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ABSTRACT 

 

Forest plantations cover a large part of tropical countries such 

as Brazil and eucalyptus plantations in particular account for 

57% of Brazil’s reforested area. As plantations offer multiple 

benefits – such as an option to offset natural forests, simplify 

otherwise complex forest ecosystems, meet energy, pulp and 

paper demands, restore ecological services and combat 

climate change by sequestering carbon – to the society, 

monitoring and tracking the growth and productivity of forest 

plantations should be given high priority. In this regard, 

remote sensing techniques have been found highly efficient. 

The core objective of this study is to estimate individual tree 

attributes, such as tree height, diameter at breast height (dbh) 

and above ground carbon (AGC) stocks of eucalyptus 

plantations from lidar data using linear mixed effects (LME) 

models; Ordinary Least Square (OLS) regression models are 

also built for comparison purposes. From our results, it can 

be inferred that hierarchy existing within the plantation 

datasets can be well handled by LME models and predictive 

models, for tracking tree level AGC and forest productivity, 

with satisfactory accuracies possible by combining lidar and 

LME modeling techniques. 
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above ground carbon estimation, tree level attributes 

 

1. INTRODUCTION 

 

Forest plantations cover approximately 50 million ha in the 

tropics (1% of total global forest area) and are expected to 

continue expanding at rapid rates in the coming years due to 

their multiple benefits – such as the ability to offset natural 

forest exploitation, simplify otherwise complex forest 

ecosystems, meet energy, pulp and paper, and several wood 

products demand, restore ecological services initially offered 

by natural forests, as well as to offset greenhouse gas 

increases and combat climate change by sequestering carbon 

or by avoiding deforestation [1-6]. In this context, monitoring 

and tracking the growth and productivity of forest plantations 

has become a high priority.  
        In tropical countries like Brazil, Eucalyptus spp. (e.g. 

Eucalyptus urograndis) are the preferred species due to their 

high wood quality and fast growth rate; it accounts for 

approximately 57% (around 3.1 million ha) of the country’s 

total reforested area [2]. Therefore, quantifying and modeling 

forest attributes – especially tree height (Ht), diameter at 

breast height (dbh) and above ground carbon (AGC) content 

- in eucalyptus plantations is crucial for optimizing 

management efficiency in a sustainable manner. In this 

regard, remote sensing applications can be deemed an 

invaluable resource, as they are able to provide comparable 

results to traditional field survey based methods, while being 

more economical, less laborious, repeatable, and highly time 

efficient [5-7]. However, existence of hierarchical structure 

(such as sample plots within forest stands) and crossed 

grouping structures (such as tree increments for different 

calendar years) and associated site and genetic variations [8-

10] need to be considered while modeling eucalyptus 

plantations’ forest attributes. This nesting happens due to 

multiple reasons: sometimes from the copious sample of 

felled trees from multiple plantation sources and at times, 

because of the different management regimes and multiple 

products generated from these plantations [12]. In general, 

linear mixed effects (LME) models [12,13] are found to be 

more flexible, precise, and accurate compared to Ordinary 

Least Square (OLS) regression models while working with 

plantation datasets, as these models account for the “random 

effects” and thereby enable us to generate multiple models 

for different sites and clones [14,15]. 
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        The primary objective of this study is to estimate 

individual tree attributes, such as Ht, dbh and AGC, from 

airborne lidar (Light Detection and Ranging) data using LME 

modeling. We hypothesize that incorporating LME models 

would allow us to better account for the hierarchical structure 

existing within the dataset and as such, provide us with 

estimates of tree level AGC and forest productivity, 

compared to OLS regression models. 

 

2. MATERIAL AND METHODS 

 

2.1. Study Area, Data Collection and Lidar Processing 

 

The study area is located within the Telêmaco Borba 

municipality in the state of Paraná, Brazil. In total, there were 

23 Eucalyptus spp stands, which included 8 different species 

and 5 different variety of clones; the plantations are managed 

by a pulp and paper company named Klabin S.A. As a part of 

field data collection, individual trees were measured for 

diameter dbh at 1.30 m, and a random subsample (15%) of 

trees were measured for Ht; heights of remaining trees were 

predicted using hypsometric equations employing dbh as the 

independent variable, and Ht as the dependent variable [16]. 

For estimating AGC stocks at tree level in the field, allometry 

equations were employed [19].  
        Lidar and high-resolution image data acquisitions were 

done using a Harrier 68i sensor mounted on a CESSNA 206 

aircraft. The main lidar products - digital terrain model 

(DTM), canopy height model (CHM) and the lidar-derived 

canopy structure metrics - were derived from lidar point 

clouds by utilizing the tools available in US Forest Service 

FUSION/LDV 3.42 software [20]. 

 

2.2. Tree Detection and Crown Metrics Computation 

 

For individual tree detection (ITD) and crown metrics, the 

rLiDAR package [21] available in R (R Development Core 

Team 2015) was used. First, smoothening of CHM by a 3 × 

3 mean filter was done to remove spurious local maxima 

caused by tree branches. Second, ITD from the smoothed 

CHM was performed using the local maxima algorithm based 

FindTreeCHM function [21]. Third, detected tree crowns 

were delineated using the Voronoi tessellation algorithm 

based ForestCAS function. Afterwards, all returns of the 

normalized 3D heights within the tree crowns were extracted. 

Finally, crown metrics - maximum height (HMAX, m), 

crown projected area (CPA, m2) and crown volume (CV, m3) 

– were computed for individual trees using the CrownMetrics 

function. For accuracy assessment, comparisons were done 

between the number of trees detected (NTD) per plot from 

lidar and the numbers of trees observed in the field plots; 

exact tree locations and crown boundaries were later verified 

by overlaying it on high-resolution imagery as well. 

 

 

 

         
2.3. Individual Tree Attribute Modeling 

 

For developing and organizing the dataset relevant for the 

study, field and lidar-derived individual tree lists for each plot 

were sorted by crown height for tree matching and combined 

into a single table initially. This was further split into training 

(75%) and testing (25%) datasets for fitting the models and 

for validation purposes. Since data hierarchy was observed in 

the dataset through exploratory data analysis, linear mixed 

effects (LME) modeling was presumed appropriate for this 

study. Using lmer function within the lme4 package [22] in 

[23], 3 LME models were developed; one for each response 

variable: Ht, dbh and AGC. Here, the independent (fixed) 

variables included the lidar metrics (HMAX, CPA and CV) 

and field parameters - Species (SP), Clone (MG) and Age 

(AGE; in years) - were considered as random variables. Two 

sets of OLS regression models were also developed, for 

predicting each response variable, for comparison purposes. 

The first set of models considered HMAX, CPA and CV as 

independent variables and the second set of models were built 

with HMAX, CPA, CV, and AGE as independent variables. 

The Akaike information criterion (AIC) was calculated 

[17,18] to compare and rank the proposed models, and 

accuracy of each model was assessed with respect to the 

coefficient of determination (R2), absolute and relative root 

mean square error (RMSE), and Bias (See [5] for more 

details). 

 

3. RESULTS AND DISCUSSION 

 

On preliminary visual analysis – employing scatter plots – we 

identified strong patterns between HMAX and field 

parameters with respect to the response variables (see figure 

1), which implies possible data clustering within the data; no 

specific patterns were observed in the cases of CPA or CV. 

Therefore, while creating LME models, random effects were 

nested only for HMAX. We observed the LME models 

outperforming alternative OLS models in all the three cases. 

LME models explained 87%, 83% and 77% of the variation 

while predicting AGC, Ht and dbh respectively. In the case 

of the first set of OLS regression models, with HMAX, CV 

and CPA as parameters, satisfactory results were obtained, 

although accompanied by comparatively higher RMSE 

values while predicting Ht and dbh, and very poor results 

(RMSE of  23.95%) in the case of AGC prediction. The 

second set of OLS regression models, which had the field 

parameter age included in the model, showed a slight 

improvement in the results compared to the former model; 

however, the results were not as good as the ones obtained 

using LME models (see table 1), which shows the superiority 

of LME models while working with nested data. 

        After performing cross-validation of modeling data, 

RMSE values revealed that the mixed effects model 

predictions for dbh had the lowest score (9.75%) followed by 

Ht (11.6 %), both with low bias (0.49% and 0.39% 
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respectively). From the R2 values for dbh and Ht - .77 and .83 

– it became clear that the addition of random effects reduced 

the RMSE values and helped in defining the model more 

effectively. This happens as LME models work better in 

complicated forest datasets with groupings (e.g., trees within 

plots, sample plots within stands, etc.) or that have multiple 

nested levels (e.g., repeated observations of trees in 

successive years or in different aerial imageries or even 

within same sample plots) [8-10,24]. In these cases, the OLS 

regression model performances are usually limited, since, 

 
Figure 1. Scatter plots showing the hierarchy within data (HMAX|SP/MG/AGE) 

 Table 1: Model results and performance comparisons 

 

1057



http://sbsr.com.br/en/node/1443?q=/br/node/1443 

they are not able to account for the non-independence in the 

data arising from the inherent hierarchical structure. In the 

case of dbh predictions, R2 values for the second set of OLS 

regression models and LME models were found to be 

identical, which implies that the influence random effects 

have in this case is nominal. RMSE of AGC was above the 

accepted limit of 15% for all the models; this higher RMSE 

might have occurred as a result of errors incurred through the 

indirect calculations, using allometric equations. The 

maximum R2 value was observed for the LME model (.87). 
 

 

5. CONCLUSIONS 

 

Estimation and tracking of forest attributes are pivotal for 

effective decision making and management of eucalyptus 

plantations in Brazil and other tropical countries. The 

findings from our study highlight the efficiency of LME 

models in predicting forest attributes – such as tree height, 

dbh and above ground carbon – in plantations, with the 

support of lidar data. LME models are able to accommodate 

the hierarchical differences within data (which usually 

happens in the case of plantations) as random effects in the 

model; therefore, they are recommended as a better 

alternative to OLS regression models while working with 

predictive models for plantations. 
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