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ABSTRACT 

 

The process tropical aboveground biomass (AGB) plays in the global carbon cycle is 

imperative to preserve in the efforts to combat the effects of climate change through climate 

mitigation strategies. However, there is currently an insufficient understanding of AGB 

distribution and dynamics in tropical forests, and a lack of time and cost-effective means of 

estimating AGB. Species identification, location, diameter-at-breast-height (DBH), and AGB 

were determined at the stem-level in four 0.5 ha plots in a Costa Rican tropical wet forest to 

assess the distributional patterns of AGB, and its partitioning among various forest stand ages. 

Remotely-sensed data of the plots was collected utilizing a PrecisionHawk Rev4 unmanned 

aerial system (UAS) equipped with a dual-return light detection and ranging (LiDAR) sensor to 

calibrate with field data to determine if it could accurately estimate AGB in a densely forested 

environment.  

Species richness varied among forest stand ages, and had a slight negative impact on 

AGB at a fine spatial scale. Tree stems 5 – 24 cm in DBH represent over 80% of all stems 

included in the AGB analyses, yet contribute less than half of the total AGB represented among 

the plots. Vegetation distribution and characteristics of biomass clustering evolved with forest 

stand age. Height metrics were extracted from a LiDAR-derived digital elevation model (DEM) 

and digital surface model (DSM), and predictive calibration models were generated to estimate 

AGB from the remotely-sensed data. However, extracting height metrics from the LiDAR data 

emphasized the challenges associated with accurate spatial modeling of a dense tropical forest
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1. INTRODUCTION 

Tropical aboveground biomass (AGB) plays a critical role in the carbon cycle as an 

efficient carbon reservoir, sequestering approximately 40 to 50% of all vegetative terrestrial 

carbon, more atmospheric carbon than any other terrestrial ecosystem (Feldpaush et al., 2012; 

Kindermann et al., 2008; Lewis et al., 2009). Tropical deforestation and degradation is reported 

to be the second greatest cause of global anthropogenic greenhouse emissions (IPCC 2007; 

Kindermann et al., 2008), and estimated to generate approximately 25% of total human-induced 

carbon emissions (Kindermann et al., 2008). Accumulation of forest biomass has the potential to 

serve as a significant carbon sink, and is now a substantial part of mitigation strategies to combat 

climate change (Dahlin et al., 2012). However, there is large uncertainty as to the role of biomass 

in the carbon cycle because of its distributional variation across landscapes (Houghton, 2009; 

Saatchi et al., 2007), uncertainty concerning deforestation, (Houghton, 2007), and limited 

reliable biomass data (Saatchi et al., 2007; Houghton et al., 2009; Alves et al., 2010). To further 

incorporate AGB in climate change mitigation policy implementation, uncertainty associated 

with carbon storage of tropical biomass must be reduced. Accurate AGB estimates at local and 

regional levels are necessary to elucidate carbon stock dynamics (Broadbent et al., 2008), to 

better determine the role of tropical deforestation in the carbon cycle, and to create more accurate 

scenario models (Urquiza-Haas et al., 2007; Houghton et al., 2009; Loarie et al., 2009; Alves et 

al., 2010). To accurately map carbon stocks, a greater understanding of spatial and compositional 

uncertainty associated with biomass partitioning, as well as better methods of efficient and 



2 

 

accurate biomass estimation, such as utilizing unmanned aerial system (UAS) technologies, must 

be explored. 

Uncertainty in tropical forest AGB measurements arise due to the proliferation of tree 

species and sizes, as well as inter-specific variation in tree form. Species and structural diversity 

have also been linked to AGB and carbon stock (Ali et al., 2016), and has been extensively 

explored since the 1990’s (Dănescu et al., 2016; Zhang et al., 2012). Species and structural 

diversity characteristics and complexity of forest ecosystems depend largely on stand maturity 

and evolve as a forest ages (Lei et al., 2009; Zhang and Chen, 2015; Ali et al., 2016).  Indeed, 

there is substantial support for the long-standing hypothesis that AGB increases with forest stand 

age. However, the relationship between species and structural diversity on AGB in tropical 

forests is insufficiently understood (Van Con et al., 2013), and has been far less studied in 

forested environments (Vance-Chalcraft et al., 2010; Van Con et al., 2013) Previous studies have 

revealed that stand structural diversity has considerable influence on biomass and carbon storage 

in forested environments (e.g. Ali et al., 2016). Despite generally positive species diversity and 

biomass relationships in forests, some studies have presented conflicting results, revealing 

negative or insignificant correlations (Van Con et al., 2013). Thus, there is a need to further 

examine the complex relationships between AGB, structural diversity, and stand complexity in 

tropical forests. Additionally, uncertainty arises from variation in stand disturbance history, 

leading to different stand ages or variation in stand structure and composition, as well as 

different vegetative and AGB distribution patterns. In young tropical forests, previous literature 

has revealed that clustering of vegetation is common among young pioneer species (Seidler and 

Plotkin, 2006). However, there appears to be insufficient research performing geospatial analyses 

to assess clustering patterns of vegetation and AGB distribution in tropical forests among various 
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forest stand ages that may increase the accuracy of AGB inventories. Utilizing stem coordinates 

and a geographic information system (GIS) provides the ability to determine statistically 

significant distribution and clustering patterns, as well as assess their species and structural 

characteristics.  

Efficient methods of biomass quantification that incorporate spatial and temporal 

variation must be developed and employed at global scales for climate mitigation strategies. It is 

also important to develop low-cost, timely, and accurate means of quantifying AGB estimates 

across broad landscapes and at the land-owner level (Zahawi et al., 2015). Conventional field 

measurements are essential for localized AGB estimates (Asner et al., 2012), but lack 

recognition of the variation in biomass and carbon storage across landscapes (Asner et al., 2012; 

Goetz et al., 2009). However, measurements of biomass at the field plot level can be labor 

intensive, costly, and difficult to update on shorter time intervals (Houghton, 2005). The 

potential for biomass estimation that provides more accurate quantification across landscapes lies 

in remote sensing technologies (Houghton and Goetz, 2008; Dubayah et al., 2010). Light 

detection and ranging (LiDAR), a method that utilizes laser pulses capable of penetrating forest 

canopies, can enable measurements of structural forest attributes and can be calibrated with field 

data for biomass estimates at broader spatial scales (Asner et al., 2012; Lefsky et al., 2002). 

Research has revealed that LiDAR is the best choice for accurate and precise estimation of 

biomass (Hansen et al., 2015; Fassnacht et al., 2014; Zolkos et al. 2013). However, the price of 

conventional manned-aircraft methods for LiDAR data acquisition are generally at least $20,000 

USD regardless of study size, and often excludes the cost of data processing (Erdody and 

Moskal, 2010; Zahawi et al., 2015). Recently, UAS platforms have provided a less expensive 

means of spatial data acquisition (Zahawi et al., 2015; Anderson and Gaston, 2013). Accurate, 

http://www.sciencedirect.com/science/article/pii/S0006320715001421#b0090
http://www.sciencedirect.com/science/article/pii/S0006320715001421#b0090
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localized AGB estimates utilizing UAS platforms could provide a cost and time effective means 

of further understanding the role tropical forest biomass plays in the global carbon cycle, and 

prove useful for climate mitigation strategies. 

This study seeks to examine the distributional patterns of AGB with respect to forest 

stand age, and species and structural diversity in regenerating secondary forests in southwestern 

Costa Rica and determine if UAS-based LiDAR is capable of accurately estimating biomass. 

Primary inquiries addressed in this study were: (1) What is the relationship between species-

diversity and AGB? (2) What is the species and structural diversity associated with various 

regenerating successionary forest stages? (3) What are the spatial distributional and clustering 

patterns of vegetation and biomass partitioning in various forest stand ages? (4) Can a UAS-

based LiDAR be used in combination with field measurements to accurately estimate AGB 

across spatial variation and among various forest stand ages? 
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2. MATERIALS AND METHODS 

2.1. Study area 

This study was conducted in the Osa Peninsula, located in the southern-most region of 

the Pacific Coast of Costa Rica (Oviedo and Solís, 2008) (Figure 1). Spatial and field data 

collection took place in close proximity to the Piro Biological Station (8°24’14.6” N, 

83°20’11.6” W), in a tropical wet forest environment (Life Zone map; Sanchez-Azofeifa et al. 

(2002). The Osa Peninsula is dominated by various evergreen tropical forests (Sanchez-Azofeifa 

et al., 2002) and remains the largest lowland contiguous forest on the Pacific Central American 

coast (Gottfried et al., 1994; Ankerson et al., 2006). The Osa Peninsula encompasses remarkable 

levels of endemism and biodiversity, including the highest tree diversity in Central America, and 

has been called one of the world’s most biologically intense locations (Ankerson et al., 2006). 

Additionally, its canopy is higher than most Neotropical rainforests (Taylor et al., 2015).  

Substantial annual precipitation and consistently high temperatures contribute to the 

tropical landscape of the Osa Peninsula. Despite a pronounced drier season from January to 

March, the region receives over 5,000 mm of rainfall annually, with warm temperatures that  

average 26°C (Cleveland et al., 2002). Nearly all the vegetation withstands the brief drier season 

and an evergreen landscape persists year-round (Tosi 1975; Cleveland et al., 2002). Three 

seafloor volcanic events occurring during the Late Cretaceous and Early Tertiary period are 

responsible for the formation of the Osa Peninsula and its diverse geological features (Berrange 

and Thorpe 1988; Cleveland et al., 2002).
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Fig. 1. The Osa Peninsula 

Map portraying the study area where this research was conducted. 

 

Segments of the region that were submerged in the sea more recently have created an 

array of bedrock ages and soil varieties (Berrange and Thorpe, 1988; Cleveland et al., 2002). The 

peninsula is approximately 60 km in length (Sak et al., 2004) and has an elevational range of 200 

to 760 meters (Sanchez-Azofeifa et al., 2002). 

In this study, four 50 m x 100 m (0.5 ha) forested field plots established for previous 

studies (see Morales-Salazar et al., 2012; Morales-Salazar et al., 2013) were utilized. Each field 

plot encompassed fifty 10 m x 10 m contiguous subplots. All plots were located within 3.5 km of 

the Piro Biological Station. Three field plots represented various secondary forest successional 

stages following disturbance, and one plot served as a primary forest control with no recognized 

previous disturbance (Table 1).  
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2.2. Field biomass estimates 

Baseline data was available from two previous studies conducted in 2009 and 2013, and 

consisted of diameter at breast height (DBH; cm), tree height (m) from visual and regional 

allometric estimates, wood density (g/m3), and species identification. A diameter tape was used 

to determine the DBH (cm) at 1.3 m height above ground level (AGL) for all woody stems ≥ 5 

cm DBH. DBH for irregular stems was measured at a height above the stem irregularity, as 

determined by previous researchers. Ground tapes were positioned at the subplot-level for each 

respective subplot origin to determine the Cartesian coordinates of every stem. Height and wood 

density were recorded for each incorporated woody stem because they have been identified as 

important predictive variables that improve AGB estimate models (Chave et al., 2005).  

Field data collection for this study took place from June to August, 2016. DBH and 

relative x-y subplot coordinates were collected. Additional woody stems that were not included 

in the previous data were incorporated if they met the minimum DBH threshold of 5 cm. 

Because of the limited time available for field work, stem height was estimated using a regional 

diameter-to-height model (Navarro et al., 2013). For each tree individual that did not have 

baseline wood density data available, a local expert identified the species. The mean wood 

density (g/m3) was found at the finest taxonomic value utilizing the Global Wood Density 

Table 1. 

General characteristics of the study plots 

Study Plot Forest 

Age 

(years) 

Location 2016 AGB 

(kg) 

Tree density 

(/0.5 ha) 

Total 

species  

Mean 

DBH 

(cm) 

Youngest Secondary 13 - 23 8˚23’48” N, 83˚18’22” W 30,661 404 49 12.2 

Intermediate 23 – 38 8˚24’51” N, 83˚20’57” W 58,083 353 49 15.0 

Mature Secondary ˃ 38 8˚24’01” N, 83˚20’17” W 73,549 468 76 14.2 

Primary Primary 8˚24’40” N, 83˚20’22” W 157,915 394 100 16.4 
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Database (Chave et al., 2009; Zanne et al., 2009). AGB was estimated by applying the 

recommended best predictive model for wet forest stands following Chave et al. (2005): 

 

𝐴𝐺𝐵𝑒𝑠𝑡 = 0.0776 𝑥 (𝜌𝐷2𝐻)0.940 

 

Where; 𝐴𝐺𝐵𝑒𝑠𝑡 is the estimated AGB (kg), 𝜌 is the wood density (g/m3), D is DBH (cm), 

and H is height (m). Plot-level and subplot-level AGB estimates were determined by summing 

the AGB of encompassed stems. 

2.3. Species and structural diversity 

Species richness, commonly utilized in species diversity and productivity analyses 

(Vance-Chalcraft et al., 2010; Martinez-Sanchez and Cabrales, 2012; Van Con et al., 2013), was 

determined at both the plot-level and subplot-level scale to examine the relationship of species 

diversity and plot age on AGB. Rarefied species richness was determined at the plot-level 

utilizing the vegan package (Vegan: Community Ecology Package, Version 2.3-5) in program R 

version 3.3.3 (R Core Team, 2016). Subplot-level richness was determined as the number of 

species present in each subplot and excluded unidentified stems (n = 15).  

Variograms were generated in R utilizing the gstat package (Gräler et al., 2016) to 

visually assess potential spatial autocorrelation of AGB within each plot. The Incremental 

Spatial Autocorrelation and Global Moran’s Spatial Autocorrelation tools were further applied to 

the plots in ArcMap 10.2.2 to determine if significant spatial autocorrelation was present for 

stem AGB at 95% confidence. A linear mixed-effect model was generated in R using the 

lmerTest package (Kuznetsova et al., 2016) to assess AGB as a function of forest stand age, 

species richness, and their interaction at the stem level (n = 1,825) and excluded unidentified 

stems (n = 15). A random effect for each subplot was included in the model to address 
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correlation among trees within each subplot sampled. While a random effect for subplots within 

plots could account for correlation among subplots within the plot, autocorrelation analyses did 

not detect significant spatial autocorrelation within plots, and it was therefore excluded from the 

linear mixed-effect model. A Kenward-Rogers adjustment was used to estimate the degrees of 

freedom in type 3 tests of fixed effects. A natural log transformation was necessary to meet the 

assumptions of normality and homoscedasticity of the model residuals.  Marginal (least square) 

means were generated to further illuminate significant model effects.  

To further examine the relationship of stand structural diversity on AGB partitioning in 

this tropical lowland forest, stems were classified into eight discrete 10-cm classes of DBH. 

Discrete classes increased in DBH value by increments of 10 cm starting with 5 - 14.9 cm (Class 

1), and the final class (Class 8) grouped all stems ≥ 75 cm. Partitioning of AGB by structural 

diversity was investigated by determining the total and proportion of biomass in each DBH class 

for the plots. DBH mean, minimum, and maximum values were determined for each plot (Table 

2). 

2.4. Distribution of biomass 

Spatial analyses assessing the distribution of stems and AGB clustering in the field plots 

were completed using ArcMap 10.2.2 Spatial Statistics toolbox. X-Y Cartesian coordinate data 

were georeferenced and projected in WGS 1984 UTM Zone 17N to create the subsequent woody 

individuals and stem shapefiles. The Average Nearest Neighbor analysis was conducted for each 

plot to examine the distribution of woody vegetation of the successionary forest ages. Multi-

stemmed individuals were considered as one individual tree in the Nearest Neighbor analysis to 

avoid overrepresentation of a single specimen. To assess patterns of biomass distribution, the 

Hot Spot Analysis Tool was applied to each plot. AGB clustering was identified as significant 



10 

 

when the Hot Spot Analysis Getis-Ord Gi* p-value was less than 0.05. All recorded stems were 

included in the Hot Spot Analysis to ensure appropriate biomass values and further examine the 

partitioning of biomass among stems and clusters defined as a set of points within 6 meters of 

neighboring stems. Trends of species diversity and structural attributes were assessed for each 

significant cluster of biomass to further reveal the patterns of biomass partitioning among the 

forest stand ages.  

2.5. Remotely sensed data collection and estimates 

Remotely sensed data were collected in June, 2016. A fixed-wing PrecisionHawk Rev4 

UAS platform was equipped with a Velodyne VLP-16 dual-return LiDAR sensor, a tactical 

grade Novatel IMU and single-frequency GNSS, and employed for spatial data acquisition. The 

platform was flown at 100 meters AGL and 20 meters above the forest canopy. A Trimble 

Geo7x with a Zephyr 2 external antenna served as a base station and acquired data during the 

flights, and the data were post-processed to obtain ≤ 10 cm horizontal and vertical accuracy. 

LiDAR data from both flights for each study plot were merged using LASTools. A digital 

elevation model (DEM) and digital surface model (DSM) were produced from the point clouds 

in ENVI LiDAR at 50 cm spatial resolution. A procedure was developed in ArcGIS to 

interpolate the DEM using an inverse distance weighted algorithm because of low ground point 

density from the dense tropical vegetation. A canopy height map (CHM) for each plot was 

calculated at 50 cm resolution by subtracting the plot DEM from the plot DSM.  

Top-of-canopy height (TCH), mean, and minimum height metrics were extracted from the 

CHMs at 10 m x 10 m subplot resolution (n = 199) and excluded ground returns. Quantile range 

outliers were also excluded from further analyses (n = 1). Extracted height metrics were 

calibrated with field AGB estimates via a simple linear regression (Zahawi et al., 2015) in JMP 
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(JMP®, Version 13.0) in order to parametrize predictive models. Spatial AGB estimates were 

determined using the predictive models and regressed against the field AGB estimates.  

Predictive models were evaluated using the root mean square error (RMSE) and coefficient of 

determination (r2). 
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3. RESULTS 

3.1. Species and structural diversity 

A total of 189 species were identified among the study plots. The primary control and 

mature secondary plots had the highest diversity, exhibiting a rarefied richness of 95 and 68 

species, respectively (Table 2). The second youngest secondary plot had a rarefied richness of 49 

species, and the youngest plot displayed less than half of the diversity of the primary with a 

richness of 47 species. The most abundant tree species differed by plot, and species dominance, 

in terms of the number of individuals of the most abundant species, was higher in the 

intermediate (Guazuma ulmifolia) and youngest secondary plots (Inga thibaudiana). Tree 

individuals of the species Guazuma ulmifolia contributed over half of the total AGB in the 

intermediate plot. Fewer individuals of a single species were present in the primary control 

(Symphonia globulifera) and mature secondary plot (Lonchocarpus macrophyllus), and did not 

contribute as considerably to the total AGB. 

     
Table 2. 

Species and structural composition      
Variable Study plot       

  Youngest 

secondary 

Intermediate Mature 

secondary 

Primary 

Rarefied richness 47 49 68 95 

Most abundant species 

Inga 

thibaudiana 

Guazuma 

ulmifolia 

Lonchocarpus 

macrophyllus 

Symphonia 

globulifera 

Species Density (individuals) 70 116 39 40 

Abundant species proportion of total AGB (kg) 0.16 0.61 0.097 0.071 

Mean DBH (cm) 12.2 15.0 14.2 16.4 

Maximum DBH (cm) 48 61 83 203 

DBH range (cm) 43 56 78 198 
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Variograms of the plots did not display noticeable trends of AGB spatial autocorrelation 

(results not shown). Furthermore, both the Incremental Spatial Autocorrelation and Global 

Moran’s Spatial Autocorrelation analyses indicated insignificant autocorrelation of AGB within 

the study plots (p > 0.05). Results of the linear mixed-effect model indicate that species richness 

significantly influenced AGB (Table 3). However, the effect of richness on AGB did not 

significantly differ by forest stand age, and stand age did not significantly influence AGB. Model 

results suggest that species richness has a slightly negative effect on AGB within each plot, when 

the effect of stand age was included in the model (Figure 2). 

 

Table 3.  

Analysis of variance results from the linear mixed-effect model   

Variable Mean square Degrees of freedom F. value p - value 

Age 4.7 717 2.09 0.100 

Richness 18.7 425 8.22 0.004 

Age*Richness 1.8 525 0.81 0.489 

 

 

 
 
 

Fig. 2. Marginal mean AGB 

Marginal mean values of AGB by forest type as richness increases. 



14 

 

 

The distribution of DBH values varied among the plots (Figure 3). The youngest 

secondary plot had the smallest mean DBH and the primary control had the largest mean DBH at 

over 4 cm greater. Interestingly, the intermediate plot had a higher mean DBH than the mature 

secondary despite its younger stand age. The range and maximum DBH values increased with 

forest age. Stems in DBH classes 1 and 2 (5 – 24 cm) were the most abundant, representing over 

80% of total stems among all forest stand ages. These stems contributed a substantial proportion 

of the total biomass in the intermediate and youngest secondary plots, at 37% and 53% of the 

total AGB, respectively (Table 4). However, they represent a much smaller proportion of 

biomass in the mature secondary and primary plot, at 27% and 11%, respectively. Stems above 

55 cm DBH constitute a small number of the total stems (n = 19), but represent an extraordinary 

proportion of total AGB among the plots (33%). Only six stems that were ≥ 75 cm DBH in the 

primary control plot accounted for nearly half the total AGB encompassed within the plot.  

 

 

Fig. 3. Stem proportions by DBH class 

Stem DBH structural diversity in the forested field plots 
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Table 4.  

Proportion of total AGB in DBH classes  

 

3.2. Vegetation distribution 

Results from the Average Nearest Neighbor Analysis indicated a change in woody 

vegetative spatial distribution trends as the forests matured. The intermediate and youngest 

secondary plots exhibited a significantly clustered tree distribution at (p = 0.013) and (p = 

0.003), respectively, with the youngest plot displaying the strongest clustering trend. The mature 

secondary plot displayed a statistically random (non-clustered and non-dispersed) pattern of tree 

distribution. The primary control was not characterized by clustering of tree individuals, but 

rather displayed a statistically significant pattern of dispersed woody vegetation (p = .0.004)  

3.3. Aboveground biomass clustering 

The Hot Spot Analysis identified 7 significant clusters in the youngest secondary plot, 

encompassing 8 species (Figure 4). Clusters 4, 5, and 6 each consisted of a single stem with a 

DBH greater than the plot mean (12.2 cm). The single-stems in clusters 4 and 6 represent less 

than 0.1% of the plot-total AGB. However, cluster 7 encompassed one of the largest stems 

present within the plot, and accounted for approximately 2.8% of the total AGB. Cluster 1 

consisted of 5 stems and included the largest tree in the youngest secondary plot, accounting for 

over 3.8% of plot biomass. Clusters 2 and 3 each included a stem in DBH class 1, as well as a 

DBH class Study plot       

  Youngest Secondary Intermediate Mature Secondary Primary 

1 0.18 0.12 0.12 0.04 

2 0.35 0.25 0.15 0.07 

3 0.24 0.32 0.19 0.10 

4 0.20 0.24 0.26 0.10 

5 0.03 0.03 0.12 0.12 

6 0.00 0.04 0.07 0.04 

7 0.00 0 0.05 0.04 

8 0.00 0 0.04 0.50 
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larger stem in DBH class 3 or 4. Clusters 2 and 3 represented 3.2% and 2.3% of the biomass, 

respectively. 3 stems comprised cluster 3, which encompassed a large stem of 40.2 cm DBH and 

represented roughly 2% of the AGB.  

The Hot Spot Analysis identified three significant clusters of AGB in the intermediate 

plot. The various clusters were comprised of 35 stems in total, and encompassed 13 species in 

total. All clusters enclosed tree individuals with multiple stems ≥ 5 cm that were included in field 

AGB estimates. This trend is most prevalent in cluster 3, which encompasses a single tree 

individual with 7 stems. The intermediate plot includes the individual with the maximum DBH 

and stem-level AGB within the plot, and cluster 2 is dominated by stems in DBH classes 2, 3, 

and 4. Clusters 1, 2, and 3 represent approximately 6.3%, 5.9%, and 9.7% of the plot-total AGB, 

respectively. 

There were 6 significant clusters identified in the mature secondary plot and included a 

total of 13 species. Clusters 1, 3, 5 each encompassed a single stem that contributed less than 

0.003% of the total AGB, and likely resulted in statistical significance of clustering because of 

their relatively isolated location. 75% of the stems in cluster 2 are in DBH class 4 and the cluster 

represents approximately 4.4% of the plot AGB. Cluster 4 consists of numerous stems, many 

belonging to a single individual and two trees in DBH class 4 and represents the highest 

proportion of the plot biomass exceeding 6.4%. Cluster 6 is comprised of three stems 

representing 5.4% of the total AGB. Two trees with 39 and 83 cm DBH values greatly contribute 

to the significance of this cluster.  
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Fig. 4. Vegetation and biomass distribution 

Maps of the study plots depicting the significant clusters of AGB and a heat density map 

displaying increasing quantities of AGB. Red represents significant clusters and increasing AGB 

quantities. 

 

The Hot Spot Analysis identified a single cluster of AGB in the primary control plot. This 

cluster encompasses the stem with the maximum DBH in the plot, and remaining stems included 

have much lower DBH values and were likely included because of their proximity to the large 

individual. The cluster exhibits high diversity and encompasses 20 various species. No tree 

individuals have multiple identified stems.  Approximately 27% of the total AGB of the primary 

plot is comprised by stems included within this cluster, and the large stem comprises 25% of this 

alone.    
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3.4. Spatially derived biomass estimates 

The point clouds (Figure 5) derived from the LiDAR data resulted in sparse ground 

returns that were difficult to identify. Height extracted from the CHMs generated from the 

Velodyne VLP-15 dual-return LiDAR-generated DEM and DSM resulted in TCH data 

exceeding 97 m in the primary forest plot. These TCH values greatly surpass the maximum 

anticipated height of approximately 60 m in the primary forest and suggest that the generated 

CHM resulted in inaccurate TCH metrics. The inaccuracy of the CHMs can likely be attributed 

to the generation of the DEM by means of interpolation utilizing the inverse distance weighted 

algorithm with such sparse ground points and the inability to identify true ground returns. For the 

purposes of this study, the process of calibrating the CHM extracted height metric data to the 

field estimated AGB was still completed to test the methodological approach. Results of the field 

and spatial calibration regressions did not reveal strong correlations between the predictive 

models and the field AGB estimates. AGB predictive models still resulted in RMSE values over 

550 m, and r2 values ≤ 0.14. However, the inaccuracy of the height metrics obtained from the 

CHMs to create the predictive models may have greatly contributed to the weak correlations and 

the calibration approach should be reassessed when height metrics can be extracted from a more 

accurate DEM.  
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Fig. 5. LiDAR derived point cloud 

Merged flight point cloud derived from the LiDAR data of the intermediate plot.  

This point cloud was utilized to generate the DEM and DSM for the intermediate plot. 
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4. DISCUSSION 

It is critical to further understand AGB dynamics in tropical forests and to develop 

efficient methods of AGB estimation for climate mitigation strategies. Assessing the complex 

patterns of AGB distribution regarding species and structural characteristics may result in more 

accurate inventory estimates and improve spatial estimations of AGB in the future. Remote 

sensing technologies have emerged that are capable of estimating AGB in a timely manner, but 

little has been done to investigate the capabilities of time and cost-efficient UAS technologies to 

accurately quantify biomass. The results of this study sought to analyze AGB distribution in a 

dense tropical rainforest and to determine the capabilities of cost-efficient UAS technologies to 

estimate AGB.  

4.1. Species and structural characteristics and biomass 

The highest species richness was present in the primary control plot, and the youngest 

successionary forest plot had the lowest rarefied diversity. Total AGB and plot-level rarefied 

species richness of the field plots increased with maturing stand age. Results of the linear mixed-

effects model indicate that species richness slightly decreased AGB at a finer spatial scale, but 

this effect was significant given forest stand age was in the model. Moreover, marginal means 

show this effect was weak, and only present for intermediate and mature secondary forests. 

These results provide additional contradictory findings of the relationship between species 

richness and biomass, and further research should assess this relationship with greater sample 

sizes and at larger spatial scales. Over 80% of all stems in each of the plots were 5 -24 cm DBH, 
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yet contributed less than half of the total plot AGB with the exception of the youngest secondary 

plot. Most AGB was represented among far fewer stems in higher DBH classes, highlighting the 

importance of preserving old-growth stems to maintain carbon stocks. The mean DBH in the 

mature secondary plot was lower than the intermediate plot. This deviation from the expectation 

that the mature secondary plot would have a higher mean DBH indicates distinct environmental 

factors influencing tree growth and composition between the two plots. Variables that could be 

responsible for this anomaly and should be considered in future ecological studies assessing the 

plots include microclimate, edaphic characteristics, light availability, and topographic features. 

Specifically, further efforts could focus on the impact of a steep east-facing slope on the 

vegetation in the mature secondary plot, where mass failure appears to have eliminated 

vegetation and may hinder further growth.  

4.2. Forest vegetation and biomass distribution 

The distribution of vegetation evolved as forest stand age matured. The youngest 

secondary and intermediate forest plots had significantly clustered trees and the mature 

secondary plot had a random distribution. Trends of AGB clustering in the youngest secondary 

plot were attributed to the presence of a few, large single-stem trees that were likely spared in the 

previous land disturbance. These results indicate that much AGB can still be preserved during 

land-use-land-change if practices focus efforts on preserving large stems. The presence of large 

trees and individuals with numerous stems contributed to patterns of clustering in the 

intermediate and mature secondary plots. Clustering in the primary control plot encompassed a 

stem with 203 cm DBH and surrounding trees that represented 27% of the plot total AGB. The 

presence of statistically significant clusters among the plots suggests the importance of utilizing 

larger scales for remotely sensed and ecological analyses, to ensure AGB hotspots are 
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incorporated into analyses that may be overlooked at finer scales. Amazingly, the primary plot 

had over five times the total AGB of the youngest secondary plot, and represented more than 

double the total AGB of the mature secondary plot. These findings further emphasize the 

importance of conservational efforts prioritizing preserving old-growth forests because of their 

substantial AGB and efficiency as carbon stocks relative to recovering secondary forests.   

4.3. Spatial data calibration 

Although this study successfully displayed the ability of a UAS equipped with a LiDAR 

sensor to be operated in a tropical rainforest environment, the dense canopy concealed the forest 

floor and resulted in sparse LiDAR ground returns that were difficult to distinguish from canopy 

returns in the understory. This issue presented more difficulties in plots with high topographic 

variation than plots that were relatively flat. Interpolation methods utilized to generate a LiDAR-

derived DEM from such limited ground returns to create CHMs did not result in the extraction of 

accurate height metrics because of the sparse returns and inability to distinguish true ground 

returns. The predictive models generated from the height metrics, although still calibrated with 

the field data for the purposes of this study, revealed that this method of spatially-derived height 

metrics were inappropriate for estimating AGB, yielding high RMSE and low r2 values 

associated with predictive models. Despite an accurate DSM, alternative methods of creating a 

DEM with such sparse ground points must be developed to obtain reliable height metrics to 

again evaluate the potential of spatial data to estimate AGB using this platform and LiDAR 

sensor. Further research will assess the potential of developing a DEM utilizing high-resolution 

satellite imagery in conjunction with the LiDAR point cloud and derived DSM should be further 

explored to determine if greater CHM accuracy can be achieved and AGB estimated from 

remotely-sensed data. It is anticipated that UAS platforms will continue to become more cost and 
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payload efficient, and that LiDAR sensors for UAS platforms will eventually have greater 

returns. This study focused on testing emerging UAS and LiDAR platforms, and future studies 

should be conducted to continue assess the capabilities of additional emerging platforms and 

sensors to estimate AGB as they are developed. 

4.4. Research limitations 

This study did not consider variability of the environmental factors among the study plots 

that influence tree growth and species composition and further research efforts could pursue 

characterizing these factors, as well as the land-use-history of these plots. Field-estimates of 

AGB were calculated utilizing the recommended Chave (2005) allometric model, which 

incorporates tree height as a variable. Inherent uncertainty lies in AGB estimates utilizing 

allometric equations, and incorporating tree height derived from diameter-height models rather 

than directly observed increases the uncertainty of these estimates. Another limitation of this 

study is the small sample size, including just four study plots. Including more field plots, 

replicating forest successionary ages, however were beyond the scope of this project because of 

time and financial restraints. Including a larger sample size in future efforts, with the aim of 

providing statistical replication, would increase the power, confidence, and reliability of results.  
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5. CONCLUSION 

A greater understanding of AGB dynamics in tropical forest ecosystems and the 

capabilities of cost and time-effective remote sensing technologies to estimate AGB will assist in 

more accurate, localized, and numerous biomass inventories in the future. AGB inventory data 

will be necessary for the implementation of climate change mitigation strategies aiming to 

reduce greenhouse gas emissions through reductions in tropical forest deforestation and 

degradation.  

In this study of a Costa Rican tropical wet forest, species richness played a significant 

role in influencing AGB. Over 80% of the stems present among the study sites were 5 – 24 cm in 

DBH, but only represented over 40% the total AGB in the youngest secondary forest. Rather, 

more mature plots encompassing larger stems of lower abundance had greater values of total 

AGB and should be prioritized for carbon mitigation approaches focusing on preserving tropical 

forests.  

This study examined the capabilities of calibrating LiDAR spatial data acquired with a 

UAS and dual-return LiDAR sensor with field-estimated AGB, but determined that the dense 

tropical canopy prevented enough ground returns to interpolate a DEM accurately and estimate 

AGB utilizing this approach. Ongoing efforts will continue to strive to develop methods to create 

a DEM that will reduce the error in the CHMs for more accurate height metrics and remotely-

sensed AGB estimates. The time and cost efficiencies associated with the ability to accurately 

estimate AGB utilizing UAS technologies will enable AGB inventories to be conducted more 
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frequently and at larger spatial scales.  
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