for small-area i, β  is a vector of 

regression coefficients for the fixed effects of the model, and ib is a known positive 

constant typically assumed to be ib =1. 

The basic type B linear mixed model can be expressed as follows. 

iji
T
ijij evxy ++= β ;     .,...,1,,...,1 miNj i ==                                                           [1.2] 

Where the area effects iv are assumed to be iid random N(0,2
vσ ), and ije  are iid 

random N(0, 2
eσ ).  It should be noted that setting iv =0 creates a standard regression 

model that actually yields a synthetic type estimator that does not account for between 

area variation (Sattora and Ventura, 2006).  

Composite Estimation 

A method that can incorporate strength from both direct and indirect estimation 

is a composite predictor, which usually consists of a weighted sum or mean of a direct 

estimate and indirect estimate for the particular small area of interest.  A typical form 

of composite prediction in the context of SAE consists of the composition between a 

regression-based indirect or synthetic estimate and a direct estimate for each small 

area of interest (Fuller and Rao, 2001; Rao, 2003. pg. 58).  The premise for using such 
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an estimator is to balance the potential bias of the synthetic estimator with the 

instability of the direct estimator (Slud and Maiti, 2006). 

A typical composite estimator is calculated using the following equation as 

described by Rao (2003) and Griffiths (1996). 

21
ˆ)1(ˆˆ
iiiiiCP YYY φφ −+= ,                                                                                              [1.3] 

where 1îY is the direct estimate of the attribute for the ith small area, 2îY is the indirect 

estimate of the ith small area, and iφ  is the weight calculated for the ith county.  The 

weights were calculated using a variation of the James-Stein method similar to that 

presented by Rao (2003. pg. 58). 

)ˆ()ˆ(

)ˆ(ˆ

12

2

ii

i
i

YMSEYMSE

YMSE

+
=φ ,                    [1.4]   

where )ˆ( 2iYMSE is the mean squared error of the indirect estimate for small area i and 

)ˆ( 1iYMSE is the mean squared error (sample variance) of DE for small area i. 

 Another “special” form of composite estimator that can be used for unit-level 

scenarios is referred to as an Empirical Best Linear Unbiased Predictor (EBLUP).  

This composite estimator is calculated by using the results from the Fay-Herriot model 

and a direct estimate.  The EBLUP H
iθ̂ is derived using the following formula (Slud 

and Maiti, 2006). 

βγθγθ T
iiii

H
i z)1(ˆˆ −+= ,                                                                                           [1.5] 

Where 
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iv

v
i ψσ

σγ
ˆˆ

ˆ
2

2

+
= ,                                                                                                            [1.6] 

Notice that the EBLUP is a special case of a composite estimator that uses both the 

adjusted fixed effects of the Fay-Herriot model (βT
iz ) and the direct estimate (iθ̂ ) for 

the area of interest derived from the inventory data (Slud and Maiti, 2006; Ybarra and 

Lohr, 2008; You and Chapman, 2006).  A positive weight iγ  for the EBLUP is 

dependent upon having a positive value for the estimate of random error variance 

( 2ˆvσ ), and the “smoothed” estimate of sampling variance ( iψ̂ ).  In the case of a zero 

value for iγ  the EBLUP simply reverts back to a synthetic-type estimator based onβ~ .                                                                                                                                

 
Gradient Nearest Neighbor Imputation (GNN) 
 

Gradient Nearest Neighbor imputation (GNN) is a method that integrates direct 

gradient analysis with nearest neighbor imputation to create maps of vegetation and 

other variables of interest to spatial locations or regions by utilizing known response 

variable values and explanatory (auxiliary) information at other spatial locations 

(Ohmann and Gregory, 2002; Gauch, 1982).  The method of gradient analysis that is 

typically used for GNN is Canonical Correspondence Analysis (CCA) which is 

explained in great detail by Ter Braak (1986).   

CCA is useful for this type of analysis because it directly compares linear 

combinations of response variables and explanatory variables.  Comparable to a form 

of principle component analysis, CCA uses stepwise procedures to calculate different 

levels of covariance between the response and explanatory variable vectors and is 
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considered to be robust to collinearity between variables.  Due to the fact that an 

assumption of a linear relationship between explanatory and response variables is not 

always appropriate, CCA operates under the assumption of a Gaussian relationship 

between explanatory and response variables.  

One of the most important decisions that need to be made when preparing to 

perform a GNN analysis is the size of the land area pixels to which values of the 

appropriate response will be imputed.  A standard pixel size for use in GNN 

imputations of vegetative cover is 30 x 30 meters, which is generally referred to as the 

“spatial resolution of prediction” (Ohmann and Gregory, 2002; Ohmann and Gregory, 

2007).  The process starts out by dividing the area with known data values into pixels 

of the chosen size.  The known data, whether it is plots or coverage, is then inserted 

into the CCA analysis where stepwise regression procedures are used to determine the 

appropriate number of axes by an analysis of which variables are the most significant 

in terms of the amount of variability they describe.  The resulting model from the 

CCA analysis will consist of a linear combination of principle component values from 

the variables that explain the greatest amount of covariance between the response and 

explanatory variables (Ter Braak, 1986).  Then score values for the mapped pixels are 

created using the first few axes (which are considered to be the most significant) from 

the CCA.  This step creates new explanatory values for the pixels of the imputation 

area utilizing both the explanatory variable values known for that area and the 

information derived from the CCA regarding the covariance between both types of 
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variables.  The areas of interest for interpolation can have many classifications 

including either stratified or non-stratified individual forest stands or plots (units).   

The final step of the GNN pertains to the actual use of nearest neighbor 

imputation using the derived score values for the individual pixels.  At this point of the 

analysis, many of the procedures that are used to derive the final imputations 

correspond directly to the methods used for K – Nearest Neighbor imputation (KNN).  

The procedures for KNN are described quite thoroughly by Holmström and Fransson 

(2003), who provide the following general formulas for imputation: 

      ∑
=

=
k

r
rrtt vwv

1
,ˆ                                                                                                    [1.7]   

Where v  is the variable value for the target plot t and the weights w, were set 

proportional to the inverse distance, a, between target plot t and reference plot r. 

The distance a is typically derived using one of a variety of distance functions, 

though Euclidean distance and squared distance are considered to be the two most 

widely used and most reliable for the purposes of nearest neighbor imputation ( 

Holmström and Fransson, 2003; McRoberts et al., 2002).   

For GNN, a process similar to this one is used once the axes from the CCA are 

derived.  One important difference is that in GNN, only one (k = 1) nearest neighbor is 

typically used due to the fact that although an increased number of nearest neighbors 

can improve unit-based predictions, it often causes the boundaries between value 

classifications for response variables and covariance relationships between variables to 

become “fuzzy” (Ohmann and Gregory, 2002).  So when setting up the GNN, the 
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eigenvectors of the axes from the CCA analysis are used to weight the score values 

that have been assigned to the pixels in the area of interest.  Then the 

multidimensional Euclidean distance is used to determine which of the known plots is 

“closest” to the particular pixel of interest. 

Most Similar Neighbor Imputation (MSN) 

Most Similar Neighbor imputation (MSN) is a method that integrates 

multivariate analysis of the correlation between response variables and auxiliary 

variables. It has been used to create maps of vegetation and other variables of interest.  

MSN retains the full range of variability of the data and preserves the covariance 

among estimates of the multivariate design attributes (Moeur and Stage, 1995). 

MSN and GNN have a lot of similarities regarding the use of auxiliary 

information in that they both utilize a form of weighted distance to determine the 

known value that is closest in multidimensional space to the area of interest based 

upon the correlation between the response data and auxiliary data.  However, there are 

a few subtle differences between the two.  As previously mentioned, GNN utilizes 

CCA to determine score values and associated weights individually for areas of 

interest based upon the analysis of correspondence between the known response 

values and auxiliary information (Ohmann and Gregory, 2002).  MSN on the other 

hand, utilizes a canonical correlation analysis (CCAR) to derive weights for mapped 

elements according to their predictive power for all ground elements simultaneously 

while incorporating the covariance among ground elements (Ohmann and Gregory, 

2002).  This ultimately results in differences between GNN and MSN with regard to 
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the distance measure and weighting scheme that is used to map values to unknown 

areas.  The weighting scheme that is used by MSN is an example of the generalized 

Mahalanobis distance as described by Mahalanobis (1936).  A straightforward 

representation of the distance measure used in MSN is as follows (Moeur and Stage, 

1995; Eskelson et al., 2008): 

,)()( 22 ′−Γ′ΓΛ−= jujuuj XXXXD                                                                         [1.8] 

WhereΓ is the matrix of standardized canonical coefficients for the auxiliary variables, 

2Λ  is the diagonal matrix of squared canonical correlations between auxiliary 

variables and response variables, the productΓ′ΓΛ2 represents the matrix of 

simultaneous weights, anduX and jX are vectors of standardized auxiliary variable 

values for the uth target stand and the jth reference stand respectively.  As with GNN, 

in terms of the number of “most similar” neighbors used one is usually assuming (k = 

1) due to the prior simultaneous weighting of the calculated distance between area or 

polygonal values. 
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Abstract 

Three sets of linear models were developed to predict several forest attributes, using 

stand-level and single tree remote sensing (STRS) light detection and ranging (LiDAR) 

metrics as predictor variables.  The first used only area-level metrics (ALM) associated with 

first return height distribution, percent cover, and canopy transparency.  The second 

alternative included metrics of first return LiDAR intensity.  The third alternative used area-

level variables derived from STRS LiDAR metrics.  The ALM model for Lorey’s height did 

not change with inclusion of intensity and yielded the best results in terms of both model fit 

(adjusted R2 = 0.93) and cross-validated relative root mean squared error (RRMSE = 8.1%).  

The ALM model for density (stems/ha) had the poorest precision initially (RRMSE = 39.3%), 

but improved dramatically (RRMSE = 27.2%) when intensity metrics were included.  The 

resulting RRMSE values of the ALM models excluding intensity for basal area, quadratic 

mean diameter, cubic stem volume, and average crown width were 20.7%, 19.9%, 30.7%, and 

17.1% respectively.  The STRS model for Lorey’s height showed a 3% improvement in 

RRMSE over the ALM models.  The STRS BA and density models significantly 

underperformed when compared to the ALM models with RRMSE values of 31.6% and 

47.2% respectively.  The performance of STRS models for CW, volume, and QDBH were 

comparable to that of the ALM models. 

Introduction 

The use of light detection and ranging (LiDAR) technology to estimate forest 

attributes has advanced dramatically in recent years.  Specifically, the use of small footprint 

LiDAR metrics as explanatory variables has become prominent, as technology for the 

acquisition, processing, and extraction of LiDAR metrics has improved (Means et al., 2000; 
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Næsset et al., 2004; Gobakken and Næsset, 2004; Falkowski et al., 2006; Lim et al., 2008).  

Current LiDAR research is important not only for direct estimation of selected forest 

attributes, but also for determining the strength of correlations between LiDAR metrics and 

forest variables for use in forest inventory and assessment.  This is particularly relevant for 

regions such as western Oregon where acquisition of small-footprint LiDAR data is becoming 

much more common and less expensive for both the state and federal forest ownerships. 

There are two primary approaches for estimating or predicting forest variables 

using LiDAR metrics.  The first approach relates LiDAR metrics to ground-measured 

variables for individual trees through single tree remote sensing (STRS).  

Considerable work has been done to develop methods to detect and delineate 

individual trees on a landscape using only Geographical Information Systems (GIS) 

visualization, ranging from work done by Avery (1958) to Korpela (2004).  Typically, 

the two individual tree variables assessed directly from aerial LiDAR are total tree 

height and crown width (or crown area).  The acquisition of these variables from raw 

LiDAR data requires the use of an algorithm to detect individual trees on a LiDAR 

canopy height model (CHM) either by identifying gradient changes in canopy height 

or by using variable window technology (Popescu et. al. 2003a; Chen et. al., 2006).  

Other tree-level variables, such as diameter at breast height (dbh) and volume, are 

estimated from the LiDAR-derived individual tree height and crown width.  

Theoretically, inference for forest variables such as volume and standing biomass can 

be made at the stand level or even the regional level using STRS for LiDAR.  

However, this approach can often times be difficult to implement on either a small or 
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large scale due to errors of omission and commission of individual trees.  This form of 

error is generally caused by one of three factors: 1) LiDAR pixel size (precision of 

LiDAR surface), 2) forest structure (density and percentage of dominant/codominant 

trees), and 3) the type of tree segmentation algorithm used (Popescu et. al., 2003a; 

Popescu et. al., 2003b; Chen et. al., 2006; Popescu et. al., 2007; Anderson, 2009) 

The second approach for the estimation and prediction of forest attributes using 

LiDAR metrics does not attempt to identify individual trees as with STRS, but uses 

area-level metrics from the LiDAR point cloud and area-level estimates from ground 

data.  From height profiling to volume estimation, this type of LiDAR based inference 

has advanced dramatically over the last 15 years (Næsset, 1997a; Næsset, 1997b; 

Magnussen and Boudewyn, 1998; Means et al., 1999; Means et al., 2000; Næsset and 

Bjerknes, 2001; Breidenbach, 2008).  Næsset (1997b) and Magnussen and Boudewyn 

(1998) found correlation between forest attributes and LiDAR-based metrics.  

Traditionally forest LiDAR studies have utilized only metrics associated with canopy 

elevations of individual returns based upon spatial coordinates.  However, LiDAR 

intensity has been found to be highly correlated with changes in forest cover, 

specifically with regard to species or species-group classification in forests (Luzum et 

al., 2004; Donoghue et al., 2007; Morsdorf et al. 2008; Korpela, 2008).  The 

incorporation of LiDAR intensity metrics in this study stems from two factors: i) there 

has been some past difficulty correlating LiDAR height and cover metrics with BA 

and density, and ii) the models created in this analysis incorporated a mixture of 

conifers and hardwoods, though conifers are dominant. 
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Development of regression models for estimating basal area and tree density 

using both LiDAR metrics and Landsat imagery was recently assessed by Hudak et al. 

(2006).  The primary focus in that study was to assess differences in model fit and 

precision between a variety of different model-selection methods such as subset and 

stepwise regression using height, cover, and intensity LiDAR metrics.  This study 

differs in that the primary focus is to assess the model fit and precision for six 

different forest attributes with and without the use of LiDAR intensity metrics, as well 

as a comparison to models created through STRS.     

The objectives of this study are to: 1) develop empirical models to relate forest 

attributes of interest and LiDAR metrics, 2) examine the contribution of LiDAR intensity 

metrics in estimating selected forest attributes, and 3) compare the resulting precision of the 

area-based models with precision of area-level estimates through use of STRS.  The attributes 

of interest for this study are total stem volume (m3 ha-1), Lorey’s mean stand height (m), 

quadratic mean diameter (QDBH, cm), basal area (BA, m2 ha-1), density (live stems ha-1), and 

average crown width (CW, m) for all live trees.   

Methods 

Study area 

The study was conducted in McDonald-Dunn Research Forest located just 

north-northwest from the town of Corvallis in western Oregon.  The forest covers 

approximately 4,553 hectares with an elevation range of approximately 60-500 meters 

above sea level.  The main tree species are conifers, including Douglas fir 

(Pseudotsuga menziesii) and grand fir (Abies grandis) as apex species and a small 
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percentage of western hemlock (Tsuga heterophylla) and western red cedar (Thuja 

plicata).  The primary deciduous species is bigleaf maple (Acer macrophyllum).  

Although the species composition does not vary significantly throughout the forest, 

individual stands vary widely by age, density, and management history. 

Field data  

Using stand-level inventory data collected in 2008, 29 square plots measuring 

30x30 m (900m2) were stratified by 16 subcategories representing the combination of 

four age ranges (20-40, 40-60, 60-80, and 80 + years) and four Curtis relative density 

(RD) ranges (0.01-0.2, 0.2-0.5, 0.5-0.8, 0.8-1.1).  This made it possible to capture the 

range of diversity in forest structure.  RD is defined as the product of the square root 

of QDBH and BA (Curtis, 1970).  The location of each plot was pre-determined using 

ARCMAP, and all four corners of each plot were located in the field using waypoints 

in a differential Global Positioning System (GPS).  A criterion laser was used to verify 

the positions of the plot corners using the southeast corner as a reference.  In order to 

georeference exact plot position, the GPS receiver was mounted on a leveled stand at 

the location of the southeast corner to collect a minimum of 1000 positions with a 

logging interval of one second.  Each plot was stem mapped using reference points 

that were also georeferenced with the GPS and a criterion laser.  A summary of per 

plot information for relevant attributes can be seen in Table 2.1.  

For every living tree within the plots that had a diameter at breast height (dbh) 

of greater than 11.4 cm, dbh, species, height, height to crown base (HCB), and crown 

width were measured.  Crown widths were determined by measuring two crown radii, 
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one to the tip of the outmost branch on the longest side of the crown and another 90 

degrees (perpendicular) from the first.  For excessively leaning bigleaf maple and 

Pacific madrone (Arbutus menziesii), CW was estimated using an equation from Hann 

(1997).  Tree-level volume estimates were calculated using the USDA Forest Service 

National Volume Estimator Library (USDA, 2000).  Lorey’s mean stand height 

(Lorey’s height) for each plot was calculated as plot-level means of basal area 

weighted tree heights (Husch et al., 2003).   

LiDAR data 

Area-based LiDAR metrics 

The LiDAR data was collected in May of 2008 using a Leica ALS50 II laser 

system.  The sensor scan angle was ±14° from nadir (the point on the ground directly 

below the aircraft) with a pulse rate designed to yield an average number of pulses of 

≥ 8 points per m2 over terrestrial surfaces.  Classification of ground and vegetation 

points was performed by TerraScan v.7.012 as well as spatial interpolation of ground 

classified points to create the digital terrain model (DTM).  The data was collected 

using opposing parallel flight lines with a ≥50% overlap, producing average ground 

point and first return densities of 1.12 and 10.0 points/m respectively.  All area-based 

LiDAR metrics used in this study were extracted from the raw point data using 

LiDAR FUSION (McGaughey, 2008).  A summary of the LiDAR metrics with 

corresponding descriptions can be seen in Table 2.2.   

All LiDAR metrics were extracted using only first returns above a height of 

three meters off the ground, with the exception of the cover metrics and canopy 
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transparency which used a variety of predetermined height thresholds, because a high 

number of first returns from the ground and low-lying vegetation may introduce 

confounding noise in the LiDAR metrics (Kraus and Pfeifer, 1998; Næsset and 

Bjerknes, 2001; Strunk, 2008).  Aside from raw reflectance values, there are other 

factors that can affect LiDAR intensity, such as humidity, weather patterns, ground-

elevation changes, and scanning angle.  In many LiDAR datasets, including the one 

for this study, the intensity values for each return have already undergone a form of 

normalization to adjust for some of these factors.  The raw LiDAR intensities 

extracted in a particular scan were passed through a proprietary algorithm by the 

LiDAR vendor accounting for several variables such as localized trends in intensity 

values, scanning angle, and target distance.  Through this process, many weak 

intensity readings were adjusted to correspond with the distribution of intensity values 

in the surrounding area based upon the aforementioned variables, outputting a final 

product consisting of intensity values per return that were calibrated to an 8-bit value 

with a range of (0 – 255).  Although this technique helps to filter out much of the 

backscatter noise, there are additional normalizations focusing on target distance and 

scan angle that have been studied (Donoghue et al., 2007; Luzum et al., 2004). 

Unfortunately, there was not sufficient information available for this LiDAR dataset to 

perform this type of normalization. 

STRS LiDAR metrics 

Over the past several years, a few different types of algorithm have been 

developed to identify individual tree tops and crowns in LiDAR.  For this study, 
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individual tree crown identification was performed using a watershed segmentation 

algorithm for each plot.  This was done by creating an inverse of the canopy height 

model (CHM) and applying morphological watershed segmentation, resulting in 

segmentation of the CHM into polygons associated with individual tree crowns 

(Hyyppa et al., 2001; Anderson, 2009).  A tree height was defined as the highest return 

value located within the crown polygon.  This is the most widely used method of 

detecting individual trees in conifer forests as conifers typically have very 

distinguishable crowns unlike many deciduous species (Popescu et al., 2002; 

Anderson, 2008; Persson et al., 2002).  In order to classify as many tree crowns as 

possible, intensity values were assessed for each plot to aid in differentiating between 

conifers and hardwoods.  This was made possible by the fact that the LiDAR data 

acquisition was leaf-off, causing deciduous crowns to typically have lower signal 

reflectance and therefore lower intensity.  Due to the high density of some of the plots, 

many of the intermediate and suppressed trees were not detected by the algorithm.  In 

most cases, these trees were completely overtopped by surrounding dominant and 

codominant trees.  Of all ground-measured trees, about 60% were discretely detected 

in LiDAR.  This coincides well with past studies in that trees assessed through STRS 

from LiDAR are typically indicative of dominant and codominant tree characteristics 

for a given stand except in the case of low stand density (Popescu et al., 2002; 

Anderson, 2009).  There was omission of only about 15% for dominant and 

codominant trees, most of which was caused by high canopy density in many of the 
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plots.  Individual tree variables extracted from the STRS of the LiDAR coverage were 

tree height and crown area (CA).       

Statistical analysis 

Estimating tree-level attributes from STRS 

Prior to developing area-level models for forest attributes using tree-level 

variables from STRS, it was necessary to assess the correlation between LiDAR 

derived values of single-tree height and CW, and ground measured values of height, 

CW, and dbh.  Dbh is a variable that cannot be directly obtained from LiDAR STRS, 

but has been shown to be highly correlated with LiDAR tree height and CW for 

conifers (Popescu et al., 2002; Popescu, 2007).  It was necessary to quantify the 

relationship between both LiDAR and ground-based tree height and CW due to 

tendencies in LiDAR tree height to have slight negative bias, and the fact that LiDAR 

CW is based upon detected CA.  Linear regression was applied to the 700 trees 

detected by the segmentation algorithm for height, CW, and dbh using LiDAR derived 

height and CW as explanatory variables.  No transformation was necessary for height, 

but log transformation was applied to both CW and dbh to correct for non-normality 

and heteroskedasticity.  All three models were validated using leave-one-out cross-

validation for root mean squared error (RMSE).  The resulting tree-level estimates 

were used to calculate plot-level minimum, maximum, mean, and standard deviation 

of tree height, CW, and dbh.  QDBH and BA were also calculated based upon single-

tree dbh of dominant and codominant trees detected through STRS per-plot.  All of the 
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aforementioned STRS variables were used as explanatory variables in area-level 

models for all six forest attributes of interest.   

Area-level metric (ALM) and STRS models 

Before the process of linear model selection began, the ground attributes were 

assessed for several transformations.  This was done using residual plots, Shapiro-

Wilks tests and quantile-quantile (q-q) plots to test for normality of the data.  It was 

determined that natural log transformation was the most beneficial for all of the forest 

attribute response variables.  This coincided well with similar past studies as this 

transformation is often used on forest variables to correct for both non-normality and 

heteroskedasticity (Næsset, 1997a; Næsset, 1997b; Næsset and Bjerknes, 2001; 

Woods et al., 2008).  Because the response variables were log transformed for the 

analysis, the predicted values were bias-corrected using a correction factor of 0.5 

times the mean squared error (MSE) before back transformation (Baskerville, 1972; 

Woods et al., 2008). 

For all three sets of models, the actual model selection was performed using a 

subset regression technique that identifies the independent variables which create the 

best fitting linear regression models according to Bayesian Information Criteria (BIC) 

using an exhaustive search.  This was performed using the regsubsets() tool available 

in the leaps() package for R (R Development Core Team, 2008; Lumley, 2008).  For 

each response variable, the program was set up to output the best 10 models for one 

through seven variables allowed per model using the BIC.  The resulting output 

contained the information for a total of 70 models.  
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  There were several factors that needed to be accounted for in determining the 

final models including, heteroskedasticity, and multi-collinearity.  In order to expedite 

this process, an algorithm was created to automatically rank the complete list of 

models output by regsubsets() based upon BIC.  At the same time, this algorithm 

calculated the Variance Inflation Factors (VIF) for the predictors in each model, 

performed both a Breusch-Pagan test and a modified Levene’s test for 

heteroskedasticity, and calculated both non-transformed RMSE and adjusted r-squared 

for each model.  Any model that had a VIF score greater than 9.5 was automatically 

dropped from the final list.  Validation for each selected model was performed using 

leave-one-out cross validation for non-transformed RMSE as was done by Næsset and 

Bjerknes (2001), Guillemette et al. (2008), Wulder et al. (2008), and Woods et al. 

(2008).  RMSE and relative root mean squared error (RRMSE) were calculated for 

each model in original scale as, 
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 ,                                                                                             [2.1]  

where iY  is the observed value for plot i , iŶ  is the predicted value for plot i , n is the 

sample size, and RRMSE is RMSE divided by the mean of the observed values.   

Results and Discussion 

Tree-level models 

The linear regression models created to estimate tree-level attributes from 

LiDAR all included height and CW as significant variables.  The cross-validated 
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RMSE and relative root mean squared error (RRMSE) values for height, CW, and dbh 

were 1.87(5.5%), 2.97(20.6%), and 11.67(24%) respectively.  The RRMSE for CW 

was slightly higher than expected based upon results from past studies such as 

Popescu (2002), and Popescu et al. (2003a).  This was most likely caused by the high 

density of some of the sampled stands leading to underestimation of CA for some 

dominant and codominant trees.  Figure 2.1 shows LiDAR field-measured values 

versus LiDAR predicted values for height, CW, and dbh.  

Area-level models 

The final ALM models excluding LiDAR intensity utilized at least one 

variable from each of the other types of LiDAR metric, including return heights, 

cover, and canopy transparency.  Each of the ALM models which included intensity 

metrics recognized at least one intensity metric as a significant variable with the 

exception of Lorey’s height, which was not altered by the inclusion of intensity 

metrics.  The final STRS models utilized at least one variable from each type of area-

level variable created by the single tree analysis.  With the exception of some intercept 

values, all of the metrics included in the final models were significant at least at the 

0.05 level.  Within the set excluding intensity, the original model for BA yielded a 

relative root mean squared error (RRMSE) of 55%, which is uncharacteristically high 

even for this particular attribute, which can have RRMSE values in a range of 25 to 

30% (Drake et al., 2002; Holmgren, 2003; Woods et al., 2008).  Residual plots and 

Cook’s distance suggested that one of the plot values was a significantly high outlier 

for BA.  Closer examination of this plot provided evidence that many of its 
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characteristics were not consistent with other plots with similar density range and age 

category.  A combination of extremely dense dominant and codominant canopy, zero 

mortality, and a complete lack of both intermediate stems and hardwoods contributed 

to a severely inflated BA estimate for the plot.  Due to statistical and logistic 

implications of this, the plot was dropped from the analysis of BA.  Significant 

predictor information and performance statistics for ALM models excluding intensity, 

ALM models including intensity, and STRS models can be viewed in Tables 2.3, 2.4, 

and 2.5 respectively. 

Lorey’s height 

The ALM model for Lorey’s height, which remained unchanged with the 

inclusion of intensity metrics, ranked highest in the models for both ALM sets with an 

adjusted R2 value of 0.93.  Additionally, this model performed the best in terms of 

precision of prediction with an RRMSE value of 8.1%.  This result is within the range 

indicated by several other studies using either maximum height or mean height 

including Næsset and Bjerknes (2001), Holmgren and Jonsson (2004), and Woods et 

al. (2008).  Not surprisingly, the model for Lorey’s height also ranked highest for the 

STRS models with an increase of 1% for adjusted R2 and a decrease of almost 4% for 

RRMSE.  This is indicative of the high correlation between Lorey’s height and mean 

and maximum heights of dominant and codominant stems as is perceived by LiDAR. 

Stocking (BA and density) 

Although the adjusted R2 value of the ALM predictive model for BA increased 

from 0.82 to 0.90 with the inclusion of intensity metrics, the RRMSE actually 
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increased from 20.7% to 22.6%.  Both of these RRMSE values are reasonable with 

regard to this study and the aforementioned previous studies and it demonstrates how 

the improvement in model fit introduced by intensity metrics did not really improve 

the precision of prediction for BA.  Although there is insufficient evidence to make an 

assertion, this result may imply that the slight transition between conifers and 

hardwoods observed in the plots does not have a significant impact on the prediction 

of BA.  The STRS model for BA was inferior to both ALM models with regard to 

both adjusted R2 (80.1) and RRMSE (31.6%). 

The ALM predictive model for density experienced a similar increase in 

adjusted R2 to the model for BA.  However, the decrease in RRMSE from 39.3% to 

27.2% observed when intensity metrics were included was extremely significant for 

this attribute.  Given that the 39.3% RRMSE value is consistent with similar past 

studies such as Holmgren (2003) and Woods et al. (2008), it is unlikely that this 

difference is caused by a better classification of species composition brought on by the 

intensity metrics.  It was more likely caused by the ability of the intensity metrics to 

describe overall canopy density, which can be highly correlated with the number of 

tree crowns (and hence tree stems) present in the area of interest.  As with BA, the 

STRS predictive model was greatly inferior to both of the ALM models.  This 

indicates that the profile of dominant and codominant tree composition provided by 

STRS in LiDAR was not able to provide sufficient information for predicting density 

with a high degree of precision.  If the area-level analysis was based solely upon 

dominant and codominant trees, it is very likely that the STRS model would 
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outperform the ALM models due to a high correlation between the number of STRS 

detected trees and the number of dominant and codominant trees per plot. 

Volume 

Similar to BA, the ALM predictive model for cubic stem volume increased by 

7% in adjusted R2, but saw an increase in RRMSE from 30.7% to 34.7% when 

intensity metrics were introduced.  This implies that although the model fit for volume 

improved with the inclusion of intensity metrics, the original model is better in terms 

of precision.  The performance of the STRS predictive model for volume was almost a 

midpoint between the performances of the ALM volume models.  The R2 value for the 

STRS volume model was lower than that for the ALM model including intensity and 

higher than that for the ALM model excluding intensity and visa versa for RRMSE.  It 

could be said that, as a whole, the STRS volume model performed just as well as the 

ALM volume models.   

QDBH 

The RRMSE values of 19.1% and 16.4% for the models excluding intensity 

and including intensity respectively for QDBH were both encouraging.  The decrease 

in RRMSE when the intensity metrics were included was less than 3%, implying that 

inclusion of intensity metrics does not significantly improve precision of prediction for 

QDBH.  These results combined with the results from the BA model provides 

evidence that area-level LiDAR metrics can be used effectively to predict forest 

attributes beyond the realm of simple height profiling.  As with volume, the 
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performance of the STRS model for QDBH was comparable to the ALM models with 

an R2 value of 73% and RRMSE of 17.2%. 

Crown width (CW) 

CW is an attribute that has been traditionally reserved for single-tree LiDAR 

analyses as it represents one of the few variables that can be delineated for individual 

tree crowns using aerial LiDAR.  Assessment of this attribute stemmed from a desire 

to assess the predictability of an important factor in the derivation of other forest 

attributes such as crown competition factors (CCF).  The results of both ALM models 

for CW in terms of RRMSE were extremely encouraging with values of 17.1% and 

14% respectively.  This indicates that the precision of prediction for CW, at least in 

the context of this study, was just as good as the precision observed for QDBH.  The 

STRS model showed only a slight improvement in precision with an RRMSE of 

13.1%.   

Conclusion 

The effective use of LiDAR for describing and predicting forest attributes has 

seen dramatic advancement over the last decade, both for single-tree and area-based 

inference.  The analyses that have been described in this study are only a small part of 

the overall potential for forest attribute prediction using area-based LiDAR metrics.  

This study has provided valuable insights regarding the strength of correlation 

between selected forest attributes and LiDAR metrics.   
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Including LiDAR intensity metrics generally improved model fit for the forest 

attributes of interest.  In the case of density, this coincided with a dramatic 

improvement in the precision of prediction for the model.  However, it was also 

discovered that for many of the forest attributes the use of intensity metrics either only 

slightly improved precision or slightly decreased the precision.  This implies that for 

some forest attributes such as BA and volume, the inclusion of intensity metrics is not 

required to improve precision.   

Model fit and precision were generally not higher for the STRS models except 

in the case of Lorey’s height.  In the case of BA and density, the STRS models did not 

perform as well as the ALM models.  However, it was observed that both model fit 

and precision were comparable between the STRS models and ALM models for 

volume, QDBH, and CW.  This combined with the result from the Lorey’s height 

model supports the assertion that attributes which are highly correlated with vertical 

canopy structure can be estimated with fairly high precision using both area-level and 

tree-level LiDAR metrics.  This study has shown that precise predictions of stand-

level forest attributes such as BA, volume, density, QDBH, Lorey’s height, and CW 

can be made across a wide range of forest compositions found in western Oregon.    
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Table 2.1: Summary of selected forest attributes in McDonald-Dunn Forest (n = 29). 
 

  Minimum Maximum Mean Standard Deviation 

Density (trees/ha) 44.4 866.6 469.3 285.5 

QDBH (cm) 23.2 83.1 49.9 15.1 

BA (m2/ha) 13.9 286.1 78.1 52.6 

CW (m) 7.3 20.6 13.5 3.4 

Lorey's Ht (m) 20.3 59.7 37.1 8.8 

Volume (m3/ha) 193.8 2422.1 1006.6 583.0 
QDBH = quadratic mean diameter; BA = basal area; CW = crown width  
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Table 2.2: Summary of LiDAR metrics computed from LiDAR FUSION. 

Metric Description 
Height Distribution of all first return heights > 3 meters 
Percentile height  Height distribution by deciles of first returns > 3. 
e.g (5th, 10th, 20th,…,95th)  
  
Intensity Distribution of all first return intensities > 3 meters. 
Percentile Intensity Intensity distribution by deciles of first returns > 3 meters. 
Canopy Cover Percentage (0 - 100) of first returns equal to or greater than a  
(Cover_3,…, Cover_24 Specified height (3, 6, ..., 24 meters) above the ground. 
Canopy Transparencies Percentage (0 - 100) of first returns above a specified height after  
  the removal of returns below a lower specified height.   
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Table 2.3: Regression coefficients for ALM models excluding intensity with 
performance statistics in original scale.  Standard errors of coefficients  given in 
parentheses. 
 
    ln(BA) ln(Lorey's) ln(Vol) ln(Density) ln(QDBH) ln(CW) 

Coefficient   (m2 ha-1) (m) (m3 ha-1) (stems ha-1) (cm) (m) 
Intercept  1.28 2.56 7.19 -7.24 6.22 1 

  (0.27) (0.055) (1.89) (2.92) (1.19) (1.62) 
HtMin     1.51 -0.827 -0.706 

     (0.73) (0.393) (0.335) 
HtMax    0.032    

    (0.005)    
HtMedian      0.018  

      (0.006)  
HtKurtosis   0.017     

   (0.005)     
HtInterqDist  0.051      

  (0.011)      
Htp05  0.019      

  (0.008)      
Htp10     -0.035   

     (0.012)   
Htp25   0.024     

   (0.001)     
Cover_3  0.025  0.026    

  (0.003)  (0.003)    
Cover_15     0.073 -0.017 -0.023 

     (0.007) (0.004) (0.003) 
Cover_21     -0.039 0.014 0.019 

     (0.006) (0.004) (0.002) 
Trans3_12       -0.035 

       (0.014) 
Trans6_12    -0.04 -0.048  0.077 

    (0.019) (0.021)  (0.027) 

R2(adj) %   82.3 93 82.6 87.7 74.7 73 
RMSEcross  14.7 2.99 309.7 184.5 9.95 2.3 

RRMSEcross   20.8 8.1 30.7 39.3 19.9 17.1 
Ht = height; Trans = canopy transparency; RMSEcross = cross-validated RMSE; RRMSEcross = cross-
validated RRMSE.  
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Table 2.4: Regression coefficients for ALM models including intensity with 
performance statistics in original scale.  Standard errors of coefficients given in 
parentheses. 

    ln(BA) ln(Lorey's) ln(Vol) ln(Density) ln(QDBH) ln(CW) 

Coefficient   ln (m2 ha-1) ln (m) 
ln (m3 ha-

1) 
ln (stems ha-

1) ln (cm) ln (m) 

Intercept  -0.53 2.56 3.72 -1.31 8.07 5.22 
  (0.422) (0.055) (1.61) (1.03) (1.12) (0.397) 

HtMin      -0.875  
      (0.336)  

HtMax     -0.013 0.012  
     (0.005) (0.004)  

HtKurt   0.017     
   (0.005)     

Htp25   0.024     
   (0.001)     

Htp75  0.031  0.036    
  (0.005)  (0.005)    

Cover_3      -0.007 -0.01 
      (0.002) (0.002) 

Cover_9     0.036   
     (0.003)   

Cover_15  0.023      
  (0.002)      

Cover_18    0.025    
    (0.002)    

Cover_21       0.009 
       (0.001) 

Cover_24      0.008  
      (0.002)  

Trans3_9    0.049    
    (0.021)    

Trans6_12    -0.069    
    (0.024)    

Intp75  0.035  0.042 0.036   
  (0.004)  (0.005) (0.006)   

IntMedian  -0.034  -0.042 -0.035   
  (0.004)  (0.005) (0.005)   

IntMax     0.015 -0.008 -0.01 
     (0.005) (0.002) (0.002) 

R2(adj) %   89.7 93 90.4 91.9 82.1 79.9 

RMSEcross  15.9 2.99 349.7 127.8 8.17 1.89 
RRMSEcross   22.6 8.1 34.7 27.2 16.4 14 

Ht = height; Trans = canopy transparency; Int = intensity; RMSEcross = cross-validated RMSE; 
RRMSEcross = cross-validated RRMSE.  
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Table 2.5: Regression coefficients for STRS models with performance statistics in 
original scale.  Standard errors of the coefficients are given in parentheses. 
 
    ln(BA) ln(Lorey's) ln(Vol) ln(Density) ln(QDBH) ln(CW) 

Coefficient   ln (m2 ha-1) ln (m) ln (m3 ha-1) ln (stems ha-1) ln (cm) ln (m) 

Intercept  4.14 2.4 5.85 7.69 2.38 2.23 
  (0.297) (0.053) (0.159) (0.239) (0.173) (0.139) 

Density       -0.0007 
       (0.0002) 

MaxHt   0.009   0.022  
   (0.002)   (0.003)  

Mean Ht  -0.021 0.022     
  (0.009) (0.002)     

StdHt  0.046  0.054    
  (0.014)  (0.012)    

MinCW     -0.117 0.055  
     (0.017) (0.009)  

StdCW  -0.03 0.021 -0.144    
  (0.029) (0.0004) (0.027)    

Mindbh    -0.006   0.009 
    (0.004)   (0.002) 

Maxdbh        
        

Meandbh     -0.031  0.004 
     (0.004)  (0.001) 

Stddbh     -0.025   
     (0.005)   

BA  0.21  0.244 0.257   
  (0.024)  (0.019) (0.025)   

R2(adj) %   80.1 96.4 86.4 87.7 73 78.6 

RMSEcross  22.93 2.06 313.27 221.52 8.56 1.77 
RRMSEcross   31.6 4.3 30.1 47.2 17.2 13.1 

Ht = height; CW = crown width; dbh = diameter at brest height; RMSEcross = cross-validated RMSE; 
RRMSEcross = cross-validated RRMSE.   
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Figure 2.1: (A) Observed vs. predicted height; (B) observed vs. predicted CW; (C) 
observed vs. predicted dbh. 
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Abstract 

 
Selected small area estimation (SAE) methods were compared for estimating a 

variety of forest attributes for small areas using subpopulation-specific ground data 

and light detection and ranging (LiDAR) based auxiliary information.  The small areas 

of interest consisted of delineated stands within a larger forested subpopulation.  Four 

different estimation methods were compared for predicting five different forest 

attributes.  The precision and bias of the estimation methods - synthetic prediction 

(SP), composite prediction (CP), empirical best linear unbiased prediction (EBLUP) 

via Fay-Herriot models, and most similar neighbor (MSN) imputation are 

documented.  In order to simulate the scenario of insufficient sample sizes for direct 

estimation, reduced samples were randomly selected from existing data for each small 

area of interest.  Both CP and EBLUP were composite estimators, which require a 

direct estimate based on a ground sample for the area of interest.  For the indirect 

estimators, MSN was superior to SP in terms of both precision and bias for all 

attributes.  For the composite estimators, CP was generally superior to direct 

estimation (DE) and EBLUP.  The exception was estimation for forest density 

(trees/ha), for which DE was superior to CP and EBLUP in terms of precision and 

bias.   

 

 

 
 



 

 

44 
Introduction 

 
Typically, direct estimates of selected forest attributes for areas of interest have 

been derived by simply using ground data extracted from plots taken within the area.  

Due to forest management and planning objectives pertaining to specific forest 

characteristics such as species composition, forest age and previous management, 

forest areas are partitioned into smaller stands.  This creates a situation where the 

original area of interest essentially becomes a subpopulation containing many smaller 

areas of interest. This partitioning of forested areas into smaller areas of interest 

(stands) can often make obtaining precise attribute estimates difficult due to extremely 

small sample sizes within the small areas of interest.  The most basic solution to this 

problem is to resample each small area of interest using appropriate sample sizes, 

which can be time consuming and expensive.  Small area estimation (SAE) is an 

alternative that is well-suited to this scenario as it pertains to precise estimation of 

selected variables within small areas of interest by using information from the entire 

subpopulation.  Increased availability of remote sensed auxiliary information such as 

LiDAR for entire subpopulations has created new possibilities for the effective use of 

SAE in estimating selected forest attributes.   This study focuses on the use of SAE 

techniques to obtain precise estimates of selected forest attributes for small areas of 

interest within a larger forested subpopulation using LiDAR-derived auxiliary 

information.      
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SAE techniques can effectively increase the precision of forest attribute 

estimates in many situations where there is insufficient ground data to achieve the 

desired level of precision for direct estimates ( Petrucci et al. 2005; You, 2008; You 

and Chapman, 2006).  There are different types of SAE, the validity of which greatly 

depends upon the structure and composition of both the small-area and the available 

covariates and auxiliary information.  Generally, SAE has been divided into two 

categories; 1) direct estimation, and 2) indirect estimation (Costa et al., 2003; Costa et 

al., 2004).  A direct estimator is an estimator that only uses data taken directly from 

the small-area of interest.  This implies that there needs to be an adequate sample of 

data from each area in order to effectively use direct estimation.  Indirect estimators do 

not necessarily require that there is an adequate sample taken for each area of interest, 

but can “borrow” strength from the auxiliary information within the area and/or 

beyond the area in order to derive a vital component to the estimation process, 

typically a regression coefficient (Heady et al., 2003).  A method that can incorporate 

strength from both direct and indirect estimation is a composite predictor (CP), which 

usually consists of a weighted sum or mean of a direct estimate and indirect estimate 

for the particular small area of interest.   

One useful form of indirect SAE is a linear mixed-model known as a Fay-

Herriot model (Fay and Herriot, 1979; Prasad and Rao, 1990; Gosh and Rao, 1994; 

You and Chapman, 2006).  This is an area-based model in that both auxiliary and 

response information used in the modeling process are at the small-area level (e.g. 

stand level) as opposed to a unit level (e.g. plot level).  This form of estimator is 
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extremely useful in cases where it is difficult to match unit-level response variables 

with unit-level auxiliary data.  This is a common characteristic when using LiDAR 

information to estimate forest attributes where the forest inventory plots are either 

variable radius or lack accurate spatial coordinates.  As a linear mixed model, the Fay-

Herriot model incorporates a random effect which is usually dependent upon the small 

areas within the domain of interest.  The ultimate objective of using this type of model 

is to derive empirical best linear unbiased predictions (EBLUP) of the attributes of 

interest.  A special form of composite prediction, EBLUP depends upon incorporation 

of a direct estimate via a weighting factor and is therefore sample-dependent, in that it 

cannot be applied to small areas that lack any ground sample. 

Note that the concept of indirect SAE can include many specific techniques 

that are commonly used for estimating forest attributes using auxiliary information.  

Probably the most prevalent of these methods is nearest neighbor (NN) imputation 

(Moeur and Stage, 1995).  Imputation is defined as “replacing missing or non-sampled 

measurements for a unit with measurements from a unit with similar characteristics” 

(Van Deusen, 1997).  This focuses on the fact that most NN imputation methods such 

as most similar neighbor (MSN) use weighted Euclidean distances between units or 

areas of interest based upon auxiliary information (Moeur et al., 1999; Moeur, 2000; 

Hudak et al., 2008).   

Another form of indirect estimation that uses information independent of the 

subpopulation of interest is synthetic prediction (SP).  In the context of this study, SP 

pertains to using pre-existing models which relate ground-measured forest attributes to 
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LiDAR metrics at either the plot or stand level through ground-truthing.  There are 

two primary approaches for predicting forest attributes using LiDAR metrics: 1) relate 

LiDAR metrics to tree-level attributes through single tree remote sensing (STRS) 

(Popescu et. al., 2003a; Popescu et. al., 2003b; Chen et. al., 2006), and 2) relate 

LiDAR metrics to area-level forest attributes (Means et al., 2000; Næsset and 

Bjerknes, 2001; Breidenbach et al., 2008).  When the goal is to estimate area-level 

attributes either for a small-area or larger subpopulation, it has been shown that area-

level prediction models are generally more efficient and can also have greater 

precision than single tree models which tend to omit  intermediate and suppressed 

trees within the forest landscape (Popescu et al., 2007; Goerndt et al., in press). 

The primary goal of this study is to compare selected SAE methods to obtain 

precise and accurate estimates for selected forest attributes in small-areas (stands) of 

interest within a larger domain.  The specific objectives are to: 1) examine the 

performance of three parametric prediction methods including synthetic prediction 

(SP), composite prediction (CP), and empirical best linear unbiased prediction 

(EBLUP) via Fay-Herriot models, and 2) compare the performance of composite (CP, 

EBLUP) estimators and indirect estimators (SP, MSN).  The performance of the 

commonly used MSN imputation method is included in this study as a means of 

comparing CP, EBLUP, and SP to a fairly standard method of estimation.  The 

attributes of interest for this study are total stem volume (CuVol, m3 ha-1), mean height 

of largest 100 trees ha-1 (Ht) quadratic mean diameter (QDBH, cm), basal area (BA, 

m2 ha-1), and density (live stems ha-1).  
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Methods 

Study area 

The study was conducted in Clatsop State Forest located in Clatsop County in 

Northwest Oregon.  The forest covers approximately 32,000 hectares with an elevation 

range of 60-500 meters above sea level.  The main tree species are conifers, including 

Douglas fir (Pseudotsuga menziesii), grand fir (Abies grandis), western hemlock 

(Tsuga heterophylla) and western red cedar (Thuja plicata) as apex species.  The 

primary deciduous species are bigleaf maple (Acer macrophyllum) and red alder 

(Alnus rubra).  A map showing the location and relative size of the study area can be 

seen in Figure 3.1.   

Field data 

The Stand Level Inventory (SLI) system as developed by the Oregon 

Department of Forestry (ODF) consists of splitting all of the state owned forest land 

area into homogeneous individual stands or groups that are represented by spatial 

polygons (SLI, 2008).  The classification of the landscape into stands was primarily 

based on dominant tree species, average tree size (DBH), and stand density.  The field 

data used in this study were collected in the Clatsop State Forest from 2002 to 2007.  

The stands utilized in this study were natural stands that were older than 20 years.  Of 

the 315 existing SLI stands within the Clatsop Forest LiDAR coverage area, 190 

stands contained a ground sample.  A summary of selected stand attributes is given in 

Table 3.1. 
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All stands were sampled using systematic grid sampling.  Variable radius 

(prism) plots were used in most stands to measure trees greater than 11.4 cm in 

diameter at breast height (DBH). Fixed radius plots were also used in some.  DBH and 

species were recorded for each sampled tree whereas the total height and height to 

crown ratio were only measured on a subsample of trees.  Using the subsampled trees, 

total heights were subsequently estimated for trees not sampled for height and height 

to crown base.  

LiDAR data 

Area-based LiDAR metrics 

The LiDAR data was collected in April 2007 using a Leica ALS50 II laser 

system.  The sensor scan angle was ±14° from nadir with a pulse rate designed to yield 

an average number of pulses of ≥ 8 points per m2 over terrestrial surfaces.  

Classification of ground and vegetation points was performed by TerraScan v.7.012 as 

well as spatial interpolation of ground classified points to create the digital terrain 

model (DTM).  The data was collected using opposing parallel flight lines with a 

≥50% overlap.  All area-based LiDAR metrics used in this study were extracted from 

the raw point data using LiDAR FUSION (McGaughey, 2008).  A summary of the 

LiDAR metrics with corresponding descriptions are given in Table 3.2.   

All LiDAR metrics were extracted using only first returns above a height of 

three meters off the ground, with the exception of the cover metrics and canopy 

transparency which used a variety of predetermined height thresholds, because a high 

number of first returns from the ground and low-lying vegetation may introduce 
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confounding noise in the LiDAR metrics (Kraus and Pfeifer, 1998; Næsset and 

Bjerknes, 2001; Strunk, 2008).  The raw LiDAR intensities extracted in a particular 

scan were passed through a proprietary algorithm accounting for several variables 

such as localized trends in intensity values, scanning angle, and target distance 

resulting in intensity values per return that were calibrated to an 8-bit value with a 

range of (0 – 255).  Ideally one could apply additional normalizations focusing on 

target distance and scan angle (Donoghue et al., 2007; Luzum et al., 2004), but there 

was not sufficient information available for this LiDAR dataset to perform this type of 

normalization. 

Grid-level LiDAR metrics 

In addition to the aforementioned stand-level metrics, another set of LiDAR 

metrics was created to facilitate the synthetic prediction portion of this study.  These 

metrics were created by dividing the entire area of sampled stands into 30x30 m grid-

cells simulating square plot areas on the landscape.  A separate LiDAR file was 

created using LiDAR FUSION for each individual grid-cell.  Finally, LiDAR 

FUSION was used once again to compute the relevant area-level LiDAR metrics for 

each grid-cell. 

Statistical analysis 

Simulation 

Recall that the primary assumption for SAE is that there is an insufficient 

sample size within each small area of interest to obtain precise direct estimates.  The 

individual stand used in this study contain anywhere from 10 to 36 plots depending 
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upon the stand area.  It was necessary to simulate smaller sample sizes to assess the 

performance of the estimators as the sample size increased and to facilitate validation 

of the estimators using direct stand estimates of the attributes from the full samples as 

a surrogate for census information.  To this end, only the 134 stands containing at least 

20 plots were considered for the analysis.  The simulation of reduced sample sizes was 

done by randomly selecting measured plots from each stand using 10%, 20%, 30%, 

40%, and 50% sampling intensities for 500 iterations.  Direct estimates (DE) in the 

form of stand level means were calculated for each attribute at all sampling intensities 

as well as for the full samples.  With exception of synthetic prediction (SP) which 

relied upon external linear regression equations, all of the estimators were assessed for 

five sampling intensities separately.  Stand-level direct estimates for each attribute 

based upon the full sample (FS) were retained as validation data for each estimator in 

the absence of census information.  Note that all validation statistics including root 

mean squared error (RMSE), relative root mean squared error (RRMSE), bias, and 

absolute relative bias (ARB) were calculated using the FS direct estimates as the 

“observed” values for each stand.  

Multiple linear regression (MLR) 

MLR models were developed both as an indirect estimation component for CP, 

and as an initial basis for creating the Fay-Herriot models for EBLUP derivation.  

These models were designed to estimate stand-level values of the attributes of interest 

using DE as the response value and the stand-level LiDAR metrics as the independent 

variables.  Due to the impracticality of reassessing the MLR models for each of the 
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500 subsamples, an MLR model was developed for each attribute of interest using the 

FS direct estimates as the response values for each attribute.  The attributes of interest 

were assessed for several transformations using residual plots, Shapiro-Wilks tests and 

quantile-quantile (q-q) plots to test for normality of the data.  Based on the assessment, 

it was determined that log transformation of QDBH was beneficial to correct for 

heteroskedasticity.  Models were selected using a subset regression technique that 

identifies the independent variables which create the best fitting linear regression 

models according to Bayesian Information Criteria (BIC) using an exhaustive search.  

This was performed using the regsubsets() tool available in the leaps() package for R 

() (R Development Core Team, 2008; Lumley, 2008).  The resulting output contained 

the information for a total of 70 possible models ranked by BIC.  Any model that had 

a variance inflation factor (VIF) score greater than 9.5 was automatically dropped 

from the final list.  Of the final list, one model was chosen for estimating each 

attribute.   

Synthetic prediction (SP)  

For the attributes of interest, SP were obtained by applying linear regression 

models that were previously developed by Goerndt et al. (in press) from plot-level 

ground-truthed data within in the same region but outside of the subpopulation of 

interest.  Past studies have indicated that there exist certain linear relationships 

between forest attributes and LiDAR metrics at the plot-level that can be potentially 

different at the area or stand-level (Næsset, 2002; Magnussen and Boudewyn, 1998; 

Means et al., 2000; Næsset and Bjerknes, 2001).  Therefore, the plot level linear 
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models from Goerndt et al. (2009) were applied to each 30x30 m grid-cell to obtain 

estimates of the forest attributes of interest.  Prior to computing stand-level attributes, 

each stand boundary cell (sliver cell) having an area < 675 m2 was removed from the 

dataset based on an assumption that cell size affected the relationship between field 

measurements and LiDAR metrics (Magnussen and Boudewyn, 1998; Næsset, 2002).  

The estimates of stand-level forest attributes were obtained by taking a weighted mean 

of the values from all of the remaining grid-cells within each stand using cell areas as 

weights. 

Fay-Herriot models & EBLUP 

Fay and Herriot (1979) models are a special case of maximum likelihood (ML) 

or restricted maximum likelihood (REML) linear mixed model incorporating both 

fixed effects and random area effects (Rao, 2003. pg. 117; Slud and Maiti, 2006).  The 

purpose of using a linear mixed model is to incorporate random effects dependent 

upon the small area of interest in order to explain random variation between small 

areas that cannot be explained by the fixed effects of the model.  The Fay-Herriot 

models used in this study had the following format (Fay and Herriot, 1979; Rao, 2003 

pg. 117; You and Chapman, 2006). 

iii
T
ii evbz ++= βθ̂ ,                                                                                                 [3.1] 

where the individual error effects iε are iid ),0( iN ψ , the random area effects iv are iid 

),0( 2
VN σ , iz is a vector of area-level covariates for small-area i, β  is a vector of 

regression coefficients for the fixed effects of the model, and ib is a known positive 
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constant typically assumed to be ib =1.  The Fay-Herriot model assumes that the 

response values iθ̂  used to develop the model are the DE of the attribute of interest 

from each small-area, or more specifically, an estimate of the finite population mean, 

 ∑
=

−=
in

j
ijii yn

1

1θ̂                                                                                                            [3.2] 

where in is the sample size of small area i, and ijy is the value of the variable of 

interest for plot j in small-area i. As previously stated, the Fay-Herriot model is a 

“special case” of a linear mixed model in that there is only one observation per small-

area.  This means that the random effects cannot be calculated using standard ML or 

REML procedures as is done with a standard nested-error model.  After selecting the 

auxiliary variables to include in the linear model, there are three steps that must be 

completed to calculate an EBLUP via the Fay-Herriot model, 1) estimation ofiψ , 2) 

estimation of 2
Vσ  using the estimatediψ , and 3) calculate the area-level EBLUP (H

iθ̂ ). 

Sampling error variance estimation 

There are two sources of error that must be accounted for to create an EBLUP, 

random error variance 2Vσ  and sampling variance iψ .  This partitioning of the error 

requires prior knowledge of one source of error in order to estimate the other.  Often, 

both sources of error are assumed to be known.  This assumption can be restrictive in 

some cases where small area sample sizes are extremely small, or the sampling errors 

may not be independent if the small areas cut across the sampling design (Rao, 2003. 

pg. 77).  Although the individual sampling variances 2
is calculated directly from the 
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ground data can be used as estimates of iψ , it is often not desirable due to instability 

that it can introduce into the composite estimator (Datta et al., 2005; Rivest and 

Vandal, 2003; Ybarra and Lohr, 2008).  Therefore, iψ̂ is typically a smoothed 

estimated based upon a constant mean variance (eV ) and the area-level sample sizes 

( in ).  Smoothed estimates (iψ̂ ) were calculated using the following equation 

(Williams, 2007). 

i

e
i n

V
=ψ̂ ,                                                                                                                    [3.3] 

where eV is a constant mean variance from the subpopulation and in is the sample size 

in stand i.   

The constant eV  was calculated using a generalized variance function (GVF).  

A GVF is a mathematical model that describes the relationship between the variance 

of a survey estimator and its expectation (Wolter, 1985. pg. 201).  GVFs can take 

many different forms and are often used to derive weighted estimates of variance for 

complex populations.  One of the most simple and obvious approaches for estimation 

of a mean variance for the subpopulation in this study would be to simply take the 

variance of all of the observations within the subpopulation for each reduced sample.  

Two major problems with this approach are a) it assumes that all areas of the 

subpopulation are weighted equally which is invalid given that the individual stands 

within the Clatsop vary greatly in size, and b) it ignores the segmentation of the 

supopulation with regard to individual stands which would likely cause an inflated 
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variance estimate.  Many of the existing GVFs based upon area-level sampling 

variances as described by Wolter (1985. pg. 218-220) are difficult to apply to this 

scenario due to the fact that the unit level data was collected using variable radius 

plots, which rules out traditional measures of subpopulation size such asN .  The 

ultimate goal was to calculate a smoothed estimate which accounts for the varying 

weight of attribute values throughout the subpopulation of interest.  After assessing a 

number of approaches, we used a form of weighted mean variance based upon the size 

(ha) of each small area relative to the total size of the subpopulation.  Therefore, eV  

was calculated using the following equation. 
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2

,                                                                                                            [3.4] 

where ia is the size (ha) of small area i, and m is the total number of stands within the 

subpopulation. 

Random error variance estimation 

After deriving smoothed variance estimates for the sampling errors, the next 

step was to estimate2
vσ .  A number of estimation procedures exist for the error 

variance of the Fay-Herriot model including the actual Fay-Herriot method based on 

method of moments (Fay and Herriot, 1979; Prasad and Rao, 1990; Wang and Fuller, 

2003; Ybarra and Lohr, 2008), maximum likelihood (ML) (Datta and Lahiri, 2000; 

Wang et al., 2003; Slud and Maiti, 2006), and restricted maximum likelihood (REML) 
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(Das et al., 2004).  For the purposes of this study, estimation of 2

vσ was assessed using 

both the Fay-Herriot and ML methods.  Both methods involve an iterative process that 

converges to create an estimate for both 2
vσ andβ  .  These estimates were obtained 

via the Fay-Herriot method using the following iterative solution (Fay and Herriot, 

1979; Rao, 2003. pg. 118). 
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where a is the iteration, )( 2'
* vh σ is an estimated derivative of )( 2

vh σ , and β~ is adjusted 

for each iteration. 

Note that because an adjusted estimate ofβ is obtained through the process of 

estimating 2
vσ , even if the algorithm converges to a negative value for 2ˆ vσ (in which 

case it is set to zero) the resulting EPLUP will be different than that obtained from 

standard MLR.  The same holds true for the ML method for which estimates of 
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2
vσ were obtained using the following iterative process (Prasad and Rao, 1990; Rao, 

2003. pg. 119). 
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Both iterative methods were initiated at 2
vσ =0 and required less than 10 

iterations before convergence.  It is possible to obtain a negative estimate of 

2
vσ through these methods, especially if estimates of iψ are very high relative to 

βθ ~ˆ T
ii z− .  However, this did not occur in this analysis. 

EBLUP estimation 

The EBLUP H
iθ̂ was derived using the following formula (Slud and Maiti, 

2006). 
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Notice that the EBLUP is actually a special case of a composite estimator that 

uses both the adjusted fixed effects of the Fay-Herriot model and the DE for the area 

of interest derived from the inventory data (Slud and Maiti, 2006; Ybarra and Lohr, 

2008; You and Chapman, 2006).  A positive weight iγ  for the EBLUP is dependent 

upon having a positive value for2ˆvσ .  In the case of a zero value foriγ  the EBLUP 

simply reverts back to a synthetic-type estimator based onβ~ .  This basically means 

that when the weight is zero the estimator is relying completely upon the fixed 

component of the Fay-Herriot model.  Note that 3.1, 3.12, and 3.13 assume that there 

is no measurement error in the auxiliary information.   

The primary purpose of calculating an EBLUP is to reduce bias in the estimate 

via a weighting function based on sampling variance and variance of model random 

effects as is seen in equation 3.13.  Two EBLUPs were calculated for each attribute 

and sampling intensity combination.  The first (EBLUP_A) was calculated using the 

Fay-Herriot method and the second (EBLUP_B) was calculated using the ML method.  

Before back-transformation from log-scale, all EBLUP estimates for QDBH were bias 

corrected using a factor of 0.5 times the mean squared error as calculated in Rao 

(2003. pg. 117). 
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Composite prediction (CP) 

Aside from the EBLUPs, two other composite estimators were analyzed in this 

study.  The first (CP_A) was a composite between SP and DE, while the second 

(CP_B) was a composite between MLR and DE.  Both estimates for each attribute of 

interest was developed using the following equation. 

12
ˆ)ˆ1(ˆˆˆ
iiii

C
i YYY φφ −+= ,                                                                                            [3.17] 

where 1îY is the DE of the attribute for the ith stand, 2îY is the synthetic-type estimate of 

the ith stand, and iφ  is the weight calculated for the ith stand.  The weights were 

calculated using a variation of the James-Stein method similar to that presented by 

Rao (2003. pg. 58). 

2
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ψφ ,                   [3.18]   

As with the EBLUP, it is possible to estimate the weights for the composite 

estimator using 2is .  However, while more conventional, the estimation method for the 

composite weights shown in equation 3.18 is considered to be less stable than that for 

EBLUP as it constitutes estimation of weights on an area-by-area basis.  Therefore, iψ̂  

was used instead of 2is to add stability to CP_A and CP_B.  As with EBLUP, this 

method essentially uses the information regarding one source of error to estimate the 
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other, namely the mean squared errors (MSE) of 1îY and 2îY .  As such, equation 3.18 

could also be expressed as 

2ˆ

ˆˆ
ii

i
i MSE+

=
ψ

ψφ ,                                                                                                    [3.19] 

where 

=2iMSE 2
12 )ˆˆ( ii YY − - iψ̂ .                                                                                          [3.20] 

Equations 3.19 and 3.20 illustrate that the MSE of the synthetic type estimator 

( 2iMSE ) is estimated by using MSE of DE, which for the purposes of this study is 

considered to beiψ̂ .  This means that the estimated weight for a small area is 

completely dependent upon the size of iψ̂  relative to the squared difference between 

the DE and synthetic-type estimator for that particular small area.  The primary goal in 

using CP via synthetic-type estimators is to balance the potential bias of the synthetic-

type estimator with the instability of the DE.  For CP_B, the regression synthetic 

component of the estimates were bias corrected using a factor of 0.5 times the 

regression mean squared error prior to back-transformation before equations 3.17 

through 3.20 were applied.   

Imputation (MSN) 

MSN imputation was assessed as an alternative form of indirect estimation of 

forest attributes in this study.  The distance metric used for MSN imputation had the 

following form (Moeur and Stage, 1995; LeMay and Temesgen, 2005; Eskelson et al., 

2009). 
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)(')'( 2
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where iX is the vector of standardized auxiliary variables for the ith target stand, jX is 

the vector of standardized auxiliary variables for the jth reference stand, Γ is a matrix 

of standardized canonical coefficients for the X variables, and 2Λ is a diagonal matrix 

of squared canonical correlations.  The set of X variables for this analysis consisted of 

a matrix of the LiDAR-derived auxiliary variables described in Table 3.2, whereas the 

set of Y variables was a matrix of the DE for all five attributes of interest for every 

small area.  All calculations for MSN were performed using the yaImpute() tool for 

R() (Development Core Team, 2008; Crookston and Finley, 2007).   

Validation 

As previously stated, all residuals used in this study were calculated using the 

FS direct estimate of each attribute/stand as the observed value or “truth”.  Because 

most of the estimators were evaluated over 500 subsamples, the performance statistics 

needed to be calculated accordingly.  Precision was assessed using relative root mean 

squared error (RRMSE) as presented by Rao (2003. pg. 62): 
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where iRMSE is the root mean squared error for stand i, m is the number of stands, R 

is the number of iterations, iPŶ is the predicted value for stand i, and iOŶ is the FS direct 

estimate for stand i.  Similarly, bias was assessed using absolute relative bias 

calculated as 

∑
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where iRB is the root mean squared error for stand i.  Because SP was not resampled, 

the same statistics were calculated based upon the one estimate for each stand.  This 

was necessary to properly compare the performance of SP with the other estimators 

that were dependent upon subsampling.  Consequently, based on equations 3.22-3.25, 

RRMSE and ARB are the same value for SP.  

Results and discussion 

The initial MLR models created through subsets regression using stand level 

attributes and LiDAR metrics varied somewhat from the plot level models presented 

in Goerndt et al. (in press).  The five models for each forest attribute were fairly 

consistent in terms of the LiDAR metrics that were chosen in that each model used a 

fairly even distribution of LiDAR height and cover metrics.  Although the MLR 

models performed reasonably well in terms of indirect estimation of the forest 
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attributes, they had a tendency to underestimate for stands with high attribute values.  

Not unexpectedly, this feature was most prevalent for attributes that are known to have 

lower correlation with LiDAR cloud metrics such as density and BA.  Although bias 

in regression analyses can be caused by many factors, in the context of this study it is 

most likely caused by a confounding of the relationship between LiDAR cloud metrics 

and forest attributes for stands with high vegetative density.  This hypothesis is 

reinforced by the fact that underestimation usually occurred for the same group of 

stands regardless of the attribute being estimated.  This denotes a drawback with using 

LiDAR data for forest attribute estimation as many point-density LiDAR cloud 

metrics such as canopy cover and transparency can become uninformative as forest 

density increases and the laser does not penetrate the forest canopy as well.  As will be 

seen later on, this was an important factor in assessing the performance of many of the 

estimators used in this study. 

The computation of EBLUPs required the most information of any method in 

the analysis, necessitating the incorporation of sampling variance of the direct 

estimates and the estimated random effect variance.  Although the EBLUP 

incorporated individual random effects per stand, the computation of the actual 

composite estimate relied primarily upon the estimated variance of random effects.  

This means that all of the EBLUP weights for a particular attribute/sampling intensity 

combination were governed by the estimate of the constant 2ˆvσ .  Due to virtually 

identical estimates of 2ˆvσ  the EBLUP_A and EBLUP_B estimates on a stand-by-stand 
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basis were so similar that they were usually indiscernible from each other.  

Consequently, EBLUP_A and EBLUP_B will be referred to jointly as EBLUP for the 

remainder of this paper.   

As shown in equation 3.6, the weighting strategy for both CP_A and CP_B 

were different from that of EBLUP in that it accounted for the proportion of sampling 

variance to the squared difference between the synthetic-type estimator and the DE 

separately for each observation.  Although not as stable as EBLUP, this weighting 

strategy provided more flexibility in composite estimation as the weight for each small 

area was not dependent upon a constant value such as 2ˆvσ .     

Because there were five different forest attributes included in the canonical 

correlation for MSN, there were five canonical covariates (axes) created for 

determining distance.  The analysis for each method indicated that four of the axes 

were highly significant.  CuVol, TpHt, and BA had the highest canonical correlation 

with the auxiliary data, while density and QDBH had the lowest. Performance 

statistics (RRMSE, ARB) for each attribute of interest by estimation method and 

sampling intensity are given in Tables 3.3 and 3.4.   

Indirect estimation 

 Not surprisingly, DE had the lowest ARB of any estimator by a wide margin.  

This is to be expected given that the DE were calculated using subsamples from the 

full data in each stand.  Moreover, direct estimates are often less biased than indirect 
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or composite estimators due to the potential bias of model-based (synthetic) 

components.   

One noticeable characteristic is the poor overall performance of SP.  SP 

yielded the highest RRMSE values for all of the attributes.  This is a prime example of 

how sensitive the relationships between forest attributes and LiDAR metrics can be 

from one subpopulation to another even within the same region.  Of course, unlike the 

other estimators, SP did not change across the sampling intensities as it was not 

dependent upon ground data from within the Clatsop.  In terms of indirect estimation, 

the performance of MSN was far superior to that of SP in terms of both precision and 

bias.  The only attribute for which there was a similarity in precision of prediction 

between SP and MSN was QDBH, and that was only for 10% sampling intensity.   

Composite prediction 

It is obvious from the overall results that EBLUP and CP_B are superior to 

CP_A in terms of RRMSE and ARB.   However, one drawback to these predictors for 

application is they all require a ground sample in the small-area of interest.  This is a 

characteristic not shared by SP and MSN.  The results in Tables 3.3 and 3.4 also show 

how CP_B and EBLUP compare to DE based upon the reduced sample sizes.   

Although DE had the lowest ARB, CP_B was more precise than EBLUP and 

DE (Tables 3.3 and 3.4).  Even though the weighting strategy for EBLUP is designed 

to specifically reduce bias, CP_B produced lower ARB values than EBLUP for all 

attributes except QDBH.  Tables 3.3 and 3.4 indicate that with the exception of 

CuVol, CP_B and EBLUP yielded higher precision than DE at small sample sizes (10-
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20%), and lower precision at higher sample sizes (30-50%).  This is not surprising 

since the precision of estimation for DE should increase with increasing sample size.  

The fact that EBLUP typically yielded higher precision than CP_B indicates that the 

weighting strategy used for EBLUP can usually provide greater adjustment for the 

estimator in terms of precision, while the weighting strategy for CP_B consistently 

provides slightly greater stability in terms of bias. 

Although the performance statistics shown in Tables 3.3 and 3.4 are 

informative as to the overall performance of the estimators across the stands, it does 

not provide the whole picture with regard to individual stands.  The best way to assess 

the performance of small-area estimators such as CP_B and EBLUP is to observe the 

bias for each small area.  The stand level mean residuals for the two best estimators 

(CP_B, EBLUP) as well as for DE were compared for a sampling intensity at which 

EBLUP and CP_B were more precise than DE (20%) using residual plots.  As with all 

validation in this study, these residuals were calculated as the full sample estimate 

minus the predicted value from the estimator of interest.  The values used for 

assessment were stand-level means of the residuals across the 500 subsamples.  

Figures 3.2 – 3.3 show residual plots for CP_B and EBLUP for each attribute 

separately at 20% sampling intensity with the full sample estimate set at zero. 

One of the most noticeable characteristics of the estimates shown in Figures 

3.2 and 3.3 is that for density, both CP_B and EBLUP tend to overestimate for stands 

with high density values and underestimate for stands with low density values.  This 

was not directly caused by a similar tendency in DE.  Recall that the indirect 



 

 

68 
estimation component of EBLUP was calculated using the DE for each sampling 

intensity.  This characteristic of EBLUP and CP_B was governed by the strength of 

correlation between the forest attributes and the LiDAR metrics.  It is no coincidence 

that in Figures 3.2-3.3 the attributes are ordered by their degree of correlation with 

standard LiDAR cloud metrics, with density being the lowest and Ht being the highest.  

In an assessment of the MLR models developed for calculating CP_B and EBLUP, it 

was determined that the linear models for density were very inadequate with the 

lowest adjusted R2 value (20.9%) of any linear model in this study.  This was not 

surprising given the results from previous studies such as Goerndt et. al. (in press) and 

Woods et. al. (2008) in which estimation for density using LiDAR metrics was shown 

to be difficult because of the lack of correlation between density and canopy height 

characteristics.  This problem seems less severe for CP_B because the weighting 

strategy described by equation 3.19 calculated very high weights for density causing 

CP_B to rely heavily upon DE.  Ultimately, DE provided more precise estimates of 

density than either CP_B or EBLUP in the context of this study.   

CP_B provided lower overall bias for most attributes when compared to 

EBLUP coinciding with the summary statistics in Table 3.4.  The primary cause of 

this is the tendency of EBLUP to rely heavily upon the MLR component for stands 

with high attributes values.  CP_B, though it shows a very slight bias for low values of 

CuVol and Ht, provides a greater bias adjustment for stands with midrange to high 

attribute values.  This indicates that the weighting strategy for CP_B is better able to 

adjust the weights according to the squared difference between the synthetic 
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component and DE for individual stands.  It demonstrates how the versatility of the 

weighting method for CP_B can actually produce better results than the consistency of 

the weighting method for EBLUP.  This characteristic can be seen in the estimation of 

most attributes. 

Although the difference in ARB is very subtle for QDBH and Ht, it is still 

obvious that CP_B is superior to EBLUP.  This subtlety is caused primarily by the fact 

that DE had the highest precision for QDBH and Ht when compared to the other 

attributes (Table 3.4).  This means that, due to within-stand homogeneity of QDBH 

and Ht, DE between the different subsamples probably did not vary as much as for 

other attributes providing better stability in the synthetic component of the composite 

predictors.  As with BA and CuVol, CP_B tended to rely upon DE more than EBLUP.  

However, the most important characteristic to point out is that although CP_B 

weighed the synthetic component more heavily for many observations, this was not 

true for all observations.  This refers back to the fact that the weighting method for 

CP_B is not dependent upon a constant and can therefore take on a wide range of 

values depending upon the stand in question.  Although more consistent, EBLUP is 

more limited with regard to the range of weights that can be used for estimation.  As 

long as 2ˆvσ is a non-zero value, every stand will be assigned a weight for EBLUP 

whether it actually needs one or not.  Through the versatility of its weighting method, 

CP_B was better able to achieve the proper balance between the regression synthetic 

component and DE to calculate more precise estimates of all attributes.  



 

 

70 
Although the mean residuals over 500 subsamples showed DE to be extremely 

unbiased compared to CP_B, this is not the only way to assess the relative 

performance.  Using BA as an example, we determined the percentage of individual 

subsamples for which CP_B had a higher ARB than DE for each sampling intensity, 

and the results were quite intriguing.  CP_B performed better in terms of ARB for 100, 

61, and 5% of subsamples for 10, 20, and 30% sampling intensity respectively and 0% 

of subsamples for 40% and 50% intensity.  Results for the other attributes were very 

similar except that for QDBH and Ht, CP_B continued to perform better for a small 

percentage of subsamples up through 40 and 50% sampling intensity.  This could 

indicate that at low sampling intensities the majority of subsamples received less 

biased estimates across the stands from CP_B than from DE.  To assess this, two 

subsamples for 20% sampling intensity were chosen at random from the 500 

representing a case where ARB was higher for CP_B and a case where it was lower.  

As with Figures 3.2-3.3, the residuals were calculated as the full sample estimate 

minus the predicted value from the estimator of interest.  Figures 3.4 and 3.5 show BA 

residual plots of CP_B and DE for the chosen subsamples at 20% sampling intensity 

with the full sample estimate set at zero.    

Although the actual difference in ARB between DE and CP_B for the two 

selected subsamples is low (1-2%), the difference in bias can be easily seen in Figures 

3.4 and 3.5.  In Figure 3.4, CP_B has an obvious tendency for overestimation 

indicating a weakness in the correlation between DE and the LiDAR metrics.  

However, the subsample illustrated in Figure 3.5 shows that CP_B not only has lower 
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bias for most of the stands with high values, it also displays a much tighter 

arrangement of residuals about zero overall.  The most important message that can be 

taken from this assessment is that the success of composite prediction over DE 

depends primarily upon how well the LiDAR-based MLR component fits the 

particular small sample that is available.   

Although each original MLR model was developed using the full sample from 

the subpopulation of interest, there are obvious bias issues, particularly for stands with 

very high attribute values.  More importantly, because the models did not change from 

one subsample to another in terms of auxiliary variables used, there were definitely 

subsamples for which the general model was less precise than for others.   

Ultimately there is a tradeoff that needs to be considered when choosing which 

composite estimator to use for small-area estimation of stand-level forest attributes.  

One clear advantage that comes with using composite estimators is that different 

estimators can be used for different stands depending upon the individual strengths of 

each estimator.  Although CP_B was shown to be superior to EBLUP in the context of 

this study, there is still potential for future use of EBLUP in forest estimation.  The 

primary factor that made CP_B beneficial as a composite estimator is its versatility 

with regard to attaining the proper balance between regression synthetic estimation 

and DE.  Overall, this analysis has been successful in identifying suitable composite 

estimators for obtaining precise estimates of forest attributes in small areas.   
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Conclusion 

Estimating forest attributes for small areas within larger subpopulations of 

interest has been one of the primary focuses of forest researchers and practitioners 

since the practice of forest stand delineation began.  Estimation of forest attributes in 

forest stands using within-subpopulation information, whether it is through composite 

estimators, linear models, or imputation has gained prominence over the last few 

decades.  With rapid advances in the acquisition and processing of remote sensed data 

such as LiDAR, these methods have reached new standards in terms of accuracy and 

precision of forest attribute prediction.  This study has demonstrated how the 

integration of LiDAR metrics and SAE techniques can facilitate precise estimation of 

stand-level forest attributes by efficiently using available information from within the 

subpopulation of interest. 

Of the composite estimators assessed in this study, CP_B was superior in terms 

of overall precision while EBLUP was superior in terms of overall bias.  However, it 

was found that on a stand-by-stand basis, CP_B was actually less biased for stands 

with higher attribute values than EBLUP, particularly for density.  Although CP_B 

provided less biased estimates at the stand-level than EBLUP, it was determined that 

DE was still superior to all regression-based estimators for density.  For all other 

attributes, EBLUP provided more precise estimation than CP_B and DE, though the 

advantage of using EBLUP was much greater for BA and CuVol than for QDBH and 

Ht.  This study has shown that although SAE through composite prediction can often 

be beneficial, its use needs to be tailored specifically to the attribute of interest based 
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upon the auxiliary information being used.  Ultimately, the performance of any form 

of SAE that relies upon a synthetic component such as the ones in this study depends 

greatly upon the strength of correlation between the specific attributes being estimated 

and the auxiliary information that is used.     
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Table 3.1: Summary of selected forest attributes in Clatsop State Forest (n=190). 

    Minimum Maximum Mean StDev 
      
Density (trees/ha)  257.1 4201.3 945.3 678.7 
      
Quadratic mean diameter (cm)  9.8 52.8 29.5 9.2 
      
Basal area (m2/ha)  19.7 86.3 50.2 12.9 
      
Top Height (m)  15.7 54.5 32.7 8.5 
      
Cubic stem volume (m3/ha)   125.2 1318.4 568.7 244.7 
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Table 3.2: Summary of LiDAR metrics computed using LiDAR FUSION. 

Metric Description 

Height Distribution of all first return heights > 3 meters 

Percentile height  Height distribution by deciles of first returns > 3. 

e.g (5th, 10th, 20th,…,95th)  

  

Intensity Distribution of all first return intensities > 3 meters. 

Percentile Intensity Intensity distribution by deciles of first returns > 3 meters. 

Canopy Cover Percentage (0 - 100) of first returns equal to or greater than a  

(Cover_3,…, Cover_24 Specified height (3, 6, ..., 24 meters) above the ground. 

Canopy Transparencies Percentage (0 - 100) of first returns above a specified height after  

  the removal of returns below a lower specified height.   
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Table 3.3: Estimated precision (RRMSE) from final validation of all estimation 
methods for each attribute of interest by sampling intensity (%). 
 
  10% 20% 30% 40% 50% 
Density (tree/ha)      
SP 64.7 64.7 64.7 64.7 64.7 
CP_A 40.8 30.2 24.0 19.7 16.7 
CP_B 29.3 23.4 20.0 17.6 15.8 
EBLUP 27.7 22.5 19.2 16.5 15.1 
MSN 60.1 47.9 42.1 38.8 36.6 
DE 38.9 26.9 20.8 16.6 13.9 
BA (m2/ha)      
SP 58.7 58.7 58.7 58.7 58.7 
CP_A 31.9 21.9 16.7 13.2 11.0 
CP_B 18.2 15.0 13.3 11.9 11.0 
EBLUP 17.3 14.3 12.3 10.7 9.4 
MSN 38.8 31.2 27.6 25.4 24.4 
DE 24.1 16.7 12.8 10.2 8.6 
CuVol (m3/ha)      
SP 84.3 84.3 84.3 84.3 84.3 
CP_A 42.1 27.8 20.8 16.2 13.2 
CP_B 22.7 18.9 17.0 15.4 14.3 
EBLUP 18.3 15.0 13.0 11.1 9.9 
MSN 43.4 36.0 32.1 30.5 29.5 
DE* 25.8 17.7 13.7 10.9 9.2 
QDBH (cm)      
SP 27.8 27.8 27.8 27.8 27.8 
CP_A 22.1 16.6 13.4 11.2 9.5 
CP_B 16.3 12.6 10.5 9.1 8.1 
EBLUP 14.9 11.9 9.6 8.0 6.8 
MSN 30.0 25.4 23.0 21.8 20.7 
DE* 19.6 13.6 10.4 8.4 7.0 
Ht (m)      
SP 26.7 26.7 26.7 26.7 26.7 
CP_A 19.8 14.2 11.1 9.0 7.5 
CP_B 12.2 9.8 8.5 7.5 6.8 
EBLUP 11.4 9.3 8.0 6.8 6.0 
MSN 23.6 19.7 17.8 16.9 16.2 
DE 16.2 11.3 8.7 6.9 5.7 

*No simulation 
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Table 3.4: Estimated ARB from final validation of all estimation methods for each 
attribute of interest by sampling intensity (%). 
 
  10% 20% 30% 40% 50% 

Density (tree/ha)      
SP 64.7 64.7 64.7 64.7 64.7 
CP_A 22.0 15.5 12.3 10.3 8.8 
CP_B 16.0 13.5 12.4 11.6 10.7 
EBLUP 24.0 16.7 13.5 11.2 11.2 
MSN 23.2 21.3 20.9 20.7 20.6 
DE 1.52 0.98 0.65 0.59 0.49 
BA (m2/ha)      
SP 58.7 58.7 58.7 58.7 58.7 
CP_A 19.2 12.0 8.9 6.9 5.7 
CP_B 10.3 9.6 9.1 8.6 8.2 
EBLUP 15.7 11.7 9.6 8.1 7.0 
MSN 14.5 13.2 13.3 13.3 13.6 
DE 0.87 0.65 0.42 0.35 0.29 
CuVol (m3/ha)      
SP 84.3 84.3 84.3 84.3 84.3 
CP_A 28.3 16.9 12.2 9.3 7.5 
CP_B 14.3 13.2 12.6 11.9 11.3 
EBLUP 16.7 12.5 10.4 8.4 7.4 
MSN 16.6 15.8 15.8 16.1 16.7 
DE* 0.97 0.71 0.46 0.37 0.29 

QDBH (cm)      
SP 27.8 27.8 27.8 27.8 27.8 
CP_A 12.1 8.9 7.2 6.1 5.2 
CP_B 7.9 6.8 6.2 5.7 5.3 
EBLUP 7.4 4.3 3.2 2.5 2.1 
MSN 11.2 11.1 11.0 11.1 11.0 
DE* 0.74 0.55 0.39 0.29 0.23 
Ht (m)      
SP 26.7 26.7 26.7 26.7 26.7 
CP_A 11.4 7.6 5.9 4.8 4.1 
CP_B 6.0 5.4 5.1 4.8 4.7 
EBLUP 10.0 7.2 5.9 4.8 4.2 
MSN 9.1 8.8 8.9 8.9 9.0 
DE 0.61 0.41 0.31 0.23 0.22 

*No Simulation 
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Figure 3.1: Map of northwestern Oregon showing location and relative size of Clatsop 
State Forest.  
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Figure 3.2: Residual plots of CP_B at 20% sampling intensity for A) density, B) BA, 
C) CuVol, D) QDBH, and E) Ht.  
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Figure 3.3: Residual plots of EBLUP at 20% sampling intensity for A) density, B) BA, 
C) CuVol, D) QDBH, and E) Ht.  
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Figure 3.4: Residual plots of selected 20% sample with ARB of DE (A) less than that 
of CP_B (B). 
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Figure 3.5: Residual plots of selected 20% sample with ARB of DE (A) greater than 
that of CP_B (B). 
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Abstract 

 
Four estimators were compared as small area estimation (SAE) techniques for 

12 counties of interest within a regional subpopulation of the northern Oregon costal 

range.  The estimators that were compared consisted of three indirect estimators 

including linear mixed regression (LME), gradient nearest neighbor imputation 

(GNN), and most similar neighbor imputation (MSN), and four composite predictors 

(LME_CP_A, LME_CP_B, MSN_CP, GNN_CP) based upon LME, MSN, and GNN 

with county-level direct estimates (DE).  Forest attributes of interest were density 

(trees/ha), basal area (BA, m2/ha), cubic volume (CuVol, m3/ha), quadratic mean 

diameter (QDBH, cm), and average height of 100 largest trees per hectare (Ht).  The 

response data for the subpopulation consisted of 401 annual Forest Inventory Analysis 

(FIA) plots measured between 2002 and 2008.  The auxiliary data consisted of 16 

Landsat variables.  All estimators were assessed for reduced county-level sample sizes 

of 20%, 30%, 40%, and 50% of the original FIA plots for 500 subsamples with the full 

sample county-level direct estimate retained for validation.  Overall, LME was 

superior to MSN and GNN in terms of indirect estimation, while LME_CP_A and 

LME_CP_B were superior to MSN_CP and GNN_CP in terms of composite 

prediction.   
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Introduction 

 
One of the most common practices regarding estimation of forest attributes is 

the partitioning of large forested subpopulations into smaller areas of interest to 

coincide with specific objectives of present and future forest management.  National 

forest inventory programs such as the Forest Inventory Analysis (FIA) of the United 

States Department of Agriculture (USDA) have facilitated inference on forest 

attributes at county, state, and national scales.  Typically this is done by deriving direct 

estimates (DE) consisting of standard or stratified means of plot-level values from all 

usable plots existing within the area of interest.  However, it is often difficult to obtain 

precise direct estimates of forest attributes of interest within relatively small areas that 

may contain few usable plots depending upon the location and the time frame in which 

estimation is being performed. 

Small-area estimation (SAE) is a concept that is relatively new to forestry, but 

has considerable potential with regard to precise estimation of forest ecosystem 

attributes.  Much of the importance of assessing SAE has arisen from the need for 

precise and accurate estimates of forest attributes at varying spatial scales.  The very 

concept of SAE pertains to calculating precise and unbiased estimates for variables of 

interest in smaller areas within a larger subpopulation (Best et al., 2007).  More 

specifically, SAE techniques attempt to increase the precision of forest attribute 

estimates in many situations where there is insufficient ground data to achieve the 

desired level of precision for direct estimates (Petrucci et al. 2005).   Through FIA, it 
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is possible to classify larger areas such as national forests, counties, and even entire 

regions as subpopulations containing smaller areas of interest such as individual 

counties or sub-counties.  One form of remote sensed auxiliary information that has 

been shown to be effective for implementing SAE techniques is light detection and 

ranging (LiDAR) data.  However, LiDAR is limited as to its availability at the same 

spatial scale as FIA.  Landsat TM and Landsat ETM+ data on the other hand is readily 

available nationwide and can be relatively useful for estimating certain forest 

attributes (Hudak et al., 2006; Meng et al., 2007; Meng et al., 2009).  

There are different types of SAE, the validity of which greatly depends upon 

the structure and composition of both the small-area and the available covariates and 

auxiliary information (Best et al., 2007).  As long as the objective is to obtain 

estimates of small areas within a larger subpopulation, many common estimation 

methods such as multiple linear regression and k-nearest neighbor imputation can be 

considered types of SAE.  In the context of forestry, the term “small area” does not 

necessarily pertain to the physical size of the area, but rather the relative sample size 

representing it.  Traditionally, particularly in spatial cases, SAE has been divided into 

two categories; 1) direct estimation, and 2) indirect estimation (Best et al., 2007; Costa 

et al., 2003; Costa et al., 2004).  A direct estimator is an estimator that uses data taken 

directly from the small-area of interest.  This implies that there needs to be a sample 

taken from all areas of interest in order to effectively use direct estimation (Best et al., 

2007).  Indirect estimators do not necessarily require that there is an adequate sample 

taken for each area of interest, but can “borrow” strength from the auxiliary 
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information within the area and/or beyond the area in order to derive a vital 

component to the estimation process, typically a regression coefficient (Rao, 2003. pg. 

57; Best et. al, 2007; Heady et al., 2003). 

One common indirect estimator used for SAE is a unit-level linear mixed 

effects model.  As opposed to an area-level or general mixed model, the unit-level 

mixed model (LME) implies that the auxiliary variables can be directly linked with the 

observational units of the subpopulation sample, such as FIA plots.  This method 

generally leads to synthetic estimation in which the coefficients of the model are 

applied to mean or total values of the auxiliary variables within the small area of 

interest.  One drawback to performing this synthetic estimation using regular multiple 

linear regression is that small areas can sometimes have strong individual effects not 

indicative of the overall subpopulation.  LME attempts to compensate for this by 

assessing random effects between the small areas based upon one or more of the 

auxiliary variables.   

A method that can incorporate strength from both direct and indirect estimation 

is a composite predictor, which usually consists of a weighted sum or mean of a direct 

estimate and indirect estimate for the particular small area of interest.  A typical form 

of composite prediction in the context of SAE consists of the composition between a 

regression-based indirect or synthetic estimate and a direct estimate for each small 

area of interest (Fuller and Rao, 2001).  The premise for using such an estimator is to 

balance the potential bias of the synthetic estimator with the instability of the direct 

estimator (Slud and Maiti, 2006).          
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One common alternative to model-based approaches to SAE is nearest 

neighbor (NN) imputation.  Imputation is defined as “replacing missing or non-

sampled measurements for a unit with measurements from a unit with similar 

characteristics” (Van Deusen, 1997).  This focuses on the fact that most NN 

imputation methods rely upon distance between units or areas of interest based upon 

auxiliary information through some form of canonical correlation analysis (Moeur et 

al., 1999; Moeur and Stage, 1995).  Two prevalent methods of NN imputation for 

forest attributes are most similar neighbor (MSN) (Moeur and Stage, 1995; Moeur, 

2000; LeMay and Temesgen, 2005; Hudak et al., 2008), and gradient nearest neighbor 

(GNN) (Ohmann and Gregory, 2002).  As with MSN, GNN typically uses only one 

nearest neighbor for imputation.  The primary difference between these two methods 

is that GNN uses a canonical correspondence analysis (CCA) as apposed to a 

canonical correlation analysis.      

The primary goal of this study is to compare selected SAE methods to obtain 

precise and accurate county-level estimates for selected forest attributes within a 

regional-level subpopulation.  The specific objectives is to: 1) examine the 

performance of three indirect estimation methods including LME, GNN, and MSN; 2) 

examine the performance of composite predictors using DE and each of the 

aforementioned indirect estimates; and 3) compare the selected methods with regard to 

the estimation of some attributes for the counties of interest.  The attributes of interest 

for this study are total stem volume (CuVol, m3 ha-1), mean height of largest 100 trees 
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ha-1 (Ht) quadratic mean diameter (QDBH, cm), basal area (BA, m2 ha-1), and density 

(live stems ha-1).  

Methods 

Study area 

The subpopulation of interest for this study consisted of an area of 

approximately 2,250,000 hectares in northwestern Oregon.  The main tree species are 

conifers, including Douglas fir (Pseudotsuga menziesii), grand fir (Abies grandis), 

western hemlock (Tsuga heterophylla), and western red cedar (Thuja plicata) as apex 

species.  The primary deciduous species are bigleaf maple (Acer macrophyllum), and 

red alder (Alnus rubra).  This subpopulation was selected as a collection of 12 

counties and sub-counties representing the forested area of the northwestern coastal 

range of Oregon with the Willamette Valley and the Oregon coast as eastern and 

western boundaries respectively.  Of the original nine counties that make up this 

region, Lane, Tillamook, and Lincoln counties were considerably larger than the other 

counties.  Therefore, these counties were split into sub-counties based primarily upon 

relative size and the boundaries of the smaller adjacent counties.  A description of the 

individual sub-counties (counties) and location information of the subpopulation of 

interest are given in Figure 4.1. 

Field data 

The field data used in this study consisted of annual FIA plots measured 

between 2002 and 2008.  The ground data was restricted to forested FIA plots within 
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the subpopulation of interest.  This means that all FIA plots had at least one subplot 

classified as forested.  The final FIA data set for the subpopulation of interest 

consisted of 401 forested plots.  All pertinent tree information for the FIA plots was 

obtained from the four 7.35 m radius subplots for trees > 12.7 cm and < 76.2 cm and 

the coinciding 17.95 m radius macroplots for trees > 76.2 cm.  A summary of selected 

stand attributes are given in Table 4.1.   

All attributes have a fairly wide range of values representing a wide variety of 

different forest type and composition, with small minimum values denoting at least 

some areas with extremely low tree density (Table 4.1).   

Landsat data 

The Landsat data used for this study was Landsat 5 TM collected and 

processed in 2006 for all of western Oregon.  From the original Landsat data, six of 

the original bands including bands one through five (B1-B5) and band 7 (B7) were 

extracted.  There are several transformations of Landsat imagery that has been shown 

to be correlated with certain characteristics of landscape vegetative structure.  One 

class of Landsat transformation that was included in this study was tasseled-cap (TC) 

transformation.  TC transformation is accomplished through the combination of all 

usable TM bands with coefficients derived from regional spectral analyses.  In past 

studies, TC transformation of Landsat has been shown to be correlated with forest 

disturbance and classification (Healey et al., 2005).  This correlation stems from the 

enhancement of the Landsat imagery achieved through TC to optimize visualization of 

three important factors including brightness, greenness, and wetness (Crist and 
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Cicone, 1984).  Although these factors are primarily represented by the first three TC 

variables, all six of the TC (TC1-TC6) variables were included as possible auxiliary 

variables in the analysis.  The normalized difference vegetation index (NDVI) is a 

very simple Landsat band function that can be important in describing forest health 

and vigor (Gillespie, 2005).  More specifically, NDVI has been shown to be effective 

in describing factors such as crown closure, forest density, and tree species diversity 

(Feeley et al., 2005).  NDVI was calculated using the following equation. 

34

34

BB

BB
NDVI

+
−=                                                                                                       [4.1] 

In addition to the aforementioned Landsat bands and transformations, there are 

several simple band ratios that can be useful for describing forest characteristics.  The 

band ratios used in this study were B4/B3 (R1), B5/B4 (R2), and B7/B5 (R3).  The 

combined purpose of these ratios is to enhance the features of forest cover, bare soil, 

and water in order to better define the difference between them on the landscape.  The 

resolution of all Landsat bands, transformation, and ratios used in this study was 

30x30 m.  The Landsat values associated with each FIA plot were obtained by taking 

an average of the nine pixel values intersecting the plot based on spatial location.  

Although each FIA plot is actually 1 ha, the averaging of auxiliary values from 30x30 

m Landsat pixels to each FIA plot creates the assumption that every sampling unit in 

the subpopulation is a 30x30 m pixel.   The values of all Landsat variables were 

obtained for every pixel located within the subpopulation. 
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Many of the original Landsat pixels for the subpopulation represent areas that 

are not forested.  This is not an issue for the initial plot-level analyses performed in 

this study as only forested FIA plots were used.  However, this is an issue for deriving 

county-level estimates as some of the counties contain large areas of development 

such as buildings, roads, and cultivated fields that return drastically different Landsat 

band values than most types of forest cover.  This potential problem was counteracted 

by using the National Land Coverage Data (NLCD) that classifies individual Landsat 

pixels into cover-types (e.g. coniferous forest, deciduous forest, shrub/scrub, urban 

development, cultivated fields) (NLCD, 2001).  This coverage was used to remove all 

Landsat pixels that were classified as non-forest.          

Simulation 

Recall that the primary assumption for SAE is that there is an insufficient 

sample size within each small area of interest to obtain precise direct estimates.  The 

individual counties used in this study contain anywhere from 21 to 52 forested FIA 

plots as shown in Figure 4.1.  It was necessary to simulate smaller sample sizes to 

assess the performance of the estimators as the sample size increased and to facilitate 

validation of the estimators using direct county estimates of the attributes from the full 

samples as a surrogate for census information.  Therefore, the simulation of reduced 

sample sizes was done by randomly selecting FIA plots from each county using 20%, 

30%, 40%, and 50% sampling intensities for 500 subsamples.  Direct estimates (DE) 

in the form of county-level means were calculated for each attribute at all sampling 

intensities as well as for the full samples.  All of the estimators of interest were 
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assessed for the four sampling intensities separately.  County-level direct estimates for 

each attribute based upon the full sample (FS) were retained as validation data for 

each estimator in the absence of census information.  

Statistical analysis 

Linear mixed effects models 

Unit-level (plot-level) multiple linear regression (MLR) models were 

developed as an initial basis for creating the LME models.  The attributes of interest 

were assessed for several transformations using residual plots and quantile-quantile (q-

q) plots to test for normality of the data.  Based on the assessment, it was determined 

that no transformation was necessary.  Models were selected using a subset regression 

technique that identifies the independent variables which create the best fitting linear 

regression models according to Bayesian Information Criteria (BIC) using an 

exhaustive search.  This was performed using the regsubsets() tool available in the 

leaps() package for R () (R Development Core Team, 2008; Lumley, 2008).  The 

resulting output contained the information for a total of 70 possible models ranked by 

BIC.  Any model that had a variance inflation factor (VIF) score greater than 9.5 was 

automatically dropped from the final list.  

The unit-level LME has the form of a one-fold nested error linear regression 

model with the following form (Rao, 2003. pg. 78).  

ijiijij evxy ++= β ,                                                                                                    [4.2] 
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where ijy is the attribute value for FIA plot j in county i, ijx is a vector of values for 

auxiliary variables for FIA plot j in county i, iv is the area-specific random effect for 

county i, and ije  are iid random variables independent ofiv . 

The LME models were fit using the lme tool from the nlme package for R (R 

Development Core Team, 2008).  Each model was assessed for all possible variables 

or combinations of variables set as random conditional upon county.  The final LME 

model for each attribute was chosen by assessing the BIC value from each possible 

model.  To obtain attribute estimates for each county, the fixed coefficients and 

random county effect obtained from the respective unit-level LME model were used to 

form a synthetic estimate of the following form (Rao, 2003. pg. 80). 

iii vXY += β ,                                                                                                            [4.3] 

where iX is a vector of auxiliary values in the form of overall area-specific means from 

all Landsat pixels within county i. 

The primary purpose of using LME as opposed to MLR for deriving county-

level estimates is to capitalize on the between-county variation in the data to improve 

estimation.  Although Landsat data can be fairly informative regarding some forest 

attributes such as density and BA, it is suspected that other attributes such as QDBH 

and Ht will contain variation that cannot be explained by the Landsat auxiliary data.  

However, LME can adjust for some of this variation by accounting for strong 

individual effects that may exist in the counties themselves.  There were two LME 

estimators used in this study.  The first (LME_A), utilized the full sample from the 
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subpopulation to obtain one estimate for each attribute per stand.  The second 

(LME_B), was obtained by applying the same LME model used for LME_ A (in terms 

of explanatory variables) to each of the 500 subsamples. 

Imputation (MSN and GNN) 

Both MSN and GNN imputation were assessed as alternatives to estimation of 

forest attributes in this study.  Rather that use standard MSN imputation, it was 

decided that a form of “modified” MSN would be used which imputes values to the 

unit (pixel) level rather than the county-level.  This allowed for a more direct 

comparison of the performance between MSN and GNN.  The distance metric used for 

both MSN and GNN imputation had the following form (Moeur and Stage, 1995; 

Temesgen et al., 2003; LeMay and Temesgen, 2005). 

)(')'( 2
jijiij XXXXd −ΓΓΛ−= ,                                                                             [4.4] 

where iX is the vector of  auxiliary variables for the ith plot, jX is the vector of 

auxiliary variables for the jth reference plot, Γ is a matrix of standardized canonical 

coefficients for the X variables, and 2Λ is a diagonal matrix of squared canonical 

correlations.  The set of X variables for this analysis consisted of a matrix of the 

Landsat-derived auxiliary variables (Table 4.2), whereas the set of Y variables was a 

matrix of values for all five attributes of interest.   

As previously stated, both MSN and GNN used only one nearest neighbor for 

imputation to the target pixel.  All calculations for MSN and KNN were performed 

using the yaImpute() tool for R() (Development Core Team, 2008; Crookston and 
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Finley, 2007).  Final MSN and GNN estimates for each county of interest were 

obtained by imputing values to all 30x30 m pixels within the county and calculating 

the mean of all pixel-based attribute values (Ohmann and Gregory, 2002; Næsset, 

2002).  Due to the impracticality of imputing values to over 20,000,000 pixels over 

500 iterations, MSN and GNN were applied using the full sample from the 

subpopulation for direct comparison with LME_A.   

Composite predictors 

Four composite predictors were analyzed in this study.  For every sampling 

intensity, each composite predictor was calculated using the reduced sample direct 

estimate (DE) and one of the aforementioned indirect estimates for each county.  

Individually, the composite predictors (CP) will be referred to hereafter as 

LME_CP_A, LME_CP_B, MSN_CP, and GNN_CP based upon the indirect 

estimation components LME_A, LME_B, MSN, and GNN respectively.  The 

composite predictors for each attribute of interest were developed using the following 

equation (Rao, 2003. pg. 57). 

12
ˆ)1(ˆˆ
iiiiiCP YYY φφ −+= ,                                                                                            [4.5] 

where 1îY is the DE of the attribute for the ith county, 2îY is the indirect estimate of the 

ith county, and iφ  is the weight calculated for the ith county.  The weights were 

calculated using a variation of a method described by Costa et al. (2003). 
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where ia is the total area (ha) in county i 2
is  is the sample variance for county i, and 

in is the ground sample size for county i.  Note that iψ̂ is a form of “smoothed” 

variance used in place of raw sample variance in the composite estimator to provide 

stability to the weights.  Although sample variance can be used, it is considered to be 

somewhat unstable and can often be severely inflated compared to 2
12 )ˆˆ( ii YY − . This 

weighting scheme differs slightly from the one presented by Costa et al. (2003) in that 

it utilizes the individual county-level biases between the indirect estimate and DE 

instead of a mean bias across all counties.  Although slightly less stable, this form of 

weighting should make the composite predictors more versatile with regard to 

weights.  Note that this form of composite predictor is still fairly stable in that it 

provides weights for all counties.  The weighting strategy described in equation 4.6 

shows that the greater 2
12 )ˆˆ( ii YY − is relative to iψ̂ , the greater influence DE will have 

on the final estimate.  The ultimate purpose of calculating composite estimates is to 

balance the potential bias of an indirect estimator against the instability of a direct 
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estimator (Rao, 2003. pg. 57).  As will be seen later on, this is an important aspect to 

consider when using indirect estimators for forest attributes based upon Landsat 

auxiliary information. 

 Recall that LME_A, MSN, and GNN were all calculated using the full sample 

from the subpopulation.  This creates a situation in which full-sample estimates and 

reduced sample estimates are directly compared.  The purpose of this was to assess 

two important scenarios of SAE; one in which the existing ground sample is only 

inadequate in the particular county of interest, and one in which the existing ground 

sample is inadequate in all counties making up the subpopulation.  This comparison is 

achieved through the composite predictors, which utilize a DE component from the 

500 subsamples regardless of whether the indirect (synthetic) component is full-

sample or subsample derived.  

Validation 

Validation at the county-level for each estimator was done using the county-

level full sample direct estimates.  In order to compare the estimators for each 

sampling intensity, summary statistics were calculated based upon the county-level 

validation including relative root mean squared error (RRMSE) and absolute relative 

bias (ARB).  Because most of the estimators were evaluated over 500 subsamples, the 

performance statistics needed to be calculated accordingly.  Precision was assessed 

using RRMSE (Rao, 2003. pg. 62; Datta et al., 2005): 
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where iRMSE is the root mean squared error for county i, m is the number of counties, 

R is the number of subsamples (iterations), iPŶ is the predicted value for county i, and 

iOŶ is the FS direct estimate for county i.  Similarly, bias was assessed using ARB 

calculated as 
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where iRB is the root mean squared error for county i.  Because LME_A, MSN, and 

GNN were not based on subsampling, the same statistics were calculated based upon 

the one estimate for each stand.  This was necessary to properly compare the 

performance of SP with the other estimators that were dependent upon subsampling.  

Consequently, based on equations 4.8-4.11, RRMSE and ARB are the same value for 

LME_A, MSN, and GNN.  

Results and discussion 

The final LME models were fairly consistent in that all of them included at 

least two TC metrics as significant predictor variables.  Most of the LME models also 



 

 

100 
included NDVI as a significant variable.  Because there were five different forest 

attributes included in the canonical correlation for MSN and GNN, there were five 

canonical covariates (axes) created for determining distance.  The analysis for each 

method indicated that three of the axes were highly significant.  Density, BA, and 

CuVol had the highest canonical correlation with the auxiliary data, while QDBH and 

Ht had the lowest.  Performance statistics for each county-level attribute by estimation 

method and sampling intensity are given for imputation-based estimators and 

regression-based estimators in Tables 4.3 and 4.4 respectively.  

Indirect estimation 

One of the first noticeable characteristics is the poor overall performance of 

GNN.  GNN yielded the highest RRMSE values for most of the attributes.  Not 

surprisingly, the best indirect estimator in terms of precision was LME_A, with MSN 

being a close second for most attributes.  Of course, the most important assessment is 

the performance of the indirect estimators when compared to DE.  Tables 3 and 4 

indicate that all indirect estimators achieved greater precision than DE.  

 Composite prediction 

In terms of precision, the composite predictors generally mirrored the 

performance of their respective indirect estimation components.  The exception was 

GNN_CP, which generally outperformed MSN_CP even though MSN showed much 

higher precision than GNN.  Notice that the contrast observed between LME_A and 

MSN dissipated greatly with the calculation of composite estimates.  Composite 

prediction did not produce significantly greater precision than indirect estimation, 
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though precision for composite predictors was still higher than that of DE.  This 

mostly pertains to LME_CP_A, which had lower overall precision for all attributes 

than LME_A.  In fact, this characteristic is noticeable in the three attributes that had 

the highest correlation with the Landsat auxiliary variables including density, BA, and 

CuVol.  This is possibly an indication that LME_A is sufficient for obtaining precise 

county-level estimates without composite prediction.  However, it will be seen that 

LME_A is usually not the best estimator with regard to bias.  Ultimately, as with 

indirect estimation, the composite predictor which utilized LME_A was the best 

overall for all attributes. 

Although the performance statistics shown in Tables 4.3 and 4.4 are 

informative as to the overall performance of the estimators, it does not provide the 

whole picture with regard to individual counties.  The best way to assess the 

performance of SAE is to observe the bias in estimation for each small area.  The 

county-level residuals for the best indirect estimators (LME_A, MSN), the best 

composite predictors (LME_CP_A, LME_CP_B, MSN_CP), and DE were compared 

for a sampling intensity that showed a great difference between the estimators (20%) 

using residual plots.  As with all validation in this study, these residuals were 

calculated as the FS direct estimate minus the predicted value from the estimator of 

interest averaged across the 500 subsamples for every county.  Figures 4.2 – 4.6 show 

residual plots for LME_A, MSN, LME_CP_A, LME_CP_B, MSN_CP, and DE for 

each attribute separately at 20% sampling intensity with the full sample estimate set at 

zero. 
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Stocking (density and BA) 

One of the first things to notice from Figure 4.2 is the relatively high degree of 

bias for LME_A and MSN.  However, it is obvious that through calculation of area-

level random effects that LME_A was able to adjust for some of the bias, making it 

superior to MSN.  The results for LME_CP_A, LME_CP_B, and MSN_CP are a 

prime example of the degree to which composite predictors can adjust for bias in 

estimation.  Note that although MSN_CP was a drastic improvement over MSN, it 

was still more biased than LME_CP_A and LME_CP_B.  At close observation, 

LME_CP_A is only slightly less biased than LME_CP_B.  Overall, LME_CP_A and 

LME_CP_B performed the best with regard to bias and precision for density (Tables 

4.3 and 4.4). 

The results for BA were similar to that for density (Figure 4.3).  As with 

density, the bias for LME_A and MSN was fairly high when compared to the 

composite predictors.  Notice that MSN_CP actually performed slightly better than 

LME_CP_B for BA, denoting that more of the bias inherent in MSN was eliminated 

through composite prediction.  This is an excellent example of how composite 

prediction can balance the stability of indirect estimation with the unbiasedness of 

direct estimation.  Ultimately for BA the preferred indirect estimator was LME_A 

while the preferred composite predictor was LME_CP_A.     

CuVol 

 The relationship between the different estimators with regard to bias is 

somewhat different for CuVol than for density and BA (Figure 4.4).  The tendency for 
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underestimation in LME_A was much less apparent than for the attributes previously 

assessed.  The contrast between LME_A and MSN for CuVol indicates that LME 

probably applied much greater random effects than for density and BA.  This lowered 

bias for LME_A was mirrored to a great extent in LME_CP_A and LME_CP_B.  

With the bias adjustment in composite prediction, overall bias is almost eliminated in 

LME_CP_A and LME_CP_B.   Although MSN was inferior to LME_A, MSN_CP 

performed almost as well as the other two composite predictors.  Taken together, the 

nature of the residuals of LME_A and the unbiasedness of all three composite 

predictors indicate that there were probably significant individual county effects with 

regard to CuVol.  This is a characteristics that will be seen for QDBH and Ht as well!   

QDBH 

As with CuVol, results for QDBH represent a fairly sharp contrast with the 

results observed for density and BA (Figure 4.5).  For QDBH, relatively high bias is 

apparent for MSN as with most other attributes.  This is not entirely unexpected given 

that QDBH is a forest attribute that is highly correlated with tree height characteristics, 

which is not well represented by Landsat variables.  In contrast to CuVol, LME_CP_B 

and MSN_CP perform fairly equally in terms of bias, while LME_CP_A is obviously 

the best estimator with very little noticeable bias.  This is an indication that the 

indirect component LME_A is stronger than LME_B for adjusting estimation based 

upon random county effects for CuVol.  This is not entirely surprising given that 

LME_A in general may identify significant individual effects per county with the full 

sample that become confounded when the data is subsampled for LME_B. 
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Ht 

The results for Ht were similar to those for QDBH except that both LME_A 

and MSN display relatively low bias when compared to other attributes (Figure 4.6).  

For Ht, all composite estimators perform similarly and are quite adequate with regard 

to bias.  The performance of the indirect estimators was somewhat surprising given 

that Landsat is not well known for adequate estimation of forest height attributes.  

Although MSN produced lower bias for Ht than all other variables, it is still obvious 

that LME_A performs better, indicating that there were probably significant individual 

county effects for Ht which was described by the county-level random effect.  

Summary 

 Recall that the estimators used in this study were developed based upon two 

scenarios; 1) assuming sufficient sample size for the subpopulation as a whole, and 2) 

assuming insufficient sample sizes for all counties of interest.  The results showed that 

in terms of indirect estimation LME_A was superior to LME_B, indicating that overall 

the indirect estimators assessed in this study were more suitable for the first scenario.  

However, it was also shown that the composite predictors based on the indirect 

estimators (LME_CP_A, LME_CP_B) had similar performance in terms of both 

precision and bias.  This indicates that using the modeling techniques in this study in 

conjunction with Landsat auxiliary information can produce precise and low-bias 

composite predictors that are well-suited to both scenarios.  This study also showed 

that estimators based upon LME generally did better than estimators based upon 

imputation, though Figures 4.2-4.6 showed that composite predictors based on either 
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method were quite similar in terms of bias.  This study has shown SAE to be fairly 

successful at estimating several county-level forest attributes with high precision and 

bias comparable to that obtained from DE.       

Conclusion 

Small area estimation can provide precise and accurate estimates of forest 

attributes for areas of interest within subpopulations of varying spatial scale.  The 

large scale availability of modern remote sensed auxiliary information is the key to 

accomplishing the goal of applying effective SAE techniques to forestry problems.  

The SAE techniques analyzed in this study have provided considerable evidence that 

indirect and composite predictors based upon auxiliary information from a regional 

subpopulation can provide precise estimates of many forest attributes at the county 

level.  It was also found that the success of indirect estimation for county-level forest 

attributes was greatly dependent upon the use of an estimation method (LME) that 

could account for strong individual effects per county where they exist.       

This study showed that for QDBH and Ht the indirect LME_A estimator was 

quite adequate for obtaining county-level estimates that had relatively low bias and 

were more precise than DE.  This ultimately led to composite predictors that had 

precision and low bias when compared with DE.  LME_CP_A, LME_CP_B, and 

MSN_CP were all adequate for obtaining more precise estimates of all attributes than 

DE with fairly low bias.  However, LME_CP_A was usually the best composite 

predictor with regard to bias, with LME_CP_B a close second.  In terms of bias, all 
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SAE methods obtained lower bias for Cuvol, QDBH, and Ht than for density and BA, 

though even for density and BA the composite predictors were considered to be quite 

adequate.  This study has shown that SAE of county-level attributes within a regional 

subpopulation can be effective at obtaining greater precision than ordinary direct 

estimation.         
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Table 4.1. Summary of selected forest attributes in regional subpopulation (n=401). 
 
  Minimum Maximum Mean Standard Deviation 

     

Density (trees/ha) 2.5 1427.6 383.1 235.7 

     

BA (m2/ha) 1.2 100.9 33.3 19.8 

     

CuVol (m3/ha) 0.54 1544.2 359.2 290.3 

     

QDBH (cm) 13.9 143.8 41.6 22.2 

     

Ht (m) 5.6 64.2 28.8 11.8 
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Table 4.2.  Landsat variables used in all imputations. 
 

Description   Specific Variables 
   

Original Landsat Bands  B1 

  B2 

  B7 

   

Landsat Ratios and Functions  R1-R3 

  NDVI 

   

Landsat Transformations (TC)   TC1-TC6 
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Table 4.3. Estimated RRMSE and ARB of all regression-based estimates and DE for 
each attribute of interest by sampling intensity (%). 
 
  20% 30% 40% 50% 
 RRMSE ARB RRMSE ARB RRMSE ARB RRMSE ARB 

Density (trees/ha)         
LME_A* 6.5 6.5 6.5 6.5 6.5 6.5 6.5 6.5 

LME_B 12.2 7.3 10.6 7.5 9.9 7.6 9.3 7.4 

LME_CP_A 11.2 3.1 8.8 3.3 7.4 3.5 6.4 3.5 
LME_CP_B 13.5 4.0 10.7 4.2 9.3 4.4 8.2 4.3 
DE 20.8 1.1 15.9 0.7 12.8 0.4 10.7 0.3 
BA (m2/ha)         
LME_A* 7.4 7.4 7.4 7.4 7.4 7.4 7.4 7.4 

LME_B 11.5 8.1 10.2 7.8 9.6 7.8 9.1 7.7 

LME_CP_A 11.1 3.5 8.8 3.7 7.5 4.0 6.5 3.8 
LME_CP_B 12.7 4.0 10.0 4.1 8.6 4.3 7.6 4.2 
DE 19.8 1.0 15.1 0.7 12.2 0.5 10.1 0.4 
CuVol (m3/ha)         
LME_A* 7.7 7.7 7.7 7.7 7.7 7.7 7.7 7.7 

LME_B 17.5 8.6 14.4 8.3 13.1 8.0 12.0 7.8 

LME_CP_A 14.5 4.0 11.3 3.8 9.4 4.0 8.1 4.1 
LME_CP_B 18.5 5.1 14.5 5.0 12.4 5.1 10.9 4.7 
DE 26.2 1.2 20.1 0.9 16.2 0.8 13.5 0.5 
QDBH (cm)         
LME_A* 4.7 4.7 4.7 4.7 4.7 4.7 4.7 4.7 

LME_B 13.5 8.3 11.7 7.7 10.5 7.4 9.5 6.9 

LME_CP_A 9.0 2.4 7.1 2.6 5.7 2.7 4.9 2.8 
LME_CP_B 12.7 4.8 10.6 4.6 9.1 4.3 7.9 4.1 
DE 16.6 0.6 12.9 0.6 10.3 0.5 8.5 0.3 
Ht (m)         
LME_A* 4.8 4.8 4.8 4.8 4.8 4.8 4.8 4.8 

LME_B 9.0 6.6 7.9 6.2 7.4 6.1 6.9 5.7 

LME_CP_A 7.2 2.3 5.8 2.4 4.9 2.5 4.3 2.5 
LME_CP_B 9.0 3.5 7.4 3.3 6.4 3.3 5.6 3.2 
DE 12.8 0.5 10.0 0.4 8.0 0.5 6.7 0.2 

* No subsampling 
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Table 4.4. Estimated RRMSE and ARB of all imputation-based estimates and DE for 
each attribute of interest by sampling intensity (%). 
 
  20% 30% 40% 50% 

 RRMSE ARB RRMSE ARB RRMSE ARB RRMSE ARB 

Density (trees/ha)         
MSN* 10.9 10.9 10.9 10.9 10.9 10.9 10.9 10.9 

GNN* 14.0 14.0 14.0 14.0 14.0 14.0 14.0 14.0 

MSN_CP 14.1 5.5 11.7 5.3 10.3 5.2 9.1 5.1 
GNN_CP 13.3 5.6 10.9 5.2 9.6 5.3 8.6 5.2 
DE 20.8 1.1 15.9 0.7 12.8 0.4 10.7 0.3 
BA (m2/ha)         
MSN* 8.4 8.4 8.4 8.4 8.4 8.4 8.4 8.4 

GNN* 11.9 11.9 11.9 11.9 11.9 11.9 11.9 11.9 

MSN_CP 13.4 5.6 11.1 5.3 9.6 5.3 8.5 5.0 
GNN_CP 12.1 4.6 9.9 4.5 8.5 4.7 7.6 4.6 

DE 19.8 1.0 15.1 0.7 12.2 0.5 10.1 0.4 

CuVol (m3/ha)         
MSN* 11.7 11.7 11.7 11.7 11.7 11.7 11.7 11.7 

GNN* 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 

MSN_CP 19.4 8.3 16.2 7.5 14.0 7.2 12.4 6.6 
GNN_CP 17.2 7.0 14.3 6.9 12.5 7.1 11.2 6.9 
DE 26.2 1.2 20.1 0.9 16.2 0.8 13.5 0.5 
QDBH (cm)         
MSN* 13.6 13.6 13.6 13.6 13.6 13.6 13.6 13.6 

GNN* 16.8 16.8 16.8 16.8 16.8 16.8 16.8 16.8 

MSN_CP 13.9 5.6 11.5 4.8 9.7 4.3 8.3 4.0 
GNN_CP 12.3 5.3 10.3 4.8 8.9 4.7 7.8 4.3 
DE 16.6 0.6 12.9 0.6 10.3 0.5 8.5 0.3 
Ht (m)         
MSN* 8.0 8.0 8.0 8.0 8.0 8.0 8.0 8.0 

GNN* 12.5 12.5 12.5 12.5 12.5 12.5 12.5 12.5 

MSN_CP 10.5 4.6 8.7 3.8 7.3 3.4 6.4 3.2 
GNN_CP 9.2 4.1 7.8 3.7 6.7 3.6 6.0 3.4 
DE 12.8 0.5 10.0 0.4 8.0 0.5 6.7 0.2 

* No subsampling 
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Figure 4.1.  Map of subpopulation with county names, areas (ha), and FIA sample 
sizes (n). 
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Figure 4.2. Mean residual plots of county-level density at 20% sampling intensity for 
(A) LME_A, (B) MSN, (C) LME_CP_A, (D) LME_CP_B, (E) MSN_CP, and (F) DE. 
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Figure 4.3. Mean residual plots of county-level BA at 20% sampling intensity for (A) 
LME_A, (B) MSN, (C) LME_CP_A, (D) LME_CP_B, (E) MSN_CP, and (F) DE. 
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Figure 4.4. Mean residual plots of county-level CuVol at 20% sampling intensity for 
(A) LME_A, (B) MSN, (C) LME_CP_A, (D) LME_CP_B, (E) MSN_CP, and (F) DE. 
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Figure 4.5. Mean residual plots of county-level QDBH at 20% sampling intensity for 
(A) LME_A, (B) MSN, (C) LME_CP_A, (D) LME_CP_B, (E) MSN_CP, and (F) DE. 
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Figure 4.6. Mean residual plots of county-level Ht at 20% sampling intensity for (A) 
LME_A, (B) MSN, (C) LME_CP_A, (D) LME_CP_B, (E) MSN_CP, and (F) DE. 
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CHAPTER 5: CONCLUSION 

The goal of this dissertation was to assess several different methods for 

estimating selected forest attributes in small areas that make up larger pre-determined 

subpopulations in the Pacific Northwest region and to compare the results of those 

methods to results obtained from tradition direct estimation for the same areas.  

Throughout the dissertation, several different forms of inventory data were used 

including LiDAR correlation plots, ODF SLI data, and FIA data as well as both 

LiDAR and Landsat auxiliary information which contributed greatly to the completion 

of each study. Specific objectives were to 1) assess the estimation of forest attributes 

at the plot level using LiDAR-based metrics as both area-level and tree-level auxiliary 

information; 2) assess and compare different forms of model-based indirect and 

composite estimation for stand-level forest attributes within a localized subpopulation 

using area-level LiDAR metrics as auxiliary information; and 3) assess and compare 

different forms of model-based indirect and composite estimation for county level 

forest attributes within a regional-level subpopulation using Landsat imagery as 

auxiliary information. 

Chapter 2 compared two forms of ALM linear models with STRS linear 

models for several forest attributes using LiDAR auxiliary information.  Model fit and 

precision were generally not higher for the STRS models except in the case of Lorey’s 

height.  In the case of BA and density, the STRS models did not perform as well as the 

ALM models.  However, it was observed that both model fit and precision were 

comparable between the STRS models and ALM models for volume, QDBH, and 
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CW.  Overall, this indicates that the additional time and resources needed to perform 

estimation using STRS is generally not needed to obtain precise estimates of important 

forest attributes.  It was also discovered that the inclusion of LiDAR intensity metrics 

in ALM models did increase the precision of estimation for density, but was 

ineffectual for most other attributes.  This supports the assertion that precise 

estimation of density requires metrics that can describe the horizontal structure of the 

forest as well as the vertical profile.  This chapter has shown that precise predictions 

of stand-level forest attributes such as BA, volume, density, QDBH, Lorey’s height, 

and CW can be made across a wide range of forest compositions found in western 

Oregon.    

Chapter 3 compared two types of indirect estimation and three types of 

composite estimation for stand-level forest attributes.  In terms of indirect estimation, 

MSN performed better than SP.  Of the composite estimators, EBLUP was superior in 

terms of overall precision while CP_B was superior in terms of overall bias.  

However, it was found that on a stand-by-stand basis, CP_B was actually less biased 

for stands with higher attribute values than EBLUP, particularly for density.  Although 

CP_B provided more precise estimates at the stand-level than EBLUP, it was 

determined that DE was still superior to all regression-based estimators for density.  

For all other attributes, CP_B provided more precise estimation than EBLUP and DE, 

though the advantage of using CP_B was much greater for BA and CuVol than for 

QDBH and Ht.  This study has shown that although SAE through composite 
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prediction can often be beneficial, its use needs to be tailored specifically to the 

attribute of interest based upon the auxiliary information being used.   

Chapter 4 compared four indirect estimators and five composite predictors for 

county-level estimation of forest attributes assuming a regional-level subpopulation.  

For QDBH and Ht the indirect LME_A estimator was adequate for obtaining county-

level estimates that had relatively low bias and were more precise than DE.  This 

ultimately led to composite predictors that had precision and low bias when compared 

with DE.  LME_CP_A, LME_CP_B, and MSN_CP were all adequate for obtaining 

more precise estimates of all attributes than DE with fairly low bias.  However, 

LME_CP_A was usually the best composite predictor with regard to bias, with 

LME_CP_B a close second.  In terms of bias, all SAE methods obtained lower bias for 

Cuvol, QDBH, and Ht than for density and BA, though even for density and BA the 

composite predictors were considered to be adequate.  This study has shown that SAE 

of county-level attributes within a regional subpopulation can be effective at obtaining 

greater precision than ordinary direct estimation.         

Future directions 

Several future research areas were identified: 1) Developing new area-level 

LiDAR metrics specifically for estimating forest density; 2) Analyzing multiple 

weighting strategies for composite estimation based on area-level models; and 3) 

Assessing n-fold nested error models (LME) for SAE in large subpopulations. 
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LiDAR metrics for estimating density 

One general deficiency that was observed regarding estimation of forest 

attributes with LiDAR in Chapters 2 and 3 was the relatively poor precision of density 

estimation.  Although the precision of estimation improved somewhat through use of 

LiDAR intensity metrics, this type of metric can be inconsistent for long-term use due 

to noise introduced by changes in scan angle, flight elevation, and climate.  This 

variation can be somewhat accounted for by normalization of the data which is 

becoming standard for many LiDAR vendors.  However, due to the nature of density 

as a forest variable, this researcher strongly believes that metrics could be extracted 

from the regular LiDAR point cloud that can describe the horizontal nature of the 

forest canopy rather than just the vertical nature as most LiDAR metrics do.  These 

new metrics would ultimately represent a kind of “fusion” between area-level metric 

extraction and STRS in the form of a general modal assessment of the two-

dimensional cross-section of the area in question.  

 This would be achieved by creating an algorithm to identify obvious apexes in 

the LiDAR point cloud that could possibly represent individual trees through a 

standardized process.  This would ultimately result in a variable or set of variables 

representing the count of apexes or modes present in the two-dimensional area which 

could be used in conjunction with other area-level LiDAR metrics without assuming 

any sort of tree-list.  The primary goal of this future assessment will be to create a set 

of new metrics that can be readily calculated at the same time as traditional metrics by 
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programs such as LiDAR FUSION to generally improve estimation of forest attributes 

such as density (McGaughey, 2008).  

Weighting strategies for area-level composite estimation 

 It was seen throughout this dissertation that SAE in situations where unit-level 

models were not possible can be fairly complicated.  Although the Fay-Herriot model 

is officially classified as a LME model, random area effects cannot be calculated in the 

same way as a one-fold nested error model due to the fact that there is technically only 

one observation per small area of interest.  This not only necessitates the use of 

EBLUP with regard to LME but also affects the use of more traditional composite 

estimators such as CP_B in that it requires the weighting strategy to rely heavily upon 

the smoothed sampling variance.  CP_LME, CP_MSN, and CP_GNN in Chapter 3 

represent the ideal case for standard composite estimation where the mean squared 

error of both the indirect estimator and DE can be directly calculated because a unit-

level assessment is possible.  Although the smoothed variance estimate used for both 

EBLUP and CP_B provides stability in that it provides only a limited range of 

possible weights, it can be limiting with regard to traditional forms of composite 

estimation such as CP_B which outperformed EBLUP due to its versatility which was 

lacking in EBLUP.   

 One way that the weighting strategy for area-level composite estimation could 

be adjusted in through the use of a common weight, as is calculated through the 

standard James-Stein estimator (Rao, 2003. pg. 63).  However, one obvious drawback 

to using a common weight for all areas of interest is that the resulting estimator would 
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not be able to account for strong individual effects between areas.  A more logical 

assessment would be to compare the use of various smoothed sampling variances.  

The smoothed sampling variance that was calculated using equation 3.4 was the most 

logical choice given the objectives and the structure of the subpopulation, but it is 

certainly not the only option.  This assessment will ultimately consist of an entire 

study or series of studies in which many different design-based and model-based 

GVFs will be used to compare precision and bias of composite estimation at the stand-

level. 

N-fold nested error models for large subpopulations 

 Two different forms of linear mixed model, including Fay-Herriot models and 

one-fold nested error models were assessed in this dissertation for SAE at different 

spatial scales.  In the context of this dissertation, an n-fold nested error model is a 

LME that uses more than one level of between-area variance for calculating random 

effects.  Although a one-fold nested error model was appropriate for obtaining county-

level estimates of forest attributes in a sub-state regional subpopulation, it would be 

interesting to assess the use of a two-fold nested error model for situations in which 

the subpopulation is much larger (e.g. state-level).   

This consideration is based on the assumption that with a larger subpopulation, 

there would be potential significant random effects that could not be explained simply 

at the county level.  One good example is the state of Oregon, which displays a 

considerable difference in forest composition between the northwest coastal range, 

southwest costal range, Cascade mountain range, and the dry region east of the 
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cascades.  If the subpopulation were at the state level, it would be appropriate to not 

only define the individual counties of interest, but to essential identify sub-

subpopulations consisting of groups of counties occupying the aforementioned sub-

state regions.  A two-fold nested error model could then be used to assess between-

area variation conditional upon both sub-subpopulation and county.  This would 

facilitate the calculation of random effects that could be applied to synthetic 

estimation for each county based upon both the county designation and the sub-

subpopulation in which it lies. 

Summary 

 This dissertation has explored many different aspects of forest attribute 

estimation using remote-sensed auxiliary information.  Composite estimation of forest 

attributes using LiDAR metrics often produced estimates that had high precision and 

low bias.  Through specific use of SAE, it was found that precise estimates of forest 

attributes can be obtained at varying spatial scales with a minimum of available 

ground data.  Composite estimation at both the stand and county-levels showed 

considerable potential by displaying an ability to balance potential bias of indirect 

estimation with instability of direct estimation, though future research regarding use of 

various weighting strategies for composite estimation is warranted.  Indirect 

estimation via LME was successful at producing precise county-level estimates, 

though future research regarding use of n-fold nested error models for larger 

subpopulations is warranted.  
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 The results of this dissertation indicate that the usefulness of acquiring LiDAR 

data is contingent upon an assessment of ground inventory cost vs. LiDAR acquisition 

cost in relation to the desired increase in precision through estimation.  This is less of 

an issue for estimation using Landsat data (Chapter 4) as this data can be obtained 

freely.  Although LiDAR can be more easily obtained for individual forests than for 

larger regions, the results of Chapter 3 indicated that selected forms of SAE still 

displayed noticeable bias when compared to a fairly strong DE within homogeneous 

forest stands.  This leads to the observation that the SAE methods assessed in this 

dissertation may actually be more useful for larger areas of interest (e.g. counties) that 

are more heterogeneous using Landsat data.  This assertion is supported by the results 

of Chapter 4 in which the contrast in bias between CP and DE was much lower than 

that assessed in Chapter 3.  These considerations should be taken into account when 

considering SAE for either current estimation or future monitoring.         
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LIST OF ACRONYMS USED IN TEXT 

 
Acronym  Definition 

ALM  Area-level model 
ARB  Absolute relative bias 
BA  Basal area/ha 
BIC  Bayesian information criteria 
CA  Crown area 
CCA  Canonical correspondence analysis 
CCAR  Canonical correlation analysis 
CCF  Crown competition factor 
CHM  Canopy height model 
CP  Composite prediction 
CW  Crown width 
DBH  Diameter at breast height 
DE  Direct estimation 
DEM  Digital elevation model 
DSM  Digital surface model 
DTM  Digital terrain model 
EBLUP  Empirical best linear unbiased prediction 
FIA  Forest inventory analysis 
FS  Full sample 
GNN  Gradient nearest neighbor imputation 
GPS  Global positioning system 
GREG  Generalized regression estimator 
GVF  Generalized variance function 
HCB  Height to crown base 
KNN  K-nearest neighbor imputation 
LiDAR  Light detection and ranging 
LME  Linear mixed effects regression 
ML  Maximum likelihood 
MLR  Multiple linear regression 
MSE  Mean squared error 
MSN  Most similar neighbor imputation 
NDVI  Normalized vegetation index 
NLCD  National land coverage database 
NN  Nearest neigbor imputation 
ODF   Oregon Department of Forestry 
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LIST OF ACRONYMS USED IN TEXT (Continued) 

 
Acronym  Definition 

QDBH  Quadratic mean diameter 
RD  Curtis' relative density 
REML  Restricted maximum likelihood 
RMSE  Root mean squared error 
RRMSE  Relative root mean squared error 
SAE  Small area estimation 
SLI  Stand level inventory 
SP  Synthetic prediction 
STRS  Single tree remote sensing 
TC  Tasseled cap transformation 
USDA  United States Department of Agriculture 
VIF   Variance inflation factor 

 
 


