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Abstract 

The availability of accurate and updated forest data is essential for improving sustainable forest 

management, promoting forest conservation policies and reducing carbon emissions from 

deforestation and forest degradation (REDD). In this sense, LiDAR technology proves to be a 

clear-cut tool for characterizing forest structure in large areas and assessing main forest-stand 

variables. Forest variables such as biomass, stem volume, basal area, mean diameter, mean 

height, dominant height, and stem number can be thus predicted with better or comparable 

quality than with costly traditional field inventories. 

In this thesis, it is analysed the potential of LiDAR technology for the estimation of plot-level 

forest variables under a range of conditions (conifer & broadleaf temperate forests and tropical 

forests) and different LiDAR capture characteristics (nationwide LiDAR information vs. specific 

forest LiDAR data). This study evaluates the application of LiDAR-based plot-level methods in 

large areas. These methods are based on statistical relationships between predictor variables 

(derived from airborne data) and field-measured variables to generate wall to wall forest 

inventories. 

The fast development of this technology in recent years has led to an increasing availability of 

national LiDAR datasets, usually developed for multiple purposes throughout an expanding 

number of countries and regions. The evaluation of the validity of nationwide LiDAR databases 

(not designed specifically for forest purposes) is needed and presents a great opportunity for 

substantially reducing the costs of forest inventories. 

In chapter 2, the suitability of Spanish nationwide LiDAR flight (PNOA) to estimate forest 

variables is analyzed and compared to a specifically forest designed LiDAR flight. This study 

case shows that scan angle, terrain slope and aspect significantly affect the assessment of 

most of the LiDAR-derived forest variables and biomass estimation. Especially, the estimation of 

canopy cover is more affected than height percentiles. Considering the entire study area, 

biomass estimations from both databases do not show significant differences. Simulations show 

that differences in biomass could be larger (more than 4%) only in particular situations, such as 
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steep areas when the slopes are non-oriented towards the scan lines and the scan angles are 

larger than 15º. 

In chapter 3, a multi-source approach is developed, integrating available databases such as 

nationwide LiDAR flights, Landsat imagery and permanent field plots from SNFI, with good 

resultos in the generation of wall to wall forest inventories. Volume and basal area errors are 

similar to those obtained by other authors (using specific LiDAR flights and field plots) for the 

same species. Errors in the estimation of stem number are larger than literature values as a 

consequence of the great influence that variable-radius plots, as used in SNFI, have on this 

variable. 

In chapters 4 and 5 wall to wall plot-level methodologies to estimate aboveground biomass and 

carbon density in tropical forest are evaluated. The study area is located in the Poas Volcano 

National Park (Costa Rica) and two different situations are analyzed: i) available complete 

LiDAR coverage (chapter 4) and ii) a complete LiDAR coverage is not available and wall to wall 

estimation is carried out combining LiDAR, Landsat and ancillary data (chapter 5). 

In chapter 4, a general aboveground biomass plot-level LiDAR model for tropical forest (Asner & 

Mascaro, 2014) is validated and a specific model for the study area is fitted. Both LiDAR plot-

level models are based on the top-of-canopy height (TCH) variable that is derived from the 

LiDAR digital canopy model. Results show that the pantropical plot-level LiDAR methodology is 

a reliable alternative to the development of specific models for tropical forests and thus, 

aboveground biomass in a new study area could be estimated by only measuring basal area 

(BA). Applying this methodology, the definition of precise BA field measurement procedures 

(e.g. location, size and shape of the field plots) is decisive to achieve reliable results in future 

studies. The relation between BA and TCH (Stocking Coefficient) obtained in our study area in 

Costa Rica varied locally. Therefore, more field work is needed for assessing Stocking 

Coefficient variations between different life zones and the influence of the stratification of the 

study areas in tropical forests on the reduction of uncertainty. 

In chapter 5,  the combination of systematic LiDAR information sampling and full coverage 

Landsat imagery (and ancillary data) prove to be an effective alternative for forest inventories in 

tropical areas. This methodology allows estimating wall to wall vegetation height, biomass and 
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carbon density in large areas where full LiDAR coverage and traditional field work are 

technically and/or economically unfeasible. Carbon density prediction using Landsat imaginery 

shows a slight decrease in the determination coefficient and an increase in RMSE when harshly 

decreasing LiDAR coverage area. Results indicate that feasible estimates of vegetation height, 

biomass and carbon density can be accomplished using low LiDAR coverage areas (between 

5% and 20% of the total area) in tropical locations. 
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Resumen 

Disponer de información precisa y actualizada de inventario forestal es una pieza clave para 

mejorar la gestión forestal sostenible y para proponer y evaluar políticas de conservación de 

bosques que permitan la reducción de emisiones de carbono debidas a la deforestación y 

degradación forestal (REDD). 

En este sentido, la tecnología LiDAR ha demostrado ser una herramienta perfecta para 

caracterizar y estimar de forma continua y en áreas extensas la estructura del bosque y las 

principales variables de inventario forestal. Variables como la biomasa, el número de pies, el 

volumen de madera, la altura dominante, el diámetro o la altura media son estimadas con una 

calidad comparable a los inventarios tradicionales de campo. La presente tesis se centra en 

analizar la aplicación de los denominados métodos de masa de inventario forestal con datos 

LIDAR bajo diferentes condiciones y características de masa forestal (bosque templados puros 

y mixtos) y utilizando diferentes bases de datos LiDAR (información proveniente de vuelo 

nacionales e información capturada de forma específica). Como consecuencia de lo anterior, se 

profundiza en la generación de inventarios forestales continuos con LiDAR en grandes áreas. 

Los métodos de masa se basan en la búsqueda de relaciones estadísticas entre variables 

predictoras derivadas de la nube de puntos LiDAR y las variables de inventario forestal 

medidas en campo con el objeto de generar una cartografía continua de inventario forestal. 

El rápido desarrollo de esta tecnología en los últimos años ha llevado a muchos países a 

implantar programas nacionales de captura de información LiDAR aerotransportada. Estos 

vuelos nacionales no están pensados ni diseñados para fines forestales por lo que es 

necesaria la evaluación de la validez de esta información LiDAR para la descripción de la 

estructura del bosque y la medición de variables forestales. Esta información podría suponer 

una drástica reducción de costes en la generación de información continua de alta resolución 

de inventario forestal. 

En el capítulo 2 se evalúa la estimación de variables forestales a partir de la información LiDAR 

capturada en el marco del Plan Nacional de Ortofotografía Aérea (PNOA-LiDAR) en España. 

Para ello se compara un vuelo específico diseñado para inventario forestal con la información 
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de la misma zona capturada dentro del PNOA-LiDAR. El caso de estudio muestra cómo el 

ángulo de escaneo, la pendiente y orientación del terreno afectan de forma estadísticamente 

significativa, aunque con pequeñas diferencias, a la estimación de biomasa y variables de 

estructura forestal derivadas del LiDAR. La cobertura de copas resultó más afectada por estos 

factores que los percentiles de alturas. Considerando toda la zona de estudio, la estimación de 

la biomasa con ambas bases de datos no presentó diferencias estadísticamente significativas. 

Las simulaciones realizadas muestran que las diferencias medias en la estimación de biomasa 

entre un vuelo específico y el vuelo nacional podrán superar el 4% en áreas abruptas, con 

ángulos de escaneo altos y cuando la pendiente de la ladera no esté orientada hacia la línea de 

escaneo. 

En el capítulo 3 se desarrolla un estudio en masas mixtas y puras de pino silvestre y haya, con 

un enfoque multi-fuente empleando toda la información disponible (vuelos LiDAR nacionales de 

baja densidad de puntos, imágenes satelitales Landsat y parcelas permanentes del inventario 

forestal nacional español). Se concluye que este enfoque multi-fuente es adecuado para 

realizar inventarios forestales continuos de alta resolución en grandes superficies. Los errores 

obtenidos en la  fase de ajuste y de validación de los modelos de área basimétrica y volumen 

son similares a los registrados por otros autores (usando un vuelo específico y parcelas de 

campo específicas). Se observan errores mayores en la variable número de pies que los 

encontrados en la literatura, que pueden ser explicados por la influencia de la metodología de 

parcelas de radio variable en esta variable. 

En los capítulos 4 y 5 se evalúan los métodos de masa para estimar biomasa y densidad de 

carbono en bosques tropicales. Para ello se trabaja con datos del Parque Nacional Volcán 

Poás (Costa Rica) en dos situaciones diferentes: i) se dispone de una cobertura completa 

LiDAR del área de estudio (capitulo 4) y ii) la cobertura LiDAR completa no es técnica o 

económicamente posible y se combina una cobertura incompleta de LiDAR con imágenes 

Landsat e  información auxiliar para la estimación de biomasa y carbono (capitulo 5). 

En el capítulo 4 se valida un modelo LiDAR general de estimación de biomasa aérea en 

bosques tropicales y se compara con los resultados obtenidos con un modelo ajustado de 

forma específica para el área de estudio. Ambos modelos están basados en la variable altura 
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media de copas (TCH por sus siglas en inglés) derivada del modelo digital LiDAR de altura de 

la vegetación. Los resultados en el área de estudio muestran que el modelo general es una 

alternativa fiable al ajuste de modelos específicos y que la biomasa aérea puede ser estimada 

en una nueva zona midiendo en campo únicamente la variable área basimétrica (BA). Para 

mejorar la aplicación de esta metodología es necesario definir en futuros trabajos 

procedimientos adecuados de medición de la variable área basimétrica en campo (localización, 

tamaño y forma de las parcelas de campo). La relación entre la altura media de copas del 

LiDAR y el área basimétrica (Coeficiente de Stock) obtenida en el área de estudio varía 

localmente. Por tanto es necesario contar con más información de campo para caracterizar la 

variabilidad del Coeficiente de Stock entre zonas de vida y si estrategias como la estratificación 

pueden reducir los errores en la estimación de biomasa y carbono en bosques tropicales. 

En el capítulo 5 se concluye que la combinación de una muestra sistemática de información 

LiDAR con una cobertura completa de imagen satelital de moderada resolución (e información 

auxiliar) es una alternativa efectiva para la realización de inventarios continuos en bosques 

tropicales. Esta metodología permite estimar altura de la vegetación, biomasa y carbono en 

grandes zonas donde la captura de una cobertura completa de LiDAR y la realización de un 

gran volumen de trabajo de campo es económica o/y técnicamente inviable. Las alternativas 

examinadas para la predicción de biomasa a partir de imágenes Landsat muestran una ligera 

disminución del coeficiente de determinación y un pequeño aumento del RMSE cuando la 

cobertura de LiDAR es reducida de forma considerable. Los resultados indican que la altura de 

la vegetación, la biomasa y la densidad de carbono pueden ser estimadas en bosques 

tropicales de forma adecuada usando coberturas de LIDAR bajas (entre el 5% y el 20% del 

área de estudio).  



11 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER 1 
 
 
 
 

Introduction 
 
 

  



12 
 

  



13 
 

Chapter 1. Introduction 

1.1. Forest structure and airborne LiDAR 

Light Detection and Ranging (LiDAR) is an active remote sensing technology based on a laser 

sensor. The equipment in airborne LiDAR technology is installed on a plane from where LiDAR 

sensors measure the round-trip time of a laser energy pulse to travel between the sensor and 

the target. This incident energy pulse interacts with canopy and ground surfaces and is reflected 

back to the sensor. The pulse travel time is measured and every response time is assigned to a 

LiDAR height (Dubayah & Drake, 2000, Drake et al., 2002). The application of this technology to 

forest inventories allows higher densities of homogeneous and objective measures than any 

other method. Therefore, airborne- LiDAR technology is a powerful tool to obtain estimates of all 

the spatial variability in forest structure. 

For the last 2 decades, many scientific studies have proved the airborne LiDAR technology 

ability to characterize forest structure in large areas (Andersen et al., 2005, Hall et al., 2005) 

and to assess main forest-stand variables with high-resolution (Naesset, 1997, Næsset, 2002, 

Lefsky et al., 1999) 

The multiple return ability of airborne LiDAR sensor generates a large volume of three 

dimensional data of the vegetation, including the forest surface, canopies and understory 

vegetation. LiDAR data characterize tree and shrub cover, canopy structure and vertical and 

horizontal distribution of the different forest components. First returns of a LIDAR pulse locate 

and describe top of the canopy while latter returns describe ground and objects close to the 

ground. Both vegetation and ground returns allow estimating vegetation height. Intermediate 

returns describe the vertical structure of the forest and characterize shape and position of the 

different forest components (Andersen et al., 2006). 

1.2. Plot-level approach for LiDAR forest inventory 

LiDAR forest inventory methods are commonly divided into two groups: plot-level and individual 

tree methods. This thesis is focused exclusively on plot-level techniques. LiDAR-based plot-

level forest inventories are based on statistical relationships between predictor variables derived 
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from airborne data and response variables measured in ground plots. The plot-level technique 

aim is to generate wall-to wall estimates to map inventory variables (Næsset, 2002). The main 

advantage compared to traditional methods is that this approach generates a complete spatial 

distribution of forest structure as well as full spatial description of the predicted forest variables. 

Plot-level approach allows assessing forest resources with low stand-level errors due to the 

availability of spatially continuous information. 

Plot-level approach has two main stages (Figure 1.1.); in the first one, target variables are 

measured on field plots, the predictor metrics are extracted from LiDAR point cloud in each plot 

and predictive models are fitted. In the second stage, the predictive models fitted in the previous 

stage are applied to generate wall to wall maps in the entire study area for each target variable. 

Forest variables such as biomass, stem volume, basal area, mean diameter, mean height, 

dominant height, and stem number are predicted with better or comparable quality to traditional 

field inventories (e.g. Næsset, 2004a) 

 Figure 1.1. Schematic of plot-level approach for LiDAR forest inventory 
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1.3. LiDAR forest inventory in large areas 

Despite the enormous benefits of LiDAR inventories, there are two major handicaps when 

working on large areas: i) capture of LiDAR information for forestry purposes in large areas can 

be economically unfeasible in many cases and ii) measurement of field plots covering all forest 

variability in large areas is costly in terms of both time and money. 

LiDAR information has multiple applications and hence, an increasingly number of countries 

have national programs to capture LiDAR data, e.g. Denmark (Danish Geodata Agency, 2015), 

Finland (National Land Survey of Finland, 2015), Poland (Central Office of National 

Measurement, 2015), Switzerland (Federal Office of Topography, 2015), England (Environment 

Agency, 2015), Sweden (Lantmäteriet, 2015) or USA (United States Interagency Elevation 

Inventory, 2015). In Spain, the National Geographic Institute (IGN) is finalizing a nationwide 

LiDAR coverage within the Spanish National Plan of Aerial Orthophotography (PNOA-LiDAR). 

LiDAR information captured within this program has a mean density of 0.5 points per m2 and 

vertical RMSE ≤ 0.20 m. Forestry sectors in these countries face the great opportunity of 

exploiting this huge volume of LiDAR information. 

LiDAR plot-level inventories do not require high point densities (González-Ferreiro et al., 2012, 

Treitz et al., 2012, Jakubowski et al., 2013). Hence, the usage of low density LiDAR data 

captured for diverse purposes is a great opportunity to substantially reduce the costs of the 

forest inventories. However, there are other factors related to flight design or sensor 

configuration, such as scan angle (Holmgren et al., 2003, Montaghi, 2013), altitude of the 

platform (Goodwin et al., 2006), footprint size (Hirata, 2004), period of acquisition (Næsset, 

2005), that can affect the main forest variables estimation. Design of LiDAR information capture 

in large areas does not take into account the topography of the study area and therefore, flight 

height with respect to the terrain varies from one part of the study area to other parts, resulting 

in non-optimal capture conditions. 

In addition to LiDAR data, the generation of field plot databases for models calibration 

represents the other main cost of forest inventories using LiDAR technology. Most of these 

abovementioned countries that have national programs to capture LiDAR data also develop 

National Forest Inventories in which a large volume of field information is captured. Combination 
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of field plots from National Forest Inventories and LiDAR information captured in national 

programs offers an opportunity to drastically reduce the costs of high resolution forest 

inventories. This mapping would allow the generation of valid products both for planning and 

stand-level forest management. 

The repercussion of the integration of national LiDAR information and national forest inventories 

would be twofold, first improving the available information for forest management and second 

drastically decreasing stand-level inventory expenses. These cost savings in generating forest 

inventories could enforce real forest management. 

LiDAR inventories in temperate forests require spatial explicit information about species 

distribution and stand composition (Nord-Larsen & Schumacher, 2012). Free distributed 

worldwide Landsat imagery has been proved to be a suitable tool for vegetation mapping in 

large areas (Dorren et al., 2003) by automatic image classification instead of manual scanning 

and photo-interpretation of high resolution images. Hence, a combination of low point density 

nationwide LiDAR data and Landsat image classification (multi-source approach) is a time 

saving procedure that provides a good solution for LiDAR forest inventories in areas with 

different species composition or mixed stands.  

1.4. Modelling 

General linear models have been commonly utilized in forest variables estimation using LiDAR 

information. However, certain considerations need to be done working with general lineal 

models. First, the relationship between predictor and response variables is not always linear; in 

this case, transformation of LiDAR metrics (predictor variables) and/or ground plot measures 

(target variables) can be needed (Hudak et al., 2006, Næsset, 2002, Holmgren, 2004, Li et al. 

2008, Lefsky et al. 2002, Lim et al. 2003; Hawbaker et al. 2009). Second, variables which do not 

fit within the normal probability distribution are a very common problem when performing 

rigorous statistical analyses. On the contrary, Generalized Linear Models (GLM) are able to 

work with variables which do not fit within the normal probability distributions (e.g. Gamma, 

Poisson and binomial probability distributions) and even adjust models with non-lineal 
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relationships between the variables, as some variable transformations can be done with 

different link functions (Nelder & Baker, 1972).  

Non parametric models represent an alternative. These models are not based on the 

assumptions of a particular probability distribution or on the independency and constant 

variance of the errors. The analysis is only performed based on the observed data and 

therefore, we do not need to make any assumption. Machine learning models are non-

parametric models capable to model relatively easy complex non-lineal relationships between 

the variables and process large dataset efficiently, which has been stated as a big advantage in 

remote sensing analysis for large study areas even though some of these methods have shown 

some over fitting problems. Some of these machines learning technics are artificial neural 

networks, Random Forest, k-NN, support vector machines and decision trees, among others 

(Gleason & Im, 2012). 

Random Forest (RF) is a machine learning technic based on the ensemble of many decision 

trees and developed by Breiman 2001, which has become one of the most common technique 

in remote sensing analysis (e.g. Gleason & Im, 2012, Hudak et al., 2012, Chen et al. 2014, 

Fayad et al. 2014, Ahmed et al. 2015). For each individual decision tree, data is randomly 

segregated in two data sets for training and validation. The procedure used in the random 

generation of decision allows low correlation between the individual decision trees, ensuring 

robustness in the RF results. Several advantages have been observed comparing RF with other 

machine learning alternatives, such as the capacity for working with numerous predictor 

variables, the lack of overfitting problems and robustness with respect to noise in the data. 

1.5. LiDAR and tropical forest 

Tropical forests play a key role in global carbon cycle. Reducing Emissions from Deforestation 

and Forest Degradation program (REDD) requires reliable mechanisms for Monitoring, 

Reporting and Verification.  LIDAR-based plot-level approach and its application in large areas 

becomes an opportunity to enhance wall to wall quantification of carbon emissions caused by 

land use and land use change within REDD+ context, and thus, to improve environmental 

policies, conservation and management of worldwide forest ecosystems. In this regard, new 
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methods must be developed using updated technologies to assess carbon stocks. As in the 

case of temperate forest, the combination of LiDAR technology and in situ forest networks 

allows estimating biomass with high resolution in low data environments, such as tropical 

countries. 

Wall to wall high resolution estimations of biomass and carbon stocks in tropical areas are 

crucial to quantify emissions from forest loss, gain and growth but also to identify, describe and 

quantify emissions from forest degradation. Quantifying emissions from forest degradation in 

tropical forests is a major concern as forest degradation might represent a significant 

percentage of nationwide emissions of greenhouse gases (Murdiyarso et al., 2008). Some 

authors pointed out those emissions from forest degradation can be of the same magnitude as 

those caused by deforestation (Sasaki & Putz, 2009). Wall to wall mapping can lead to a better 

understanding of land use dynamics and an easier identification of drivers of forest degradation 

and deforestation. Therefore, the incorporation of these methods could lead to a substantial 

improvement in forest management, supporting the formulation of environmental policies, 

planning tools and actions to improve the status and conservation of forests. 

Asner & Mascaro (2014) developed a general aboveground biomass plot-level LiDAR model 

using a LiDAR plot network of tropical forest sites in Colombia, Hawaii, Madagascar, Peru, and 

Panama to evaluate carbon density across a wide range of tropical vegetation conditions. This 

approach is based on the top-of-canopy height (TCH) variable that is derived from the LiDAR 

digital canopy model. This pantropical general methodology can largely reduce field work for 

LiDAR inventories in tropical areas because aboveground biomass could be estimated by only 

measuring basal area in field plots to obtain local basal area-TCH regression. 

Having continuous LiDAR information throughout the study area is economically or logistically 

impossible in many tropical environments. In addition, traditional ground-based forest inventory 

plots may be infeasible or enormously expensive due to the large size and harsh conditions in 

these locations. Hence, the integration of full-coverage moderate resolution satellite data with 

LiDAR incompleted sampling may be a reliable solution that combines spatially explicit 

estimation of forest resources, reasonable accuracy and low costs. 
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1.6. Specific questions addressed in this thesis 

This thesis analyses the integration of LiDAR data, satellite imagery and field information into 

wall to wall high resolution forest inventories in large areas, and specifically: 

1. Can flights details affect LiDAR measurements for forest resources assessment over 

large areas? 

2. Can nationwide LiDAR programs be used in operational forest inventories instead of 

specifically designed flights? 

3. Can available field data plots be used in operational forest inventories? 

4. How are different species handled in forest inventories? How can wall to wall 

stratification be generated in operational LiDAR plot-level inventories?  

5. Can the forest inventories based on LiDAR and scarce field data be used to estimate 

aboveground carbon density within the REDD+ context? 

6. Can the combination of incomplete LIDAR sampling and Landsat imagery be a reliable 

solution to wall to wall carbon and biomass estimation? 

1.7. Other forest applications of LiDAR data 

Tools based on LiDAR information have other relevant applications in the forestry sector 

besides the generation of continuous forest inventories. LiDAR technology can play an 

important role helping to fight against wildfires by modelling and mapping forest fuels. Plot-level 

methods allows quantifying variables affecting wildfire behaviour such as shrub cover and 

height, canopy bulk density and others forest canopy fuel parameters (Andersen et al., 2005, 

González-Olabarria et al., 2012, Riaño et al., 2007). High-resolution fuel maps generated from 

LiDAR could be used as inputs for fire simulation models, which can simulate the potential fire 

behaviour across a large area. Combination of LiDAR fuel maps and simulation models improve 

considerably fuel management operations (Riaño et al., 2004, Skowronski et al., 2007, Mutlu et 

al., 2008). 
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Continuous information of forest structure is also an important input to improve the 

characterization of the quality and distribution of the habitat of some protected species. 

Previous works have showed an increase in habitat models performance due to the usage of 

LiDAR data, achieving finer spatial resolution of environmental data (Tattoni et al., 2012, 

Zellweger et al., 2014). LiDAR description of structural properties of the forest ecosystem has 

been used to describe relationships between bears distribution and forest characteristics 

(Mateo-Sánchez et al., in process). 

Annexes include some works that have been done along with the present thesis. Annex I is a 

study case of mapping fire risk based on airborne LiDAR measurements in the Model Forest of 

Urbión (Spain). This study presents a methodology that combines the acquisition of LiDAR data 

and fire behaviour simulators to provide geo-referenced and spatially continuous information of 

forest resources and potential fire behaviour. 

Annex II is a LiDAR processing work of PNOA-LiDAR information on large areas. In this case, 

the entire forest area of the Community of Madrid (4427 km2) was processes, to generate 

continuous information of forest structure. This work includes the use of this wall to wall forest 

structure information to update the current vegetation map of this region. 

Annex III examines the influence of field inventory in the sampling error obtained using LiDAR 

technology. It is commonly assumed that LiDAR forest inventories do not have sampling errors 

and thus, the error in the estimation of forest variables is only due to the goodness of fit of the 

regression model used predicting such forest variables. LiDAR inventory can be considered as 

a two-phase or double sampling and hence, it is possible to calculate the error of LiDAR 

inventories by using double sampling technique. This paper discusses how variation in size, 

number and selection of field plots affect the sampling error and analyses how this systematic 

sampling error decreases including continuous LiDAR information. 

Annex IV presents a study case combining low point density LiDAR information and 2nd, 3rd 

and 4th Spanish National Forest Inventory to generate continuous mapping of basal area in the 

regional park of Sierra Espuña (Murcia). This paper shows how the goodness of fit of basal area 

models varies as the time gap between the field plot dates and flight dates increases. 
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1.8. Aims and scope 

General objective: 

The main goal of this thesis is to analyse the ability of LiDAR technology in the estimation of 

plot-level forest variables under different forest structures and conditions (conifer and broadleaf 

temperate forest and tropical forest) and different LiDAR characteristics (nationwide LiDAR 

information and specific forest LiDAR data), promoting reduction of costs and available data 

utilization. 

Specific objectives: 

I. Analysis the ability of nationwide LiDAR information in forestry applications comparing 

the differences between a specific LiDAR database and nationwide LiDAR database in forest 

structure description and biomass estimation. 

II. Investigation of captured and available information combination (nationwide LiDAR 

information, Landsat images and Spanish National Forest Inventory field plots) in the generation 

of wall to wall forest inventory in pure and mixed stands in temperate forest. 

III. Comparison of different modelling methods in the estimation of plot-level forest 

variables from plot-level LiDAR data: parametric models (Generalized Linear Models) and non-

parametric models (Random Forest). 

IV. Evaluation of aboveground biomass plot-level LiDAR and multi-source models (LiDAR, 

Landsat and ancillary data) in a high carbon density tropical forest in Costa Rica for both 

complete and incomplete LiDAR data coverage. 

1.9. Study framework 

The thesis dissertation essentially consists of four study blocks (Figure 1.2), which address the 

analysis of LiDAR data in combination with others sources of information for an accurate 

characterization of forest structure and plot-level variables estimation in temperate and tropical 

forest. In chapter 2, the suitability of a low point density Spanish nationwide LiDAR flight 

(PNOA-LiDAR project) is analysed and compared to a specifically forest designed LiDAR flight. 
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We investigate differences in forest variables and biomass estimation between these two LiDAR 

databases. The influence of the terrain orientation with respect to flight lines and scan angles 

are examined comparing both databases. 

In chapter 3, we develop a study case to estimate forest variables using three available sources 

of information in pure and mixed Scot pine and beech stands: nationwide LiDAR database 

(evaluated in Chapter 2), Landsat image and field plots from the Spanish 4th National Forest 

Inventory. 

In chapter 4, we evaluate a methodology for spatially explicit LiDAR biomass inventories based 

on LiDAR-derived digital canopy models and plot-level allometric equations. We validate the 

general aboveground biomass plot-level LiDAR model for tropical forest (Asner & Mascaro, 

2014) and fit a specific model for the study area.  

In chapter 5, we evaluate the integration of LiDAR uncompleted sampling in the Poas volcano 

National Park (Costa Rica) with full-coverage moderate resolution satellite data in biomass 

estimation. 

In this thesis, we applied different regression methods (parametric and non-parametric) to 

estimate forest variables from LiDAR data. In chapter 2, exponential models are fitted to 

estimate biomass in conifer stands in western Soria (Spain) using least squares regression 

methods and data linearization. In chapter 3, we compare Generalized Linear Models (GLM) 

with non-parametric Random Forest regression models in pure and mixed conifer and broadleaf 

stands in La Rioja (Spain). In chapter 4, a power aboveground biomass model was fitted in 

tropical forest in Poás National Park (Costa Rica) using Nonlinear Least Squares. In chapter 5, 

LiDAR carbon density estimations are used to predict Landsat carbon density by fitting Random 

Forest models. 
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Figure 1.2. Sketch of thesis structure. Filled green polygons represent inputs for this thesis, empty 
circles represent field measurements acquired for this thesis, filled blue squares represent intermediate 
outputs filled blue diamond represent regression or classification models and filled yellow polygons 
represent final results of this thesis. SL means Specific LiDAR flight, NL means Nationwide LiDAR flight, 
SNFI account for Spanish National Forest Inventory, RF means Random Forest and GLM means 
Generalized Linear Models. 
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Chapter 2. Evaluating nationwide LiDAR information in forest 
resources assessment 

2.1. Introduction  

The fast development of LiDAR technology in recent years leads to an increase of LiDAR data 

capture programs throughout an expanding number of countries and regions like Denmark 

(Danish Geodata Agency, 2015), Finland (National Land Survey of Finland, 2015), Poland 

(Central Office of National Measurement, 2015), Switzerland (Federal Office of Topography, 

2015), England (Environment Agency, 2015), Sweden (Lantmäteriet, 2015) or USA (United 

States Interagency Elevation Inventory, 2015). However, in most of the cases these flights were 

not specifically designed for forestry purposes. Therefore, a better knowledge on the validity of 

these nationwide captured data in the estimation of forest variables is decisive to achieve a 

better usage of the large volume of information for LiDAR forestry applications and to improve 

the capture parameters in future acquisitions. In this sense, forest inventories using nationwide 

LiDAR information can be an instrument to considerably reduce the costs of forest 

management. 

In Spain, there are various projects that have captured LiDAR information at large scale. A 

remarkable example is the existence of a huge volume of LiDAR information captured inside 

Spanish National Plan of Aerial Orthophotography (PNOA-LiDAR), with LiDAR densities of 0.5 

pulses per square meter. 

LiDAR point density is an important variable to analyse due to its important role in mission 

planning and costs of any project. However, LiDAR high point densities are not a requirement to 

carry out forest inventories with plot-level approach. (González-Ferreiro et al., 2012) suggests 

that, for forest stand variable estimation, laser pulse density can be reduced to low densities (up 

to 0.5 pulses per square metre) without significant loss of information, at least for the estimation 

of the following key stand variables: mean and dominant height, stand basal area, stand volume 

and stand biomass fractions. Forest variables can be estimated using a point density of 0.5 

pulses per square metre or less to support area-based approach according to (Treitz et al., 

2012). Furthermore, Jakubowski et al. (2013) proved that correlations between metrics such as 

tree height or total basal area are relatively unaffected by pulse density even when pulse 
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density falls below 1 pulse per square metre. Therefore, LiDAR information provided by Spanish 

National Plan of Aerial Orthophotography (PNOA-LiDAR) offers a great opportunity to 

substantially reduce the costs of the forest inventories (González-Ferreiro et al., 2012). 

In this chapter we analyse parameters that influence the quality of forest variables estimation 

such as scan lines orientation, scan angle and their interaction with the aspect and slope of the 

terrain and others forest structural variables beyond point density. Laser beam divergence and 

flight height are related to LiDAR footprint, which likewise influences laser pulse penetration 

(Næsset, 2004b) and tree cover estimation. Scan angle sensor relates to the laser ability to 

penetrate into vegetation and thus, the LiDAR capacity to characterize canopy cover (Holmgren 

et al., 2003). Some other aspects such as scan lines configuration may also influence the 

estimation of forest variables, particularly in steep forest areas. 

In this chapter we analyse the discrepancies in forest variables estimation between two different 

LiDAR information databases: the first one belongs to the nationwide Spanish National Plan for 

Aerial Orthophotography (PNOA) and the second one was specifically designed for forest 

management applications. We investigate the influence of scan angle, direction of the scan 

lines with respect to the terrain orientation and slope in forest structure variables estimation. 

2.2. Material and methods 

Study area and field sample plots 

The study area is located within the Cañon del Rio Lobos Natural Park in Soria (Central Spain), 

corresponding to the public utility forest number 89 dominated by pure stands of Pinus nigra 

Arn.and P. pinaster Ait., with a limited presence of Juniperus sp. (Figure 2.1). The area is 

located around 1000–1200 m above sea level, mainly influenced by Mediterranean climate, 

although the high altitude and continentally of the region results in colder and longer winters 

than most of Spain. 
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Figure 2.1. Study area: (A) location of Soria province (northeast Spain), (B) location of study area 
(Western Soria province) and (C) locations of the field plots, flight line of the nationwide project PNOA and 
flight lines of the specifically designed flight. SL refers to the flight specifically design for forest inventory 
purposes, NL refers to nationwide LiDAR flightand blue areas correspond to public utility forests in Soria 
province.  

In the study area, 45 field sample plots of 500 m2 were randomly located within three strata 

(Pinus pinaster pure stands, Pinus nigra pure stands and conifer mixed stands). Measurements 

of DBH (diameter at breast height), height and canopy base height were recorded from every 

tree in the field plots during summer 2010. Finally, additional plot level variables were calculated 

from fieldwork measurements using existing models such as biomass distribution in leaves, 

branches, stem and roots, using the allometric functions of Ruiz-Peinado et al. (2011) (Table 

2.1). 

LiDAR data 

Two different sources of LiDAR data were used in the study. First one, called SL (special LiDAR 

database) refers to the flight specifically design for forest inventory purposes (Table 2.2). The 

information was captured with a Cesnna 402-C airplane, equipped with an ALS60 II LiDAR 

sensor in April 2010. The second one, called NL (Nationwide LiDAR database) was acquired in 
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September 2010 by the Spanish National Plan for Aerial Orthophotography (PNOA) (Ministerio 

de Fomento, 2015). 

Table 2.1. Summary of the field plots used as ground data (N = 45). Maximum, minimum and mean values 
of the main forest variables in field plots sample. 

Variable (unit) Maximum Minimum Mean 

N (stems ha-1) 2000.0 180.0 847.6 

G (m2 ha-1) 56.6 8.2 25.5 

FB (t ha-1) 51.9 7.6 18.9 

SB (t ha-1) 289.7 17.4 79.3 

BB (t ha-1) 44.2 2.8 13.0 

RB (t ha-1) 67.6 6.9 22.6 

AGB (t ha-1) 385.8 30.5 111.2 

TB (t ha-1) 453.4 37.3 133.8 

N: stem number; G: basal area; FB: Foliar biomass; SB: stem biomass; BB: branch biomass; RB: root 
biomass; AGB: above ground biomass; TB: total biomass 

Table 2. 2. Summary of the nationwide (NL) and specific (SL) LiDAR databases specifications. 
 SL NL 

Date April 2010 September 2010 

Sensor LEICA ALS60 II LEICA ALS50-II 

Mean flight height 1065 m 2165 m 

Scan angle (º) 25 25 

Max. scan rate  (Hz) 75.26 90 

Max. laser pulse rate (Hz) 88000 150000 

Max. point spacing across track (m) 1 1.5 

Max. point spacing along track (m) 1 1.5 

Average point density (ptos/m2) 2.01 0.5 

Average point spacing (m) 0.71 1.5 

Average point area (m2) 0.5 2 

Estimated across track accuracy (m) 0.13 0.4 

Estimated along track accuracy (m) 0.13 0.4 

Estimated height accuracy (m) 0.08 0.2 

Multi Pulse in Air Mode Off Enable 

One NL flight line across the study area was selected and its corresponding LiDAR information 

has absolute maximum scan angle value of 28º and East-West scan direction. In addition, 7 SL 

flight lines across the study area were chosen, with a 15% of overlapping between contiguous 

scan lines and Northwest-Southeast orientation (Figure 2.1). This SL flight was designed to 
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keep a homogenous flight height. Although maximum scan angle was fixed to ±25º, due to 

overlapping no returns with scan angles larger than 20º were used in the LiDAR metrics 

estimation. 

Both NL and SL LiDAR raw databases were processed using FUSION software (McGaughey & 

Carson, 2003) to obtain statistical information about the laser returns.  A 2 meter Digital 

Elevation Model (DEM) was created based on ground points from each database, that are later 

used to normalize the point cloud. A predefined threshold height of 2 m was used to model 

mature trees and understory vegetation.  Each NL and SL LiDAR dataset was split in 12.044 

coincident sub-datasets using a square lattice of 500 m2 (22.36 x 22.36m pixel coincident with 

field plot area) and compute metrics at this spatial scale. 

Pulses returned from the aboveground vegetation (>2 m from the ground) were processed in 

FUSION to compute the metrics: Standard height Deviation (SD), 25th height percentile 

(P25th), 50th height percentile (P50th), 90th height percentile (P90th) and canopy cover (Table 

2.3). Canopy cover (CC) was estimated as the ratio between the number of first returns above 2 

m and the total number of first returns. 

Table ¡Error! No hay texto con el estilo especificado en el documento..3. Summary of the LiDAR metrics 
for nationwide (NL) and specific (SL) LIDAR databasse (N=12045). 

N=12.045 

SL database  NL database 

LCC SD P25th P50th P90th  LCC SD P25th P50th P90th 

Minimun 0.54 0.13 2.07 2.21 2.33  0.80 0.11 2.04 2.13 2.28 

Maximum 99.44 9.77 21.33 23.40 26.82  100.0 8.21 21.51 23.70 27.29 

Mean 60.66 2.80 6.59 8.69 11.96  62.36 2.83 6.76 8.87 12.12 

Standard 
deviation 24.50 1.20 3.13 3.72 4.36  24.85 1.21 3.20 3.77 4.38 

LCC: LiDAR canopy cover; SD: height standar deviation and P25th, P50th and P90th: 25th, 50th y 90th  
height percentiles.  

We estimate the mean slope in degrees from the NL generated DEM for each 500 m2 pixel 

(Figure 2.3.A). A 57% of the study area has slope lower than 10º, 17% ranges between 10º and 

15 º, 19% (between 15º and 25º and only 7% has slopes larger than 25º. Maximum observed 

slope is 51.3º. 
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To analyse the influence of the pixel orientation with respect the axis of the scan line, we 

classify the pixels in 3 groups as a function of their orientation towards the axis of the NL scan 

line (Figure 2.2.): i) pixels oriented towards the NL scan line (flight side), ii) pixels oriented 

opposite to the NL scan line (opposite flight side) and iii) pixels with intermediate orientation to 

the scan lines (Intermediate orientation).  

 

Figure ¡Error! No hay texto con el estilo especificado en el documento..2. Sketch of the orientation with 

respect to the flight line. 

NL scan line is west-east oriented so flight side pixels have south aspect in the north of the NL 

scan line and north aspect in the south of the NL scan line and vice versa for the opposite flight 

side pixels. Intermediate orientation pixels have east or west aspect both sides, north and south 

of the NL scan line (Figure 2.3. B). 58% of the study area has intermediate orientations with 

respect to the scan line (east or west orientation). 24 % faces the scan line side and 18% has 

an opposite orientation to the scan lines. 
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Figure ¡Error! No hay texto con el estilo especificado en el documento..3. A) Spatial distribution of the 
slope in degrees and (B) pixels orientation with respect to NL flight line in the study area  

Modelling Biomass 

Exponential models were used to establish empirical relationships between total biomass and 

LiDAR returns metrics generated by FUSION software. Hence, two different biomass 

estimations were calculated, one base on NL LiDAR data and another based on SL LiDAR data. 

Exponential and power function regression models have proved to be valid in previous works 

(Næsset, 2002, Holmgren, 2004, Nord-Larsen & Schumacher, 2012), Stephens et al. 2007). 

Furthermore, some authors have shown that exponential models had better performance in 

most of the forest variables (González-Ferreiro et al., 2012).  

Exponential models were fitted using data linearization, taking natural logarithms from both 

sides of equations. Least squares regression methods, implemented in R (R Core Team 2014), 

were used to fit the linearized models. Stepwise approach was followed to perform the variable 

selection through R MASS package (Venables & Ripley, 2002). Each independent variable 

included in the models had to be significant at the 0.05 level. A maximum of three variables was 

allowed for each model in order to avoid excessive variable complexity redundancy or high co-

linearity. A 20 fold cross-validation of each equation was performed using R DAAG package 
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(John H. Maindonald and W. John Braun 2014). Bias, RMSE, EAM and R2 were computed both 

in fitting and validation phase. 

Data analysis 

Differences between reference data values (LiDAR metrics and estimated biomass) from SL 

and NL information were calculated to evaluate the influence of flight design, scan angle and 

terrain slope in the measurements of forest structure and estimation of forest variables. 

Differences in forest canopy cover (dLCC), standard height returns deviation (dSD) and 25th, 

50th and 90th height returns percentiles (dP25, dP50, dP75 and dP90) were computed for each 

pixel of the study area. Total biomass was estimated through their exponential models, detailed 

above, for both databases and their difference (dBiomass) was then computed. 

The assumption of normality of LiDAR metrics differences was not met, even after transforming 

the variables. Thus, the linear regression analysis was rejected. Differences between medians 

of the four LIDAR metrics and total biomass were tested using a Wilcoxon nonparametric 

pairwise test. Montaghi (2013) applied this nonparametric test to compare forest metrics 

calculated from LiDAR data for different scan angles. 

Trying to assess the statistical dependence between LiDAR metrics differences and scan angle, 

slope and orientation of the terrain and forest structure, we used the Spearman’s rank 

correlation coefficient, willing to analyse their influence. Kruskal–Wallis test was used to test 

whether the medians values and distribution LiDAR metrics differences in the three-pixel 

orientation were statistically different. Hence, influence of terrain orientation on LiDAR variable 

differences and predicted biomass have been analysed as a numerical variable using 

Sperman´s Rank correlation coefficient and as a categorical variable (in the three previously 

mentioned classes) using con Kruskal–Wallis test. 

Simulation of the differences 

A non-parametric Random Forest regression model was adjusted to simulate the differences in 

LiDAR metrics and in biomass estimation. Random Forest regression models were fitted using 

the differences of tree canopy cover, height 90th percentile and total biomass as dependent 

variables and terrain slope, scan angle of PNOA and relative orientation categorical variable of 
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the terrain as independent variable. Random Forest is a widely used nonparametric regression 

method. These statistical analyses are not based in the determination or the supposition of a 

determined probability distribution of the analysed variables. Random Forest allows modelling 

non-lineal relationships between the variables and processing large datasets efficiently. An 

entire dataset (12.044 values of differences) were used to calibrate the RF model for each 

variable of differences. 

From the RF models results, we performed a simulation using 180.900 data pairs of scan angle 

and slope for each of the three types of pixel orientation classification (every 0,1º for each 

variable, ranging from 0 to 25 in scan angle and from 0 to 50º slope). This simulation aims to 

evaluate the behaviour of the LiDAR metrics and biomass differences. The simulation results 

were visually represented on filled contours plots in order to analyse the trends of the 

differences when slope, scan angle or terrain orientation vary. 

2.3. Results and discussion 

Biomass estimation 

RMSE and determination coefficient had similar values for the two total biomass linearized 

models for SL and NL LiDAR databases (Table 2.4). Both models obtained good results either 

in the fitting and the validation phase (Table 2.4). RMSE was about 9% higher in the validation 

than the one obtained in the fitting phase for both total biomass linearized models. Moreover, 

determination coefficient in the fitting phase was about 2% higher than the obtained in the 

validation phase for both models. 

Table ¡Error! No hay texto con el estilo especificado en el documento..4. Summary of the exponential 
models fitted with nationwide (NL) and specific (SL) LIDAR databases. 

Database Dependent 
variable 

Independent 
variables 

Fitting phase Validation phase 

RMSE R2 RMSE R2 

NL lnBT LCC, P50th 0.153 0.9225 0.165 0.9099 

SL lnBT LCC, P50tn 0.145 0.9299 0.157 0.9141 

lnBT: natural logarithms of total biomass; LCC: LiDAR canopy cover; P50th: 50th height percentil.  
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Both NL and SL models were applied in the study area to obtain wall to wall biomass estimation 

for each database (Figure 2.4) obtaining very similar results in biomass distribution. The 

difference calculation (Figure 2.5) shows the existing deviations between NL and specific forest 

designed flight. 

Figure ¡Error! No hay texto con el estilo especificado en el documento..4. Biomass estimation using A) 
exponential models with SL database and (B) exponential model with NL information. 

Differences between the biomass estimations 

Analysing the differences between the two LiDAR databases in the estimation of vegetation 

structure variables in the entire study area, Wilcoxon nonparametric pairwise test shows 

statistically significant differences in the median of LCC, SD, P25th, P50th and P90th (Table 

2.5). However, there was not difference in the total biomass variable at a significance level of 95 

%. NL database presents slightly larger values than SL in LCC, SD, P25th, P50th and P90th 

variables (Table 2.5). Previous works showed that mean height is largely unaffected by platform 

altitude and footprint size (Goodwin et al 2006, Yu et al 2004, Nilsson 1996). Differences 

between variables are very small and do not translate into biomass differences (1.55% in 
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canopy cover, ranging from 16cm and 18cm in height percentiles and 3.5cm in height standard 

deviation). 

 
Figure ¡Error! No hay texto con el estilo especificado en el documento..5. Differences between NL and SL 
databases for A) canopy cover, (B) 90th height percentile, C) height standard deviation and D) predicted 
biomass. The differences map of each analysed variable shows how scan angle affects more visibly to 
canopy cover, standard deviation and biomass than height percentiles. This figure evidences how the non-
oriented towards the flight line stand having large scan angle presents larger deviations. In this case, an 
appropriate classification of the overlapping of swaps will significantly reduce these differences. 
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Table 2.5. Wilcoxon nonparametric pairwise test: pseudo median of differences of both databases 
(nationwide and specific), confidence interval and p-value for LiDAR metrics analysed and predicted 
biomass. 

Variable Pseudo median of differences 95 per cent confidence interval p-value 

LCC -1.550056 -1.615075 -1.485044 < 2.2e-16 

P25th -0.1600028 -0.1650058 -0.154986 < 2.2e-16 

P50th -0.1800322 -0.1850398 -0.1750603 < 2.2e-16 

P90th -0.1650047 -0.1700474 -0.1649688 < 2.2e-16 

SD -0.03500129 -0.04000283 -0.03491225 < 2.2e-16 

Biomass 0.1050231 -0.01000586 0.22000957 0.07436 

LCC: LiDAR canopy cover; SD: height standar deviation and P25th, P50th and P90th: 25th, 50th y 90th  
height percentiles.  

Spearman's rank correlation coefficient (Table 2.6) shows that biomass and all the considered 

LiDAR metrics have a statistical significant dependence (p-value lower than 0.001) with scan 

angle. The correlation coefficients dLCC-scan angle and dBiomass-scan angle are higher than 

30 %.Correlation dLCC-slope, dSD-slope and dBiomass-slope show a significant dependence 

and their correlation coefficients are 17.8%, 7,6% and 19.7% respectively. However, regarding 

height percentiles, only 25% percentile had a significant dependence with respect the slope (p-

value lower than 0.05). Orientation shows a significant correlation with respect to dLCC, dSD 

and dBiomass with low correlation coefficients (3.1%, 2,9 % and 3.9 % respectively) (Table 2.6). 

Therefore, these results show that dLCC and dBiomass are more clearly affected by the 

scanning angle compared with laser height percentiles The negative correlation between scan 

angle and dLCC (Table 2.6) indicates that LCC differences between both flights get 

compensated as the national scan angle increases. We observe a similar pattern in SD and 

biomass variables but not in height percentiles (Table 2.6). 

Kruskal–Wallis test shows significant statistically differences between the three-pixel orientation 

in LCC, P90th, SD and biomass (p-value<0.001) but not in P25th and P50th (p-value>0.05). 

Both Spearman's rank correlation coefficient and Kruskal–Wallis test show that dCC, dSD and 

dBiomass are more dependent of pixel orientation with respect to the scan line than height 
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percentiles. Thus, as it happens with scan angle, slope and orientation affect LCC, SD and 

biomass in a larger degree than height percentiles.  

Table 2.6. Spearman's rank correlation coefficient between the differences in LCC, P25, P50, P90, and 
biomass and scan angle, slope, orientation, LCC and P50.. 

 Scan angle Slope Orientation LCC P50 

dLCC -0.354 *** -0.178 *** -0.031 *** 0.005 0.039 *** 

dP25th 0.118 *** 0.019 * -0.015 . -0.237 *** -0.150 *** 

dP50th 0.033 *** -0.011 0.002 -0.234 *** -0.146 *** 

dP90th -0.099 *** -0.005 0.013 -0.147 *** -0.074 *** 

dSD -0.199 *** -0.076 *** 0.029 ** 0.098 *** 0.025 *** 

dBiomasa -0.314 *** -0.197 *** 0.039 *** 0.169 *** -0.034 *** 

dLCC, dP25th, dP50th, dP90th, dSD, and dBiomass refers to the differences in LCC, P25, P50, P90, and 
Biomass between the two databases, Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 

Variability explained in terms of adjusted RF models is larger for dLCC and dSD variables than 

for biomass and height percentiles (Table 2.7). The importance of the three variables included 

in the models shows that scan angle presents a more evidently relevance in the adjustment 

than dLCC, dSD and slope in height percentiles differences models. Slope and scan angle 

variables obtained a similar relevance working with biomass RF models, which is a coherent 

result taking into account that biomass exponential models include height percentile and canopy 

cover. 

Table 2.7. Summary of the Random Forest models adjusted for the simulations. Dependent variables were 
differences in LCC, P25, P50, P90, and biomass and independent variables were slope, scan angle and 
orientation. Imp refers to Importance of the independent variables in the Random Forest models. 

  EV RMSE Slope Imp Scan Angle Imp Orient Imp 
dLCC 18.220 3.684 17595.9 26534.4 4879.6 

dP50th 1.700 0.425 171.2 95.3 20.2 
dP90th 7.200 0.414 250.1 116.3 15.9 

dSD 36.000 0.739 935.1 6537.2 163.1 
dBiomass 8.400 11.473 176279.6 168364.2 23359.2 

dLCC, dP25th, dP50th, dP90th, dSD, and dBiomass refers to the differences in LCC, P25, P50, P90, and 
Biomass between the two databases.  

Simulations performed with these RF models show, as in Wilcoxon nonparametric pairwise test, 

a slight tendency to enlarge all LiDAR metrics in NL database (Figures 2.6, 2.7 and 2.8), being 

the overestimation larger in areas non-oriented towards the scan line. Differences in LCC 

display values close to zero (less than 1% of canopy cover) for an absolute scan angle lower 
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than 8º in both oriented and non-oriented pixels (Figure 2.6). Scan line oriented pixels achieve 

differences close to zero according to the increment in slope (over 20º) and scan angle (over 

10º) due to the more perpendicular LiDAR pulse penetration that allows better characterization 

for the canopy cover LiDAR metrics (Figure 2.6, left panel). Scan line non oriented pixels show 

an opposite tendency, i.e. difference in LCC increases with higher slope and higher scan angle 

(Figure 2.6, right panel). 

Figure ¡Error! No hay texto con el estilo especificado en el documento..6. Simulation of the differences in 
LiDAR Canopy Cover (LCC) for flight side and opposite flight side depending on slope of the terrain and 
absolute scan angle. White colors represents null or small differences. 

Figure ¡Error! No hay texto con el estilo especificado en el documento..7. Simulation of the differences in 
50 percentile (P50th) for flight side and opposite flight side depending on slope of the terrain and absolute 
scan angle. White colors represents null or small differences. 
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Figure 2.8. Simulation of the differences in biomass for flight side and opposite flight side depending on 
slope of the terrain and absolute scan angle. White colors represents null or small differences. 

In agreement with Kruskal–Wallis test results, performed RF simulations using percentiles show 

very similar patterns for both oriented and non-oriented pixels (Figure 2.7). There is no clear 

influence of scan angle and slope in height percentiles differences simulations (Figure 2.7). 

Simulating different scan angles Holmgren et al (2003) showed that the proportion of canopy 

returns (in this work LCC is a portion of first returns above 2 meters) was more affected by the 

scanning angle compared with laser height percentiles. Montaghi (2013) showed the influence 

of scanning angle in vegetation ratio (a metric related to canopy cover) but did not find obvious 

trends in height percentiles and distributional metrics (being SD included) due to scan angle. In 

our study we obtain similar results. Scan angle significantly affects the assessment of all LiDAR 

vegetation structure variables and biomass estimation but the correlation between scan angle 

and canopy cover, standard deviation, vegetation height and biomass is larger than correlation 

between scan angle and height percentiles. 

Random Forest simulations show that working with scan line oriented pixels, biomass 

differences tend to be smaller than 5 t/ha (4 % in relative values) in all scan angle possibilities 

(ranging from 0º to 25º) if slope remains lower than 30º (Figure 2.6, left panel). In the case of 

scan line non oriented pixels (Figure 2.6, right panel), the simulation shows biomass estimation 
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differences between 5 t/ha and 10 t/ha (between 4% and 8% in relative values) for scan angles 

and slope greater than 15º. 

In the areas where forest management is focused (with slopes lower than 50%, 26,57º), 

biomass differences between the two databases tend to be lower than 4%. Differences larger 

than 4% would be found when the slopes are non-oriented towards the scan lines and the scan 

angles are larger than 15º. Stands located on non-oriented steep slopes (larger than 10º) could 

obtain larger errors in biomass estimation. 

Differences in predicted stand variables between a nationwide flight and a specific one will likely 

be influenced by the LIDAR variables included in the model. Deviations from estimates will be 

more dependent on the scan angle if LCC variable is included in the model, more dependent on 

the slope if the model includes height  percentiles and influenced by both slope and scan angle 

if the model includes both LCC and height percentiles (as the models used in this study case). 
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Chapter 3. Combining Spanish National Forest Inventory 
information, Landsat images and  low density LIDAR data 

3.1. Introduction 

Many European countries employ recent developed technologies, such as airborne LiDAR, to 

capture nationwide tridimensional information over the last few years. In Spain, a huge volume 

of LiDAR information is available for most part of the territory in the Spanish National Plan of 

Aerial Orthophotography (PNOA-LiDAR). 

In addition, many countries have carried out forest inventories at national levels. Combining 

these national projects with information acquired by LiDAR national projects can be a valuable 

tool to obtain spatially explicit high accuracy inventories. In Spain, the National Forest Inventory 

(NFI) (Ministerio de Agricultura, Alimentación y Medio Ambiente, 2015) is a project dedicated to 

obtain the maximum amount of feasible information about the situation of the Spanish forest 

areas (property and legal status, environment condition, estimated evolution and productive 

capacity). The basic unit of this forest inventory is the province and the information is updated 

every 10 years. 

Field plots measurements are the essential, mandatory and expensive part of the forest 

inventories using LiDAR or other remote sensing information. Therefore, combination of these 

two already available information sources in most of the national territory is a great opportunity 

to largely decrease the costs of the high-resolution forest inventories. This mapping would 

generate inexpensive and valid products to improve sustainable forest management both 

province or regional level and stand level. 

Accurate LiDAR inventories in temperate forests require species distribution and stand 

composition mapping, model predictions are improved when the study area is stratified into 

coniferous and deciduous forest (Nord-Larsen & Schumacher, 2012). Species composition of 

the forest is needed to reach a complete understanding of forest structure and to properly 

estimate forest resources. In this sense, combination of LiDAR data with information from 

satellite or airborne optic sensors provides a good solution in areas with different species 

composition or mixed stands.  
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Multispectral medium resolution data provides spatial detail compatible with the size of 

vegetation units and biomass field observations (Avitabile et al., 2012). Landsat imagery has 

been proved to be a good tool for vegetation mapping large areas, especially after the opening 

and free distribution of its worldwide database (Woodcock et al., 2008) 

In this context, this chapter develops a first experience in the combination of these available 

sources of information (medium resolution satellite images, national LiDAR information and 

SNFI plots) to estimate in a spatially continuous procedure the main forest inventory variables in 

pure and mixed stands of Scot pine (Pinus sylvestris L.) and beech (Fagus sylvatica L.) in La 

Rioja (Spain). 

3.2. Material and methods 

Study area and Field information 

Field plots database of La Rioja Fourth Spanish Forest National Inventory (SFNI) were used to 

create LiDAR plot-level forest variable models. A total of 160 SNFI plots with dominance 

(representing more than 80 % of total volume) of Scots pine (Pinus sylvestris L.) and Beech 

(Fagus sylvatica L.) were chosen to cover the entire variability of forest structure in this type of 

forest in La Rioja province (Figure 3.1 and Table 3.1). Field plot measurements in the fourth 

Spanish National Forest Inventory in La Rioja were carried out from June 2011 to August 2012. 

Implementation and evaluation of the adjusted models were carried out in a test area of 16.000 

hectare located in the municipalities of Ortigosa de Cameros, El Rasillo, Villoslada de Cameros 

and Lumbreras (south central mountains of La Rioja province) (Figure 1). 
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Figure 3.1. Study area: (A) location of Spain (southern Europe), (B) location of La Rioja province 
(northeast Spain), and (C) location of Test area. Colours refer to stratum according to the Spanish Forest 
Map. Test area is encompassed by two thick line grey rectangles and small squares represent LiDAR tiles. 

The main difficulty using plots from the Forest National Inventory in combination to LiDAR 

measurements is the lack of precision of the centre plots coordinates. Global Navigation 

Satellite Systems (GNSS) devices and their processing mode estimating the centre plots 

coordinates during fieldwork measurements have a nominal accuracy of 5-15 m. This accuracy 

deteriorates when the GNSS device works under forest canopies. Errors of 10-15 meters or 

larger in the centre plot estimation can invalidate the further utilization of this dataset in the 

adjustments of the models, since we could compare field information and LiDAR data 

corresponding to different surfaces. In order to improve the centre plot coordinates, the selected 

plots were relocated manually based on four different information sources i) 2 meter resolution 

LiDAR canopy models, ii) sketches of plot location carried out by the field teams, iii) high 

resolution PNOA ortoimage and iv) total height, species and localization of each tree measured 

in the field (Figures 3.2). 
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Table 3.1. Summary of the adjusted distances in the plot relocation procedure for beech and Scot pine 
stratum. 
Stratum Number of plots Maximum Minimum Mean Standard deviation 
Beech 81 21.67 0.61 8.42 4.24 

Scot pine 79 48.97 0.77 8.36 7.91 
Total 160 48.97 0.61 8.39 6.31 

 

Figure 3.2. Example of one manually relocated plot using LiDAR canopy model, relative position of the 
trees, tree height and high-resolution ortophotography. 

Plots were shifted an average of 8,4m in the relocation procedure (Table 3.1). Mean distance 

correction in the beech sample was similar to the scot pine. Maximum distance and standard 

deviation were higher in the scot pine sample than in the beech sample. 

The SNFI plot size varies depending on tree diameter at breast height (DBH) (i.e. circular plots 

with four concentric sub-plots). All trees having a DBH of at least 75 mm were measured in a 

first plot radius (5 m), trees with DBH larger than 125 mm were measured in the second plot 

radius (10 m), trees with DBH larger than 225 mm were measured in the third plot radius (15 m) 
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and in the last concentric 25 m plot all trees with a DBH larger than 425 mm were measured. 

Furthermore, diameter for each tree, total height, specie and its relative position to the centre 

plot (direction and distance) is recorded in the NFI plots. 

In plot-level LiDAR forest inventories the size of the individual cells of a grid that covers the 

entire study area have to be equal to the field plot sizes (Magnussen & Boudewyn, 1998, 

Condés et al, 2013). In this study, the selected SNFI plots were converted in a 14.1 m maximum 

radius plots (625 m2) in order to extract the LiDAR-derived metrics and to calculate the main 

forest variables. Thus, only trees whose distance to the centre of the plot was less than 14.1m 

were taken into account to set the maximum plot area equivalent to a 25mx25m pixel. The plots 

remain with only three crowns of 5, 10 and 14.1meters. Stand forest variables were referred to 

the hectare using the corresponding crown expansion factors. 

Sample plots were randomly split into two subsamples (Table 3.2), first subsample for fitting of 

the models and second one for model validation. Thus, none of the plots considered in the 

validation process was previously used in the fitting phase. 

Table 3.2. Summary of the plots database for beech and Scot pine stratum. G is basal area, V is volume 
and N is stem number. Subsample indicates whether the plots were used in fitting or validation phase. 

Stratum Number of 
Plots Subsample Metrics G 

(m²/ha) 
V 

(m²/ha) 
N 

(stems/ha) 

Scot 
pine 56 Fitting 

Mean 37.79 255.56 777.97 
Maximum 69.63 526.09 2945.47 
Minimum 12.13 51.90 176.00 

Standard deviation 12.85 116.65 570.35 

Scot 
pine 23 Validation 

Mean 38.45 286.47 586.46 
Maximum 83.85 784.92 1116.62 
Minimum 14.14 75.74 80.00 

Standard deviation 18.27 172.74 280.47 

Beech 61 Fitting 

Mean 31.63 217.72 826.17 
Maximum 53.79 476.22 2022.20 
Minimum 12.88 52.71 175.83 

Standard deviation 8.69 85.89 457.42 

Beech 20 Validation 

Mean 29.68 187.37 989.43 
Maximum 42.77 323.51 1974.87 
Minimum 14.68 58.73 192.00 

Standard deviation 7.29 72.45 550.00 
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For results validation we use the Spanish Forest Map (scale 1:50,000), which was developed 

within the Fourth Spanish National Forest Inventory. The Spanish Forest Map is developed 

combining aerial ortoimage interpretation, pre-existing maps and field inventory data. The 

general minimum mapping unit is 0.0625 km2, decreasing to 0.022 km2 in the case of forest 

patches embedded in a non-forest land use matrix. The Spanish Forest Map provides 

information about land use, tree species in each forest patch (up to three different species), 

their abundance (in terms of cover) and the total forest canopy cover (CC). Based on this 

information, the Spanish Forest Map assigns a stratum to each unit map. For this chapter, we 

selected pure Scot pine stratum, pure beech stratum and mixed Scot pine-beech stratum within 

of the test area. 

Satellite image processing and classification  

A Landsat 5 image from July 2011 was geometrically validated, and radiometrically and 

atmospherically corrected (Chander et al., 2009).  July 2011 is an intermediate date between 

the LiDAR capture data (from May to September 2010) and fieldwork measurements (from June 

2011 to August 2012).  A summer Landsat image was selected to avoid confusion between 

beech stands and non-forest land. Once the image was processed, the Normalized Different 

Vegetation Index (NDVI) was computed and 6 variables were calculated based on the Digital 

Elevation Model: elevation, slope, aspect, curvature, plan curvature and profile curvature. 

Finally, a stack of 13 bands was generated including 6 spectral bands (1,2,3,4,5 and 7 for 

Landsat 5), NDVI, and the 6 derivatives from the Digital Elevation Model (Table 3.3). 

The supervised Random Forest (RF) method (Breiman, 2001) was selected to perform the 

classification of the satellite image. This methodology was implemented in R (R Core Team 

2014), using the R package “RandomForest: Breiman and Cutler's Random Forests for 

classification and regression” (Liaw & Wiener, 2002), following the methodological framework 

proposed by Horning (2013). The 13 variables described in the Table 3.3 were used as 

explanatory co-variables in the RF models (Table 3.4). Mean Decrease Accuracy (MDA) was 

used to evaluate the importance of the variables in the RF models. For each predictor variable, 

MDA is the average of the accuracy across the RF minus the accuracy after permutation of the 

predictor. 
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Table 3.3. Predictor variables used in the Landsat image classification. Bands numbers and corresponding 
variable and variable group are specified. 

Variable group Band 

 

Variable 

Multi-spectral 

1 Blue 
2 Green 
3 Red 
4 NIR 
5 SWIR-1 
6 SWIR-2 

Vegetation Index 7 Normalized Difference Vegetation Index (NDVI) 

Digital Elevation 

Model 

8 Elevation 
9 Slope 

10 Aspect 
11 Curvature 
12 Plan curvature 
13 Profile curvature 

Training areas were digitalized for each land cover class (Table 3.4) using aerial PNOA 

orthophotography and SNFI field information. 

Table3.4. Legend of the Landsat image classification with the corresponding class ID and class type. 

Class ID Class  Class ID Class 

1 Scot pine  6 Holm-oak 

2 Grass or Shrub land  7 Urban areas 

3 Beech  8 Clouds 

4 Water  9 Shadows 

5 Oak    
 

LiDAR data 

LiDAR information was provided by the Spanish National Plan for Aerial Orthophotography 

(PNOA) (Ministerio de Fomento, 2015) with a mean density of 0.5 points per m2 and vertical 

RMSE ≤ 0.20 m. LiDAR data in La Rioja was capture from May to September 2010 and 

therefore leaf-on conditions. 

LiDAR tiles (Figure 3.1) were processed with FUSION software (McGaughey and Carson, 

2003). A 2-meter resolution Digital Elevation Model (DEM) was generated to subtract the 

ellipsoidal elevation of the DEM from the Z coordinate of each LiDAR return and normalize the 
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LiDAR point cloud. A predefined threshold height of 2 meter was used to separate trees from 

understory vegetation. 

A total of 15 height metrics of normalized LiDAR point cloud for each field plot were computed. 

These metrics correspond to mean, variance, standard deviation, variation coefficient, 

interquartile range, kurtosis, percentiles (ranging from the 1th to 99th percentile), canopy relief 

ratio and forest canopy cover. Forest canopy cover (LCC) was calculated as the ratio between 

the number of first returns above 2 m and the total number of first returns. Canopy relief ratio 

(CRR) describes the relative canopy shape from altimetry observation (Pike & Wilson, 1971). 

This ratio reflects the degree to which canopy surfaces are in the upper (> 0.5) or lower (< 0.5) 

portions of the height range (Parker & Russ, 2004). 

The same metrics were estimated for 16000 ha covering the entire test area in 25x25m pixels, i. 

e. same area than field plots (625 m2). 

Regression models 

LiDAR information and relocated SNFI field plots were used to construct regression models to 

predict forest stand variables. The considered dependent variables were stand density (N), 

basal area (G) and total volume (V). The predictor variables were the abovementioned LiDAR 

metrics. 

In this paper we compare Generalized Linear Models (GLM) with non-parametric Random 

Forest regression models. Generalized Linear Models (GLM) work with variables that do not fit 

within the normal probability distributions (e.g. Gamma, Poisson and binomial probability 

distributions) and even adjust models with non-lineal relationships between the variables as 

some variable transformations can be done with different link functions (Nelder & Baker, 1972). 

For this study, we use the GLM function in R-Packages glmm (Knudson C. 2015) and glm2 

(Marschner I. 2014) to adjust GLM. 

Each independent variable included in the models had to be significant at the 0.05 level. To 

select the variables we use the stepwise approach of R Package MASS (Venables & Ripley, 

2002). Predictor variables showing strong collinearity were not included in the models. Akaike 

information criteria, bias, mean absolute error (MAE), mean squared error (RMSE) and pseudo 
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determination coefficient (pseudo-R2) were used in the selection and comparison of models. 

Relative values of bias, MAE and RMSE were also calculated.  

In a first step, GML were fitted for each different stratum (beech and pine). Subsequently, GLM 

were adjusted using the entire database, including stratum as a categorical variable in the 

model. The same R package “RandomForest: Breiman and Cutler's Random Forests for 

classification and regression” (Liaw and Wiener 2002) utilized in the Landsat 5 classification 

was used for the adjustment of random for forest stand variables regression models. Dependent 

and independent variables were the same in both cases. 

A model validation was performed using the independent field plot sub-sample (Table 3.2). For 

the validation by an independent plot sample, bias, EAM and RMSE in absolute and relative 

values were calculated from the independent validation sub-sample. 

Best models in the validation phase were selected to estimate G, N and V continuously within 

the areas classified by Landsat image as Pinus sylvestris and Fagus sylvatica. 

3.3. Results and discussion 

Vegetation Map 

Overall accuracy obtained in the classification model was 0,98, whereas user accuracy in class 

1 (pine forest) was 0,96 and 0.98 in class 3 (beech forest). Producer accuracy was 0,97 for pine 

stands and 0,97 for beech.  

The analysis of MDA values for each predictor variable shows that Band 7 (vegetation index 

NDVI) has a high importance in the classification of both pine and beech, being the most 

significant band in the beech classification (Figure 3.3, centre panel). Near Infrared (NIR) is the 

predominant band in pine classification, followed closely by Medium Infrared (SWIR-1) and 

NDVI (Figure 3.3, left panel). Elevation is the most relevant band in DEM variables, which 

occupies the fifth position considering all the classes (Figure 3.3, right panel). 

Several authors have identified the importance of elevation in cover classification (Fahsi et al., 

2000, Joy et al., 2003, Sesnie et al., 2008, Dewan & Yamaguchi, 2009, Rodriguez-Galiano et 
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al., 2012). High accuracy and resolution elevation models and derivatives are easily obtained 

from LiDAR information. These variables play a decisive role in many ecological processes, 

being a good proxy of other environmental variables such as temperature and precipitation. For 

this reason, we expect DEM variables to increase their importance when working in regional or 

national scales or in areas with large ecological diversity. 

Figure 3.3. Importance of the 13 considered bands (y-axis, Table 3.3) in the RF model. 
MeanDecreaseAccuracy (MDA) statistic (x-axis) was used to estimate the importance of the variables. In 
the left panel, the importance of variables for Scot pine is shown. In the central panel, we display the 
importance of variables for beech. In the right panel, an average of the importance of the variables for all 
classes is exhibited (Table 3.4).  

Model fitting 

Following Akaike information criteria, Gamma function models were selected instead of 

Gaussian distribution models for all the cases. GLM in scot pine stratum caused larger pseudo-

R2 in all the adjusted variables than GLM in beech stratum. GML for the entire database with 

stratum as a factor resulted in pseudo-R2 values ranging between pine and beech stratum 

(Table 3.5). Nord-Larsen & Schumacher (2012) found similar results in their study, showing that 

coefficients of determination for basal area and volume models were higher in coniferous than 

in broadleaf forest at national level in Denmark 

Link functions “power”, “identity”, “log” and “inverse” were used in the model selection 

depending on the database and adjusted variables (Table 3.5). Relative RMSE resulting from 

the model adjustment phase shows that pine stratum obtained better models in G that beech 

stratum, meanwhile beech stratum obtain smaller RMSE values in models V, N variables than 

pine stratum. Categorical variable Stratum was significant for all the adjustments made with 
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GLM for the entire database (Table 3.5), pointing out the importance of accurate species 

stratification in LiDAR inventories in this type of forest. Nord-Larsen & Schumacher (2012) 

obtained RMSE reductions ranges between 3% and 17 % when equations were adjusted 

separately for conifers and broadleaf. 

RMSE from basal area adjusted GLM (between 3.3 m2 ha-1 for pine stands and 8.1 m2 ha-1for 

mixed stands) is in the range of values found by other authors. González-Ferreiro et al (2012) 

and Stephens et al. (2007) obtained an 8 m2 ha-1RMSE for Pinus radiata D. Don, González-

Olabarria (2012) estimated 6.9  m2 ha-1 RMSE for Pinus nigra Arn.and Pinus pinaster Ait. and 

Holmgren (2004) found a 2.7 m2 ha-1RMSE in boreal forest. 

RMSE from volume variable (53.6 m3 ha-1in beech stands and 66.7 m3 ha-1 in pine stands) has 

values similar to those found in other studies.  Hollaus et al (2007) obtained a 96.8 m3 ha-

1RMSE in the Austrian Alps, Gonzalez-Ferreiro et al (2012) found values varying from 76.9 m3 

ha-1to 94.1 m3 ha-1for Pinus radiata in Galicia, Næsset (2004) calculated RMSE values ranging 

from 32.9 m3 ha-1to 67.8 m3 ha-1in boreal forest and González-Olabarria et al (2012) obtained 

RMSE of 52.46 m3 ha-1for pine stands in Spain. 

RMSE from stem number adjusted GLM ranges between 361 and 392 ha-1 (44% y 50.3 % in 

relative RMSE values). These values are significantly worse than those obtained by other 

authors working with areas of approximately 1000ha.  Gonzalez-Olabarria et al (2012) obtained 

a RMSE of 207 stems ha-1 (29.4 %) in Soria (Iberian Mountain Range) meanwhile Næsset 

(2002) calculated relative values ranging between 16.9% and 22.2% in southeast Norway. 

Accuracy of basal area and volume are within the ranges found in other works, even 

considering studies focused on areas of thousand or hundred hectares. However, accuracies 

obtained in stem number are slightly lower than the numbers found in similar studies. This could 

be triggered because the variable radius of the SNFI field plots (Nord-Larsen & Schumacher, 

2012) affect more sharply to N than to G and V estimations, i.e. large error in the stem number 

estimation in the lowest diameter classes could lead to small errors in volume and basal area 

estimations. 
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Table 3.5. Selected GLM adjusted separately for each stratum and GLM adjusted for all strata using stratum as a co-variable. Dependent variable, LiDAR derived independent 
variables, distribution function, link function, pseudo R2, bias, mean absolute error (MAE), Root-mean-square error (RMSE), relative bias, relative MAE and relative RMSE area 
displayed for each model in the fitting phase. 

Stratum Dependent 
Variable 

LiDAR-derived 
independent variables 

Distribution 
function 

link 
function 

pseudo 
R2 bias MAE RMSE Relative 

bias 
Relative 

MAE 
Relative 
RMSE 

Scot pine G variance, IQ, CRR, LCC gamma power(0.8) 0.58 -0.003 2.369 3.323 0.0 6.3 8.8 

Scot pine V P50, CRR, IQ, stddev gamma identity 0.75 -0.969 45.200 66.703 -0.4 17.7 26.1 

Scot pine N P95, LCC gamma log 0.59 10.074 265.605 391.678 1.3 34.1 50.3 

Beech G CRR, P75 gamma power(2) 0.39 -0.077 5.659 6.847 -0.2 17.8 21.5 

Beech V IQ, P25, CRR gamma identity 0.64 -1.435 43.216 53.640 -0.7 19.8 24.5 

Beech N stddev, CV, P01, P50, 
CRR gamma log 0.40 -4.461 274.083 361.115 -0.5 33.4 44.0 

Beech and 
Scot pine G Estrato:CRR, LCC, IQ gamma log 0.48 -0.015 6.140 8.097 0.0 17.8 23.4 

Beech and 
Scot pine V IQ:Estrato, P25, 

CRR:Estrato, LCC gamma power(0.4) 0.67 0.084 47.973 63.349 0.0 20.3 26.9 

Beech and 
Scot pine N CV, P95:Estrato, LCC gamma log 0.44 4.245 284.394 390.551 0.5 35.4 48.6 
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RMSE values obtained in the RF fitting phase are slightly larger than GLM values for all the 

variables and strata (Table 3.5 and Table 3.6). RMSE value estimated using RF is calculated as 

the RMSE average of the 500 decision trees. RMSE from GLM and RF are computed using 

different approaches and therefore the RMSE of the independent validation is more 

comparable. 

Table 3.6. RF adjusted separately for each stratum and RF adjusted for all strata using stratum as a co-
variable. Dependent variable, Root-mean-square error (RMSE) and relative RMSE area displayed for each 
model in the fitting phase. 

Stratum Dependet variable RMSE Relative RMSE 
Beech G 7.779 24.45 
Beech V 64.635 29.57 
Beech N 389.452 47.50 

Scot pine G 11.014 29.14 
Scot pine V 82.494 32.28 
Scot pine N 463.317 59.55 

Beech and Scot pine G 9.621 27.82 
Beech and Scot pine V 77.872 33.02 
Beech and Scot pine N 414.191 51.57 

The analysis of the importance of variables in RF models shows significant differences between 

the two studied species. In basal area estimations, canopy cover (LCC) has a strong influence 

in pine stands but not in beech stands, whereas 25th height percentile is the main variable in 

beech stands (Figure 3.4). This is likely due to the characteristics of the species (beech closes 

canopies with greater ease than pine) and therefore we find much more variability in beech 

basal area for the same canopy cover than in pine. Therefore, it makes sense that low 

percentiles hold more importance in predicting beech basal area due to its relationship with 

crown height. 

In the case of volume, differences of the importance of variables between the two species are 

not that clear. Height 50th percentile is the most important variable in both species, followed by 

other percentiles and the height mean. Canopy cover (LCC) has more relevance in pine stands 

than in beech stands in RF models for the three considered variables (Figure 3.4). 

Stem number RF models show the importance of Canopy Relief Ratio (CRR) with respect to the 

remaining variables in pine models, meanwhile the most important variables in beech models 

are variance and other dispersion metrics of the point cloud. 



58 
 

Figure 3.4. Importance of the variables in basal area RF regression models (G) for pine stratum (left 
panel) and for beech stratum (right panel). 

 
Figure 3.5. Importance of the variables in volume RF regression models (V) for pine stratum (left panel) 
and for beech stratum (right panel). 

 
Figure 3.6. Importance of the variables in stem number RF regression models (N) for pine stratum (left 
panel) and for beech stratum (right panel). 
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The importance of the variables in RF models shows coherence with the variable selection 

performed in the GLM adjustment procedure. Consequently, the CC variable was selected in all 

cases for GML with stratum as factor, two times for pine GLM and none for beech. Low and 

medium percentiles, which have high importance in the volume RF models, are displayed in all 

the GML. Dispersion metrics of the point cloud such as standard deviation with high importance 

in beech stem number RF model were selected in beech stem number GLM model. 

Validation 

In general, GLM models obtained better results than RF models, both in adjustment and 

validation phase. Validation of the models with SNFI independent plot sample shows excellent 

results for the adjusted GLM that incorporate stratum as a qualitative variable, showing similar 

or slightly better performance that models independently adjusted for each stratum. These 

models achieve the smallest bias and RMSE in volume validation and smallest bias in stem 

number. The validation of basal area model with stratum as a factor was similar to the validation 

with one different model per stratum (Table 3.7). RF models only reached the smallest bias for 

G variable considering one RF model for each stratum. 

Table 3.7.  Models validation results. Symbol * indicates the model with lowest RMSE and symbol +  shows 
model with lowest bias for each stand variable. 

Variable Models bias EAM RMSE 
Relative 

bias 
Relative 

EAM 
Relative 
RMSE 

G* G_glm_pine & G_glm_beech -1.68 7.04 9.18 -4.66 19.54 25.48 
G G_glm_stratum -0.85 6.89 8.98 -2.49 20.04 26.12 
G+ G_RF_pine & G_RF_beech 0.34 8.53 11.08 0.99 24.81 32.24 

G G_RF_stratum -0.86 9.25 11.58 -2.51 26.92 33.69 

N* N_glm_pine & N_glm_beech -15.90 64.73 97.75 -6.21 25.26 38.14 
N+ N_glm_stratum 2.64 319.03 417.67 0.34 41.22 53.97 
N N_RF_pine & N_RF_beech 49.67 357.67 460.22 6.86 49.39 63.55 

N N_RF_stratum 157.13 366.52 508.08 20.30 47.36 65.65 

V V_glm_pine & V_glm_beech -3.87 335.05 423.87 -0.50 43.08 54.50 
V*+ V_glm_stratum -0.62 55.99 82.55 -0.26 23.29 34.34 
V V_RF_pine & V_RF_beech -3.79 61.03 84.61 -1.55 24.99 34.65 

V V_RF_stratum -10.12 74.38 98.47 -4.21 30.94 40.97 

The comparison of RMSE values obtained for GLM with stratum as factor in the fitting phase 

and in the validation phase shows a good performance of these models. Relative RMSE of GLM 

basal area increases from 23.4% to 26.12 %, relative RMSE of volume growths from 26.9% to 
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34.34% and relative RMSE of N variable increases from 48.6% to 53,97%. For all validated 

models (both GLM and RF models), except stem number RF model, the relative bias is lower 

than 10% in the validation phase for all the three stand variables. 

 

 Figure 3.7. Upper graphs correspond to the test area located north of the study region. Lower graphs 
correspond to the test area in the south. A) Stratum of Scot pine, beech and mixed stands according to the 
Spanish Forest Map. Red dots represent the 4th SNFI plots. B) Classification of beech and Scot pine 
according to Landsat imagery. C) Wall to wall volume estimation using Landsat classification and LiDAR 
metrics. 

Landsat classification (plus ancillary data) produced a vegetation map (Figure 3.7B) that 

allowed applying continuous GLM models with stratum as factor and thus, adjust predictions 

taking into account forest structure (using LiDAR metrics) and its composition. The application 
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of GLM with stratum as factor generated a wall to wall map of 25 m pixel for the three stand 

variables (Figure 3.7C).   

This vegetation map based on Landsat and ancillary data classification (Figure 3.7B) is 

coherent with the Spanish Forest Map (Figure 3.7C). Pure stands in Spanish Forest Map are 

dominated by just one specie in the Landsat classification whereas mixed stands are described 

in SFM as pixels of two or more intermingled species. 

Stratum variable was selected in all fitted GLM models, which highlights the importance of 

generating an accurate wall to wall species distribution map (Nord-Larsen & Schumacher, 

2012). Landsat imagery could become a highly usable tool for plot-level LiDAR inventories in 

temperate forest due to their similar resolution (Landsat pixel area equivalent to field plot area 

and to LiDAR processed pixel). Specially, it would be suitable in areas with several different 

intermingled species such as conifer and broadleaf mixed stands  

Available databases, such as nationwide LiDAR flights, Landsat imagery and permanent field 

plots from SNFI, offer an opportunity to reduce drastically high resolution inventory costs. This 

mapping would allow the generation of valid products both for planning and stand-level 

management (Fernández-Landa et al., 2013). Pixel predictions can be aggregated to produce 

unbiased stands estimates, which are valid to design silvicultural interventions and to quantify 

future harvested wood or biomass. 

Volume and basal area errors obtained in the fitting and validation phase of the models are 

similar to the values obtained by other authors for the same species in smaller study areas 

meanwhile stem number errors are larger than values in literature. These can be explained by 

the greater influence that variable-radius plots have in the stem number calculation than in other 

variables as G and V. Hence, focusing the silvicultural decision making process in variables 

such a dominant height, volume and basal area (better than stem number) when wall to wall 

LiDAR inventories are generated using SNFI plots is highly recommended. 
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Chapter 4. Biomass mapping in tropical forest with completed 
LiDAR coverage 

4.1. Introduction 

The Fourth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC) 

evidences an increment in the global average temperature related to an increase of 70% in 

Greenhouse Gas (GHG) emissions due to human activities since 1970 (IPCC 2007). Forests 

play a double role of particular importance on adjustment of the global carbon cycle, acting as 

both carbon emission sources and sinks. Emissions due to deforestation, degradation of the 

forests and land use changes encompass 17.3% of total GHG emissions (IPCC 2007). As 

carbon pools, the IPCC (2007) estimates that forests contain 77% of carbon stored in global 

forest vegetation and 39% of carbon in soils. In this regard, tropical forests are very important 

because they can store more carbon per hectare than other forests (Houghton, 2005), with 

estimates in the order of 25% of carbon in biosphere (Bonan, 2008). According to Forest 

Resources Assessments 2010 (FAO 2010), the highest deforestation rates can be found in the 

tropics, hence tropical forests are the Earths most threatened ecosystems. 

In order to curb the GHG emissions due to forest losses, Reducing Emissions from 

Deforestation and forest Degradation (REDD+) scheme was recognized as a valid mechanism 

against climate change in the 2010 Cancun Agreement (UNFCCC COP-16 Conference). Costa 

Rica joined this initiative integrating the carbon captured data from its National Parks and 

Biological Reserves into the schemes framework, which consequently became one of the main 

points in its REDD+ strategy approved in 2008. 

A transparent system for Monitoring, Reporting and Verification (MRV) is a necessary 

requirement of REDD+ activity. If accurate estimates of carbon are expected then this process 

could prove costly, hence it is important to develop efficient methods to carry out large-scale 

precise and inexpensive measurements. 

Light Detection and Ranging (LiDAR) is an active remote sensing technique based on a laser 

sensor. In the airborne technology the equipment is installed on a plane and LiDAR sensors 

measure the round-trip time for a pulse of laser energy to travel between the sensor and the 
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target. This incident pulse of energy interacts with canopy and ground surfaces and is reflected 

back to the sensor. The travel time of the pulse is measured and every response time assigned 

to a LiDAR height (Drake et al., 2002). 

Airborne- LiDAR technology is a powerful tool for exact estimates of all the spatial variability in 

forest carbon stocks. Although LiDAR data acquisition may be expensive (Gibbs et al., 2007, 

Pirotti, 2011), it is the most appropriate technology at scales ranging from several to several 

million hectares and is useful for calibrating broader-scale Interferometric Synthetic Aperture 

Radar measurements (Sexton et al., 2009). Other authors (Mitchard et al., 2012) showed that 

space-based LiDAR, such as the Geoscience Laser Altimeter System, may be useful as a 

resource to assist the mapping of forest biomass carbon stocks using the classification of high 

resolution optical rather than radar data. 

LiDAR technology enables us to measure new plot-level LiDAR forestry variables, therefore it 

requires the development of new allometric relationships. Asner & Mascaro (2014) proposed a 

general plot-level allometric model based on tree allometry that allows for the evaluation of 

carbon density across a wide range of tropical vegetation conditions. The aim of this paper is to 

validate the aboveground biomass (AGB) plot-level LiDAR allometric model in Poás forest, to fit 

a local AGB plot-level LiDAR allometric model and to compare both models.  Furthermore, two 

general individual tree allometric biomass equations (Chave et al., 2005) have been tested and 

a local LiDAR basal area model adjusted. 

4.2. Materials and methods 

Study area and input data 

The study was carried out in the Poás Volcano National Park (6506 ha), in the province of 

Alajuela (Costa Rica) (Fig. 4.1). It is a stratovolcano complex with a generally steep terrain 

ranging from 1099 m to 2713 m elevation, with a mean annual precipitation and temperature 

gradient of approximately 2300–5100 mm y-1 and 9-15oC, respectively. Due to the existence of 

two slopes (Atlantic and Pacific slopes), an abrupt topography and a wide altitude range is 

observed, leading to a mean annual precipitation and temperature that shows significant 

fluctuations throughout the study area.  
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According to the ecological map of Costa Rica (Bolaños et al. 2005) Poás Volcano area hosts 

forests corresponding to Holdridge life zones of montane rainforest (M-RF), lower montane 

rainforest (LM-RF), montane transition to lower montane rainforest (M-LM), premontane 

rainforest (PM-RF) and lower montane wet forest (LM-WF) (Fig.4.1). 

Figure 4.1. Location of Poás Volcano National Park in Alajuela Province (Costa Rica) and the spatial 
distribution of Holdrige life zones in the area. 

Input data was a 1-m resolution Digital Elevation Model (DEM) and a Digital Surface Model 

(DSM) generated from an airborne LiDAR flight executed by Stereocarto S.L. in July 2010. The 

area was surveyed with the ALS50-II –MpiA sensor (multi pulse in air) and a typical density of 1 

point m-2. These data were projected in the CR05 Reference System and the Transversal 

Mercator projection for Costa Rica CRTM05. A Digital Canopy Model (DCM) that represents the 

maximum vegetation height in each 1-m pixel was obtained from the subtraction of the DEM 

and the DSM. 

In order  to encompass the range of structural and ecological variability in the Park, a stratified 

sample throughout the different life zones of Holdridge was conducted. For this, we generated 

LiDAR-derived canopy height maps to identify the vertical and horizontal structural differences 

in the forest. Thus, a 20m resolution raster was built from a three statistics code. The three 

parameters measured in each 20x20 pixel were: (i) canopy cover as percentage of 1x1m pixels 
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above 2.00 m, (ii) 95th height percentile (P95) and (iii) interquartile range (IQ). They were 

codified in class values taking into account each parameter range (Tab. 4.1) 

Field Plot estimation 

A total of 25 circular sampling plots of 0.04 ha were established in transects encompassing the 

structural variability through the generated code (Tab. 1). In each 0.04 ha plot, we measured 

and identified to the highest possible taxonomic level all woody stems with diameter at breast 

height (DBH) ≥ 5 cm. The heights of all ferns and palms were measured with hypsometer Vertex 

III. All plots were located with a GPS Garmin GPSmap76Cx using the CRTM05 projection. 

Table 4.1. Parameters measured in each 20x20 pixel to generate a code characterizing the vegetation 
structure of Poás National Park (Costa Rica). 

Variable Range Value 

Canopy cover 0-85,5 % 1 
 85,5-99,5 % 2 
 99,5-100 % 3 

P95 2-21 m 1 
 21-27 m 2 
 >27 m 3 

IQ 0-5 m 1 
 5-8 m 2 
 >8 m 3 

 

Aboveground biomass for each tree (agb) inventoried in the plots was estimated using two 

different allometric models (Tab. 4.2). We used and compared the tropical wet forest stands 

allometric equations (Eq. 1 and Eq.2) provided by Chave et al. (2005): 

(1) 𝑀𝑀𝑀𝑀𝑀 𝐼: 𝑎𝑎𝑎 = 𝑀𝑒𝑒 (−2.557 + 0.940 × 𝑀𝑙(𝜌 × 𝐷𝐷𝐷2 ×ℎ)) 

(2) 𝑀𝑀𝑀𝑀𝑀 𝐼𝐼: 𝑎𝑎𝑎 = 𝜌 × 𝑀𝑒𝑒 (−1.239 + 1.98 × 𝑀𝑙(𝐷𝐷𝐷) + 0.207 × (𝑀𝑙(𝐷𝐷𝐷))2 −

0.0281 × (𝑀𝑙(𝐷𝐷𝐷))3) 

where agb is the estimated individual tree oven-dry aboveground biomass (kg), DBH is the tree 

stem diameter at 1.3m (cm), h is the tree height (m) and ρ is the wood specific gravity (oven-dry 

wood over green volume) (g cm-3). 
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Table 4.2. Allometric equations used for aboveground biomass estimates in Poás Volcano National Park 
(Costa Rica). 

Measuring tree height is a hard task in this type of forest, so we used a combination of LiDAR 

measurements and diameter-based estimation to develop a height-diameter model. The 

maximum LiDAR height was related through a power regression with the maximum field 

measured diameter in each sample plot,  in order to avoid unrealistic tree height estimates 

(Asner et al. 2013).This regression was applied to estimate each tree height. 

To estimate each tree wood specific gravity, we followed the Global Wood Density Database 

(Chave et al. Zanne et al. 2009). When it was not possible to use a value for a particular 

species an average value at genus or family level was used. For lower montane (LM-RF) and 

lower montane wet forest (LM-WF) plots, the Readiness Preparation Proposal (2008) (MINAET 

& FONAFIFO, 2010) average values of wood density were applied. These values are based on 

the research of Chudnoff cit. Solórzano (1992). 

Palms biomass was estimated using an equation (Eq. 3) proposed by Frangi & Lugo (1985) for 

the moist forests of Puerto Rico of Prestoea montana (Graham) G. Nicholson. The Tiepolo et al. 

(2002) equation (Eq. 4) for Cyathea genus of tropical montane moist forests of Serra do Mar 

National Park, Brazil was used to estimate a ferns biomass: 

(1) 𝑎𝑎𝑎 = 10.0 + 6.4 × ℎ 

(2) 𝑎𝑎𝑎 = −4266348 (1 − 2792284 × 𝑀0.313677×ℎ)⁄  

Where agb is the estimated oven-dry aboveground biomass (kg) and h is the height (m) in both 

equations. 

Equation DBH range (cm) Number of individuals R2 

Chave et al. (model I) ≥5 – 133.2 419 ND 

Chave et al. (model II) ≥5 – 133.2 419 ND 

Frangi & Lugo - 25 0.96 

Tiepolo et al. - 22 0.88 
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Aboveground biomass (AGB) of each field plot is the sum of the oven-dry aboveground biomass 

of all individual trees (agb), palms and ferns in the plot, expressed per hectare (Tab. 4.3). 

Table 4.3. Summary of the field plot parameters (n = 25) for aboveground biomass modeling in Poás 
Volcano National Park (Costa Rica). 

Plot-level allometric modeling 

A Digital Canopy Model (DCM), the difference between DEM and DSM, was related to the field 

data. We calculated for each sample plot the top-of-canopy height (TCH) (Asner & Mascaro 

2014) which is considered as the average height of all 1m resolution pixels inside sample plots, 

i.e. the average height of all first LiDAR pulse returns in plots. 

Tropical tree crowns can reach over 20 m in diameter; therefore large probabilities exist for tree 

crowns to overlap adjacent 20x20 m plots. This limitation of the available field data may affect 

the results of the survey, so we increased cell size for processing LIDAR data to 25x25 m. In 

addition, by increasing cell size it is possible to minimize errors due to low GPS location 

accuracy, thus improving overlap between DCM cells and sample plots and therefore ensuring 

that measured trees are taken into account in the remote sensing analysis. 

Asner et al. (2011) proposed a plot-level LiDAR allometric approach inspired by Chave et al. 

(2005) general tree allometric theory which assumes that biomass follows the following form: 

 Mean Minimum Maximum Standard Deviation 

BA (m2 ha-1) 58.50 30.97 84.11 13.04 

Wood density (g cm-3) 0.60 0.51 0.70 0.05 

Stem number (stems ha-1) 1699.00 425.00 2500.00 546.94 

TCH (m) 15.28 8.51 20.74 3.34 

AGB model I Chave et al. (t ha-1) 312.42 133.76 580.32 104.62 

AGB model II Chave et al. (t ha-1) 405.16 168.26 987.69 175.10 
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(3) 𝑎𝑎𝑎 = 𝑎 ∙ 𝐷𝐷𝐷𝑏1 ∙ ℎ𝑏2 ∙ 𝜌𝑏3 

Where agb is individual tree aboveground biomass, DBH is stem diameter (cm), h is canopy height (m), ρ 

is wood specific gravity (wood density, g cm−3) and a, b1, b2 and b3 are the model parameters. 

On the basis of this model, Asner & Mascaro (2014) fitted a general model of plot-based aboveground 

biomass (Eq. 6) using a LiDAR plot network of tropical forest sites in Colombia, Hawaii, Madagascar, Peru, 

and Panama to evaluate carbon density across a wide range of tropical vegetation conditions: 

(4) 𝐴𝐴𝐷 = 7.9912 ∙ 𝑇𝑇𝐷0.2807 ∙ 𝐷𝐴0.9721 ∙ 𝜌𝐵𝐵1.3763 

Where AGB is the total plot aboveground biomass (t ha-1), TCH is LiDAR-derived top-of-canopy height 

(m), BA is plot-averaged basal area (m2 ha−1) and ρ_BAis basal-area weighted wood density (g cm−3). 

The general model was originally fitted to estimate aboveground carbon density. A factor of 0.48-1 (Martin 

& Thomas 2011) was used to convert aboveground carbon density model into aboveground biomass. 

This method reduces the need for exhaustive plot-based inventories (Asner & Mascaro 2014) by relating 

TCH with BA, and TCH with wood density at regional level. BA is the only variable to be measured during 

the inventory since density is considered as an average constant value for the plot.  

We validated the general Asner & Mascaro model in our study area and we also fitted a specific model for 

the Poás Volcano forest following the same structure. In order to fit the power AGB model we used the 

Nonlinear Least Squares (nls) function from the  stats package included in the R software (R Core Team 

2013). This function determines the nonlinear (weighted) least-squares estimate of the parameters of a 

nonlinear model using a Gauss-Newton algorithm. 

Asner & Mascaro (2014) proposed a forced through the origin simple linear model to capture the BA 

variation in each region. This BA-TCH origin forced regression assumes that with a TCH of zero, BA must 

not be greater than zero. This ratio between BA and TCH is called a stocking coefficient (SC) (Asner et al. 

2012) and explains structural variability across different tropical forests. In our study area, SC was 

estimated using a similar origin forced linear model. We also related TCH to BA weighted wood density 

using a simple linear model.  

Bias (Eq. 7), root mean squared error (Eq. 8), relative bias (Eq. 9) and relative mean squared error (Eq. 

10) were calculated as principal contrasting statistics in the fitting phase of the AGB local model and in the 

validation of the general model in our study area: 

(5) 𝑎 = ∑ (𝐵𝐴𝐵𝑖−𝐵𝐴𝐵�𝑖)
𝑛
1

𝑛
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(6) 𝑅𝑀𝑅𝑅 = �∑ (𝐵𝐴𝐵𝑖−𝐵𝐴𝐵� 𝑖)2𝑛
1

𝑛
 

(7) 𝑅𝑀𝑅𝑅 = �∑ (𝐵𝐴𝐵𝑖−𝐵𝐴𝐵�𝑖)2𝑛
1

𝑛
 

(8) 𝑎% =  � 𝑏
𝐵𝐴𝐵������� 𝑒100 

(9) 𝑅𝑀𝑅𝑅% =  �𝑅𝑅𝑅𝑅
𝐵𝐴𝐵������ � 𝑒100 

Where AGBi is the true or reference aboveground biomass measured in field plots, (AGB) ̂_i is the 

aboveground biomass estimated by the model, n is the number of plots and (AGB) ̅ is the mean of the 

AGB field plot sample. 

We mapped AGB across the landscape with LiDAR metrics using resolution of 25x25 m (i.e. each grid cell 

had the same area as cells used for LiDAR metrics processing). Top-of-canopy height, basal area and 

basal area weighted wood density were estimated in each cell. We then applied to each grid cell the 

general model and the Poás Volcano specifically fitted model. 

4.3. Results and discussion 

Field measured biomass 

AGB for each plot was calculated using two different Chave equations (Eq. 1 and Eq. 2). In 

order to use Eq. 1, single tree heights obtained through the height-diameter model were 

computed (Eq. 11 and Fig.4.2, R2=0.49, RMSE=3.97 m). 

(10) ℎ = 4.0197 ∙ 𝐷𝐷𝐷0.3814 

Where h is total tree height (m) and DBH is stem diameter (cm). 
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Figure 4.2. Correlation between LiDAR maximum plot heights (m) and maximum diameter measured at 
field plots in Poás National Park (Costa Rica) plots. 

Aboveground biomass values (average ± standard deviation) estimated from the 25 field plots 

were 312.42 ± 104.62 t ha-1 when Chave model I (Eq. 1) was used and 405.16 ± 175.1 with 

Chave model II (Eq. 2).  Mean basal area resulted in values of 58.50 ± 13.04 m2 ha-1 and 

average estimated wood density was 0.60 ± 0.05 g cm−3 (Tab. 4.3). 

We observed important differences in the estimation of AGB (92.74 t ha-1 considering the mean 

value of plot sample) depending on the chosen tree allometry, affecting considerably and 

systematically the continuous estimation of AGB in the study area. The authors are aware that 

measuring heights of several dominant and intermediate trees with hypsometer in the plots 

could have improved this regression curve. This option was not feasible during field work due to 

time and budget constraints. The allometric model errors are one of the main sources of error. 

In this way, Chave et al. (2005) quote in their height and diameter model a standard error of 

12.5%. However, this deviation might be increased by diameters out of the fitting range, as the 

model is no longer reliable with these diameters. 
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Plot-level allometric models 

Basal area was related to TCH through the origin forced linear regresion BA-TCH. Both 

variables show significant correlation (p-value < 0.001). The Stocking coefficient in our sampling 

(SC=3.70) is higher than those reported by Asner & Mascaro (2014) in other tropical areas 

(1.13-2.58). This situation shows that Poás forest has larger biomass density for the same THC 

than the rest of the forests studied by Asner & Mascaro (2014). 

Asner and Mascaro (2014) suggest that the SC varies regionally, e.g. Asner et al. (2013) used 

only one AGB-TCH model to estimate aboveground biomass throughout the Republic of 

Panama. Although in this work SC was estimated for the entire area, the results show that SC 

might have different trends in each life zone (Fig. 4.3). The low number of plots constrained the 

estimation of reliable SC for different Holdridge life zones. 

 

Figure 4.3. Relationship between LiDAR top of canopy heights (TCH) and basal area (Stocking coefficient, 
SC) in each Holdridge life zone of the Poás Volcano National Park (Costa Rica). 

Through the general model, aboveground biomass was estimated using only the field BA 

measurements. Asner and Mascaro (2014) suggested that relascope methods may be 

appropriate for quick BA measurements in-field. However, this method requires the 

development of a methodology to estimate a reliable TCH in variable-radius inventories. 
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There was no significant correlation between basal area weighted wood density and TCH. 

Nevertheless, the small deviation of this variable in sampling (0.60±0.05) and its minor 

importance suggests that it is possible to use a wood density constant value for the entire study 

area.  

Our validation in the Poás forest of Asner & Mascaro (2014) general model (Tab. 4.4) shows 

that Chave model II gives better results than Chave model I in the estimation of individual tree 

aboveground biomass (Fig. 4.4). The application of general model to Poás area produces 

systematic error (Fig. 4.4) when the Chave model I is used. 

 

Figure 4.4. Estimated values of aboveground biomass using LiDAR derived data and the general 
approach (Asner & Mascaro 2014) against estimated aboveground values using field measurements and 
tree allometric equations of Chave et al. (model I and model II) in Poás Volcano National Park (Costa 
Rica). 

The general model was validated with the measured BA in the field plots and with the estimated 

BA using the SC calculated in the area (Tab. 4.4). The large RMSE in the general model (more 

than 100 t-1) was due to the small size plot. Mauya et al. (2015), working with AGB plot-level 

LiDAR models in northern Tanzania, reported that relative root mean square error decreased 

from 63.6 to 29.2% when the size plot was increased from 200 to 3000 m2. We obtained a 
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similar relative RMSE than Mauya et al. for similar plot size (400 m2). The general model had 

low bias (b=-27.5 t ha-1, b%=- 9.31 % ) when SC was applied in our study  area. 

Table 4.4. Asner & Mascaro general model validation results considering Chave et al. model I and model II 
and field measured basal area value (FM) or the Stocking Coefficient basal area value (SC). b is the bias, 
RMSE is the root mean squared error, b% is the relative bias and RMSE% is the relative mean squared 
error. 

 agb model BA b RMSE b% RMSE% 

Chave model I FM -130.56 137.29 -41.79 43.94 

Chave model I SC -120.24 166.83 -38.49 53.40 

Chave model II FM -37.82 102.27 -9.33 25.24 

Chave model II SC -27.50 164.62 -6.79 40.63 

The local model explained 92% of the variability of the sample (RMSE =41.11 t ha-1 using BA 

field measured values) and was fitted following the same structure as the general model. The 

independent variables were significant at the 0.05 level and both local and general models have 

similar R2 (Tab. 4.5). However, the model was not as consistent as before when basal area 

estimations from TCH were incorporated in the local model: large deviations were produced 

(Fig. 4.5) and RMSE increased up to 105.76 t ha-1. This indicates low fitting of TCH and BA in 

this area and therefore, larger plots and/or different fits per life zone are required. 

Table 4.5. Local and general AGB models adjusted parameters for Poás Volcano National Park (Costa 
Rica). 

 a b1 b2 b3 
Adjusted 

R2 
RMSE 

General model 

(Asner&Mascaro) 
7.9912 0.2807 0.9721 1.3763 0.923 34.26 

Local model 1.82137 0.3299 1.17488 1.05626 0.92 41.11 
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Figure 4.5. Fitting local Poás model with TCH-derived basal area (b) resulted in greater deviations than 
fitting with field measured BA (a). 

Our plot size (0.04 ha) was smaller than the one used for generating the model (0.1-1.0 ha). 

Using small plots for estimating AGB or BA in tropical forests may result in improper estimations 

(Meyer et al. 2013, Mauya et al. 2015). Three important outcomes are achieved using larger 

plots (i.e., > 0.5ha): (1) the accuracy of plot-level biomass allometry (Asner & Mascaro 2014) 

improves as the number of trees increases; (2) larger plots minimize the negative effect 

produced by low location accuracy due to GPS; and (3) as tree crowns can exceed 20 m in 

diameter, it is possible that a tree crown studied in LiDAR data may not be part of a tree within 
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the sample plot leading to the so-called “edge effect”). These three effects could be minimized 

by increasing plot size (Meyer et al. 2013), but lead to higher inventory costs. Additionally, size 

plots close to 1 ha could also be appropriate, as recent studies in tropical forests demonstrated 

that uncertainties approach 10% when plot sizes increase up to 1 ha (Asner&Mascaro 2014, 

Zolkos et al. 2013). 

Plot-level AGB models have biological meaning since main biomass factors are involved; i.e. 

height, diameter (through basal area) and wood gravity. Height and diameter determine the 

tridimensional structure of forests and wood gravity details the stored carbon per unit volume.  

In these type of forests large tree crowns in overstore layers leads to an increase of first returns 

from the upper level of canopy recorded by the LiDAR system, overlooking the lower strata 

(Ediriweera et al. 2014). In this respect, TCH (a first return variable) has broadly proved to be a 

good predictor of forest structure, carbon density and biomass in tropical vegetation (Asner & 

Mascaro, 2014).  

Mapping biomass 

Basal area values for the entire National Park were derived from the origin forced linear 

regression BA-TCH (Fig. 4.6). The implementation of both local and general models resulted in 

a consistent and logical map that showed no big differences between neighbour cells and 

displayed biomass values within the expected range for this type of forests (Fig. 4.7). 
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Figure 4.6. Top of Canopy Height (TCH) and Basal Area (BA) values for Poás Volcano National Park 
(Costa Rica). TCH values were obtained through LiDAR data and BA values were derived from a origin 
forced linear regression BA-TCH. 

Figure 4.7. Distribution of estimated AGB (t/ha) by Holdridge life zones in the study area of Poás Volcano 
National Park (Costa Rica). AGB is estimated by a local model (a) and the general approach (Asner & 
Mascaro 2014 ) (b). 
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We chose the most conservative estimate of AGB (Chave model I and our height-diameter 

model) in order to fit the AGB local model for the AGB mapping throughout the Holdrige life 

zones in the study area. We did not take into account cells with TCH under 4.5m for a real 

comparison of stored biomass in each Holdridge life zone because of the extension of bare and 

shrub land, especially in the vicinity of crater areas and the bare eroded areas by lava streams 

(Fig. 4.7). Our pixel resolution (25x25 m) is close to the 30x30m resolution used by Clark et al. 

(2011) or the 33x33m used by Asner et al. (2009), simulating a biomass typical sample plot 

used in many tropical forests studies (Phillips et al. 1998). 

An average value of 286.38 t ha-1 of AGB was determined for forest areas of Poás Volcano, 

while total biomass ranged from 0 to 1212.40 t ha-1. The highest mean AGB value in a life zone 

(346.25 t ha-1) corresponded to premontane wet forest, situated in a lower altitude, while the 

lowest value (198.13 t ha-1) was achieved in the highest areas, i.e. montane wet forest (Fig. 

4.7). Thus, there is a biomass gradient with greater carbon stored in premontane wet forests, 

which are found at lower elevations where there is the highest rainfall (>4000 mm y-1) and 

located in the Pacific side of the Park (Fig. 4.7). This gradient is in the same trend as other 

tropical biomass studies (Girardin et al.2010, Ulate 2010, Moser et al. 2011, Williams 2015). 
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Chapter 5. Aboveground carbon density estimations in tropical 
forest with uncompleted LiDAR coverage and satellite remote 
sensing information 

5.1. Introduction 

Accurate wall-to-wall estimation of tropical forest carbon stocks using remote sensing 

information is the principal challenge of national and subnational REDD + processes. A 

transparent system for Monitoring, Reporting and Verification (MRV) is a necessary section in 

REDD+ activity. This mechanism may imply high costs if accurate estimates of carbon are 

expected, so it is important to develop efficient methods to carry out large-scale precise and 

inexpensive measurements. 

Airborne LiDAR provides accurate information about forest structure over large areas in three 

dimensions and high accuracy forest carbon density can be estimated consequently. However, 

having continuous LiDAR information throughout the study area is economically or logistically 

impossible in many of the cases. In addition, in many tropical regions, traditional ground-based 

forest inventory plots may be infeasible or enormously expensive due to the large size and 

harsh conditions of the study area. Therefore, integration of full-coverage moderate resolution 

satellite data with LiDAR uncompleted sampling may be a reliable solution that combines 

spatially explicit estimation of forest resources, reasonable accuracy and low costs. 

Aboveground biomass estimation using Landsat data and field measurements have been done 

in different studies (Ji et al 2012, Dengsheng et al 2012). A sample plot size compatible with 

Landsat resolution is needed to calibrate Landsat images from field information. The integration 

of LiDAR in Landsat wall to wall biomass estimation allows generating large calibration samples 

(compatible with satellite imagery) gathering all the compositional, structural and ecological 

variability in the study area. Some studies show the potential of combining LiDAR information 

with more accessible satellite imagery in the generation of high fidelity carbon maps (Asner et 

al., 2013, Pflugmacher et al, 2014). 

Decisions about LiDAR flight design are the priority factor to achieve a good balance between 

cost and accuracy in carbon density estimation with incomplete LiDAR coverage. In this study 
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the influence of different systematic LiDAR sampling in top-of-canopy height (TCH) and 

aboveground carbon density (ACD) estimations has been evaluated. 

In this chapter, we also analyse the LiDAR TCH estimation with random forest regression 

models fitted using Landsat 7 ETM+ spectral bands, Digital Elevation Model derived 

information, HV ALOS PALSAR-I band and different LiDAR systematic samplings in Poás 

Volcano National Park (Costa Rica).  

TCH is the only variable needed to estimate ACD in the general plot-level LiDAR allometric 

approach (Asner & Mascaro 2014) when wood density and regional or local basal area-TCH 

relationships are already known. In this work TCH is estimated from satellite and ancillary data 

and therefore ACD estimation from satellite information has been validated. 

5.2. Material and Methods 

Study area 

The study was carried out in the Poas Volcano National Park (65 km2), in the Alajuela province 

of Costa Rica (Fig. 5.1). It is a stratovolcano complex with a generally steep terrain ranging from 

1099 m to 2713 m elevation. Due to the abrupt topography, mean annual precipitation and 

temperature show significant fluctuations throughout the study area. Hence, the climate of this 

area has been classified as montane rainforest, lower montane rainforest, premontane 

rainforest and lower montane wet forest, according to the Holdridge life zones (Holdridge 1967). 

Mean annual precipitation in the study area ranges between 2300 and 5100 mm and 

temperature between -1 and 15ºC. Temperature variation is caused by the elevation range, with 

little variation throughout the year. However, a 2-3 months dry period occur in some areas 

between December and March. 

The study was focused on the National Park where no agricultural land uses are observed. 

However, not all the study area can be considered as forest as there are certain patches with 

natural bare areas and places where vegetation is too small and/or scarce to be considered as 

forest. 
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Figure 5.1. Location of the study area (Poas National park region) in the Alajuela province, Costa Rica. (a) 
The location of the study area can be compared with the extent of the Landsat multispectral satellite 
image, the ALOS data and the LiDAR data. (b) The altitudinal range (1099 - 2713 m) of the study area can 
be observed. 

Remote sensing data 

Different sources of remote sensing data were collected and combined in the present study: 

LiDAR airborne data, Landsat multispectral satellite imagery and ALOS PALSAR satellite data. 

Additionally, the Digital Elevation Model (30 m resolution) from the Shuttle Radar Topography 

Mission (STRM) was used too.  

LiDAR data was derived from a July 2010 flight. The sensor projected was the ALS50-II with 

MpiA with a typical density of 1 point m-2. The input data for the present study were the 1-m 

resolution Digital Elevation Model (DEM) and the Digital Surface Model (DSM) derived from that 

flight. A Digital Canopy Model (DCM) was obtained from the subtraction of the DEM and the 

DSM. The top-of-canopy heights (TCH) variable (Asner & Mascaro 2014) was derived from the 

LiDAR DCM. TCH is computed for every 30 meters Landsat pixel as the average height of all 

1m DCM pixels, i.e. the average height of all first LiDAR pulse returns in plots (Asner & Mascaro 

2014). 

A Landsat 7 ETM+ SLC-off image from March 2012 was geometrically validated and 

atmospheric and radiometrically processed (Chander et al., 2009). An adaptation of Martinuzzi 

et al. 2007 methodology has been used for the cloud and cloud shadow detection. A second 

Landsat 7 ETM+ SLC-off image from January 2012 was used to fill in the gaps caused by 

clouds, shadows and sensor errors in the first image. 
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RADAR products were obtained from the Japan Aerospace Exploration Agency (JAXA), 

corresponding to the Advanced Land Observing Satellite (ALOS)/Phased array Type L-band 

SAR (PALSAR) data available for the forest/no forest map project. This project provides 

mosaics of radiometrically and terrain corrected data at 25 m resolution (Shimada et al 2014). 

The L-band HV cross polarized band from 2010 mosaic was selected for this study. Digital 

levels (ND) from HV band were processed to dB with the following expression:  dB = 

10*Log10(ND). 

Experimental design 

The objective of the study is to analyze the capability of the Landsat and ALOS PALSAR 

combination to predict Aboveground Carbon Density (ACD) based on a calibration dataset 

obtained from LiDAR data instead of field plots. In addition, the influence of how much LiDAR 

data is needed to calibrate this models is also tested. Hence, six different scenarios were 

analyzed depending on the proportion of LiDAR data used for calibration: from 5% of the study 

area to 50% (Figure 5.2, Table 5.1). In addition, for each of these six scenarios, two different 

ACD predictions where done: (1) taking into account the ALOS PALSAR data and (2) without 

the ALOS PALSAR data.  

In each of those scenarios, TCH derived from the LiDAR data (as previously described) was 

used to predict TCH over the entire study area. Afterwards, ACD is calculated based on these 

TCH predictions using the allometry models proposed by Asner and Mascaro (2014), described 

below. Figure 5.3 shows a workflow diagram for the methodology used for each scenario. 
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Figure 5.2. Different scenarios tested according to the percentage of LiDAR data (from 5 to 50% of the 
study area) used for training the models to predict aboveground carbon density in the Poas Volcano 
National Park, Costa Rica. More details can be observed in Table 1. 

Table 5.1. Different scenarios tested according to the percentage of LiDAR data (from 5 to 50% of the 
study area) used for training the models to predict aboveground carbon density in the Poas Volcano 
National Park, Costa Rica 

Scenario* Description of calibration area for each scenario 
LiDAR 

Training 
area (km2) 

Percent of 
the study 
area (%) 

1:1 1 km wide LiDAR each 2 km 30 50 

1:2 1 km wide LiDAR each 3 km 23 38 

1:3 1 km wide LiDAR each 4 km 14 23 

1:4 1 km wide LiDAR in the entire study area 10 17 

1:8 500 m wide LiDAR in the entire study area 6 10 

1:16 250 m wide LiDAR in the entire study area 3 5 

* Scenarios are named based on the ratio between LiDAR calibration area and the available data for 
validation. 
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Figure 5.3. Workflow diagram for the estimation of the Aboveground Carbon Density proposed and tested 
in the Poas Volcano National Park, Costa Rica. 

 

Predictor variables 

Several variables were computed based on the spectral information of the Landsat imagery 

described above: (a) the Normalized Difference Vegetation Index (NDVI), and (b) different 

Haralick´s texture indices: Mean, Sum Entropy, Difference of Entropies, Difference of Variances, 

IC1 and IC2 (Haralick 1973, Haralick 1979). In addition, several variables were calculated 

based on the SRTM Digital Elevation Model: elevation, slope, hillshade, plan curvature, profile 

curvature, Convergence Index (CI) and Multiresolution Index of Valley Bottom Flatness 

(MRVBF). Finally, a stack of 21 bands was generated including the six Landsat spectral bands, 

the NDVI, the six texture indices, the seven variables derivatives from the Digital Elevation 

Model and the HV ALOS PALSAR band (Table 5.2). This 21 bands combination of Landsat, 

ALOS PALSAR and Digital Elevation Model derivatives was used as explanatory/predictor data 

in the statistical models (described below) adjusted to predict the TCH for the entire study area. 
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All the imagery preparation has been operated using different open-source free software. Open-

source libraries Orpheo Tool Box (OTB) and GDAL, free and open source geographic 

information systems SAGA and GRASS were used from QGiS through QGiS processing 

framework. 

Table 5.2. Predictor variables used in the Random Forest regression models. Bands 1 to 13 are derived 
from Landsat images spectral data, bands 14 to 20 are derived from the Digital Elevation Model from the 
Shuttle Radar Topography Mission (STRM 30 m) and band 21 is HV ALOS PALSAR. 

Group of variables Band 
number Variable 

Multi-spectral 

1 Blue 

2 Green 

3 Red 

4 NIR 

5 SWIR-1 

6 SWIR-2 

Vegetation Index 7 Normalized Difference Vegetation Index (NDVI) 

Texture Indices 

8 Mean 

9 Sum Entropy 

10 Difference of Entropies 

11 Difference of Variances 

12 IC1 

13 IC2 

Digital Elevation 
Model 

14 Elevation 

15 Slope 

16 Hillshade 

17 Plan curvature 

18 Profile curvature 

19 Convergence Index (CI) 

20 Multiresolution Index of Valley Bottom Flatness (MRVBF) 

ALOS PALSAR 21 HV ALOS PALSAR band 

Statistical analysis  

Random Forest (RF) methodology (Breiman 2001) was selected in order to perform a non-

parametric regression to predict TCH (response variable) from the predictor variables described 

above (section 2.5, Table 5.2). This methodology was implemented in R (R Core Team 2014), 

using Liaw and Wiener (2002) Random Forest R package. TCH derived from the LiDAR data 

was used as calibration data to adjust the models. 
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In previous works Random Forest regression has showed better performance in biomass and 

carbon density prediction that widely used stepwise multiple linear regression (Mutanga et al.). 

Hansen, Potapov, Moore, Hancher et al. utilized a bagged decision tree methodology for global 

tree cover prediction and forest change detection from Landsat and Baccini et al. (2008) used 

Random Forest to generated a first map of tropical Africa's above-ground biomass derived from 

MODIS imagery. 

Twelve different models were adjusted, two for each of the six scenarios delineated in 

accordance to the proportion of LiDAR use for the calibration of the models: (1) including the HV 

ALOS PALSAR band as a predictor variable (1:1S, 1:2S, 1:3S, 1:4S, 1:8S, 1:16S) and (2) 

without taking this information into account (1:1, 1:2, 1:3, 1:4, 1:8, 1:16). 

Aboveground Carbon Density allometry 

Asner and Mascaro (2014) plot-based model was used to predict ACD from TCH in our study 

area (Eq. 1): 

(1) 𝐴𝑇𝐷 = 3.8358 ∙ 𝑇𝑇𝐷0.2807 ∙ 𝐷𝐴0.9721 ∙ 𝜌𝐵𝐵1.3763 

Where ACD is the Aboveground Carbon Density (Mg ha-1), TCH is Top-of-Canopy Height (m), 

BA is Basal Area (m2 ha-1) and ρBA is basal-area weighted wood density (g cm-3). 

This model was simplified as a specific BA-TCH-ρBA relationship for the Poas Volcano National 

Park. Hence, TCH was the only variable needed to estimate ACD. This modification has been 

proposed by Asner and Mascaro (2014) and tested in Fernandez-Landa et al., in process) 

The resulting 30 m resolution ACD raster was resampled to 100 m pixel resolution (1 ha). 

Recent studies in tropical forests demonstrated that aboveground biomass uncertainties 

approach 10% when plot sizes increase up to 1 ha (Asner&Mascaro 2014, Zolkos et al. 2013). 

Hence, in order to apply the general LiDAR plot-level model to estimated ACD, nearest 

neighbor resampling was used to resample TCH from 30 m to 100 m pixel. 
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Forest/non forest mask 

National forest definitions are usually based on a minimum height and a minimum tree cover, 

e.g. Costa Rica Forest definition uses a tree crown cover of 30 per cent and a tree height of 5 

meters as thresholds to separate forest from no forest. Forest/non forest masks were created 

based on the TCH predictions made by RF models for each scenario. Pixels with TCH >5m 

were considered as forest whereas pixels with TCH<5m were classified as non forest. 

The Landsat capability to differentiate a minimum forest height was validated comparing a 5 m 

LiDAR-derived TCH forest/non forest mask with a 5 m Landsat-derived TCH mask. The 5 m 

LiDAR-derived TCH forest/non forest mask was considered as ground truth and overall, user 

and producer accuracy were computed. 

Validation 

The LiDAR data not used for calibrating the abovementioned models is used for validation 

(Figure 5.2, Table 5.1). For TCH validation 3000 randomly selected points of each scenario 

were used whereas only 300 randomly selected points in the ACD validation. LiDAR-derived 

TCH and ACD were considered the reference or ground truth values. The bias, mean absolute 

error (MAE) and root mean squared error (RMSE) were computed to analyze the results of this 

validation. 

ACD was only validated in areas considered as forest and abovementioned forest/non forest 

mask for each scenario (Landsat-derived TCH > 5 m) was used in the ACD validation process. 

5.3. Results and discussion 

Statistical models: calibration and variable importance 

Analyzing the relative importance of the variables show how the models with and without taking 

the radar into account (band 21) do not have a noticeable difference to this respect, most 

probably because the radar variable do not play a major role in the models in which it 

participates (Figure 5.4). NDVI (band 7), red spectral band (band 3) and elevation (band 14) are 

generally the most important variables in the adjusted models, even though some other 

variables have also a relatively high importance in some of the adjusted models (Figure 5.4). 
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Some variable of each of the four groups of variables (spectral, vegetation index, texture and 

digital elevation model) were represented always within the ten most important variables. 

The high “penetrating” capability of the near infrared band through forested canopy (Huete et al, 

1997) could prove the importance of vegetation index in biomass estimation with optic sensors. 

For example, this band (Landsat ETM+ near infrared) was considered a strong predictor of both 

stand height and crown closure in temperate forest (Gerylo et al, 2002, Hall et al. 2006). 

Although texture bands are not the most relevant variables in this study, previous works have 

showed that a combination of spectral signature and textural images improved considerably 

biomass estimation in some moist mature tropical forest (Dengsheng et al, 2012). 

The high relevance of elevation have already been detected by several other authors for land 

cover classification (Fahsi et al. 2000; Dewan and Yamaguchi 2009; Rodríguez-Galiano et al. 

2012; Mellor et al. 2013). In a landscape such as the Poas Volcano National Park, with an 

elevation range of 1099-2713 m above sea level in just a 65 km2 area, the elevation plays a key 

role in the landscape ecology and it has been traditionally observed as a determinant ecological 

variable and a proxy of several other environmental variables such as temperature (e.g. 

Holdridge 1967). 
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Figure 5.4. Relative importance of the 21 predictor co-variables in the 12 statistical models 
adjusted to estimate Top of Canopy Height in the Poas Volcano National Park (Costa Rica). 
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Model validation 

TCH and ACD prediction resulted in a consistent and logical map that showed no big 

differences between neighbor cells. TCH validation shows that the best results were obtained 

when the training area was 50% of the study area. 

The different examined alternatives show a slight decrease in the determination coefficient and 

a minor increase in RMSE when decreasing harshly the LiDAR coverage area (when smaller 

training areas were used). A decrease of 90% in LiDAR coverage area leads just an 11% 

increase in RMSE of TCH estimation. We obtained low bias in all the cases, being roughly a 

meter in the worst scenario.Thus, results indicate that height vegetation estimations are feasible 

using low LiDAR coverage areas (between 5% and 20%) in tropical locations. 

Table 5.2. Validation of the top-of-canopy height (TCH) RF models. Predictor variables, scenario (Table 

5.1 and Figure 5.2), bias, mean absolute error (MAE), Root-mean-square error (RMSE), relative bias and 

coefficient of determination (R2) are displayed for each model in the validation phase. 

Predictor variables Scenario bias MAE RMSE R2 

Bands from 1 to 20 
(without SAR 

band) 

1:1 0.315 3.750 4.918 0.573 

1:2 -0.449 3.806 4.950 0.554 

1:3 1.168 4.288 5.502 0.485 

1:4 0.523 4.152 5.319 0.515 

1:8 -1.074 4.166 5.398 0.491 

1:16 -1.067 4.197 5.555 0.439 

Bands from 1 to 21 
(with SAR band) 

1:1 0.308 3.761 4.932 0.570 

1:2 -0.444 3.822 4.971 0.550 

1:3 1.138 4.309 5.533 0.479 

1:4 0.514 4.155 5.327 0.513 

1:8 -1.049 4.143 5.370 0.496 

1:16 -1.034 4.182 5.543 0.442 

An improvement of the incorporation of HV SAR band in the TCH prediction is not detected 

(Table 5.2), confirming the results showed in the RF variable importance analysis (Figure 5.4). 

High carbon density in Poás forest possibly saturated the radar backscatter response in the 
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entire study area. Backscatter may have low sensitivity to biomass prediction in areas with high 

biomass due to apparent signal saturation (100-150 Mg ha-1 for L-band radar). Mitchard et al. 

(2009) show a clear reduction in sensitivity (saturation) between 150 and 200 Mg ha−1 in four 

different African landscapes. Mermoz et al., 2014 assume that the backscatter saturation occurs 

for AGB of approximately 150 t.ha-1 in the Cameroon savannah using ALOS PALSAR data. 

Figure 5.5. Variation of RMSE, MAE, bias and R2 versus size of the training areas 

Figure 5.6. a) 1 m resolution Digital Canopy Model, b) 30 m resolution Top of Canopy-Heigh (TCH) and c) 
30 m resolution Landsat TCH prediction 

Landsat TCH-based forest/non forest mask had an overall accuracy higher than 0.8 in all the 

scenarios. Forest/non forest mask of the scenario 1: 1, with only a 5 % of LiDAR coverage, 

obtained higher accuracy than scenarios 1: 3 and 1: 4 with 23 and 14 % of LiDAR coverage 



96 
 

respectively (Table 5.3). Differences between Landsat-derived forest/non forest TCH mask and 

LiDAR-derived TCH mask are mainly located in shrub land and in the vicinity of crater and bare 

eroded lava streams areas (Figure 5.7). 

 
Figure 5.7. Forest/non forest validation maps of 30 m resolution. Green pixels mean LiDAR-TCH and 
Landsat-TCH larger than 5 m, grey pixels represent both LiDAR-TCH and Landsat-TCH smaller than 5 
meters, yellow pixels symbolize LiDAR-TCH smaller than 5 meter and TCH-Landsat larger than 5 m, and 
orange pixels mean LIDAR-TCH larger than 5 m and Landsat-TCH smaller than 5 m. 
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Table 5.3. Validation results of Landsat forest/non forest masks in Poás National Park. Forest is defined 
with a TCH threshold of 5 m. LiDAR-derived TCH mask is considered as ground truth. 

Scenario Overall 
accuracy Land Cover Class Producers 

accuracy Users accuracy 

1:1 0.896 
Forest 0.975 0.870 

No-forest 0.708 0.934 

1:2 0.891 
Forest 0.942 0.899 

No-forest 0.789 0.871 

1:3 0.807 
Forest 0.982 0.784 

No-forest 0.458 0.927 

1:4 0.810 
Forest 0.978 0.788 

No-forest 0.473 0.916 

1:8 0.827 
Forest 0.906 0.846 

No-forest 0.669 0.780 

1:16 0.826 
Forest 0.897 0.850 

No-forest 0.683 0.768 

 

Carbon density validation 

Validation of the scenario 1:3 shows better values than 1:1 (smaller bias, MAE and RMSE). In 

all scenarios there was a systematic error in the ACD predictions with satellite data because 

LiDAR ACD estimations had larger values than ACD satellite predictions. Best ACD validation 

was obtained with a LiDAR coverage representing 23 % of the study area. Selection of the 

training area size is related to the total size of the study area, decreasing the percentage of the 

training area when the total area increases. Asner et al (2013) calibrated decision-tree models 

to generate a wall to wall national carbon map in Panama using a systematic LiDAR coverage 

of 4.1 % of the country (3055 km2) obtaining bias ≤ 15.3 Mg C ha-1 in six validation areas of 

1000 ha. . In Poas Volcano study site having LiDAR information in only 23% of the area was 

preferred than having 38-50 %. 
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Table 5.4. Aboveground Carbon Density (ACD) validation for the different scenarios (Table 5.1 and Figure 

5.2), bias, mean absolute error (MAE), Root-mean-square error (RMSE), relative bias , relative MAE and 

relative RMSE are displayed. 

Scenario bias MAE RMSE Relative bias Relative MAE Relative 
RMSE 

1:1 23.1 65.5 82.7 11.5 32.6 41.2 

1:2 30.9 66.2 86.4 16.1 34.4 44.8 

1:3 3.9 64.1 80.9 2.1 34.7 43.8 

1:4 21.8 70.1 87.5 11.3 36.4 45.4 

1:8 45.3 75.9 96.1 23.5 39.3 49.8 

1:16 51.4 75.2 99.9 25.4 37.1 49.3 
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Chapter 6. General discussion 

The thesis results show that LiDAR-based plot-level forest inventories are an effective tool 

generating accurate wall to wall forest resources information in large areas and the combination 

of nationwide LiDAR databases, field plot of National Forest Inventoies and moderate resolution 

saltellyte imagery is an oportunity to reduce costs in forest management. The suitability of 

nationwide LiDAR databases in operational forest inventories as an alternative to specifically 

designed flights is analysed in chapter 2. Discrepancies in forest variables estimations between 

a nationwide database provided by the Spanish National Plan for Aerial Orthophotography 

(PNOA-LiDAR) with a point density of 0.5 point m-2 and a specifically database acquired for 

forest management applications with 2 point m-2 are evaluated. The influence of scan angle, 

terrain orientation with respect to the flight lines and slope in forest structure variables 

estimation is analysed. Results of this chapter show that low point density LiDAR data (0.5 point 

m-2 in our case) allow achieving similar results than higher density LiDAR data (2 point m-2), in 

agreement with previous studies. For instance, Gobakken & Naesset (2008) showed that most 

of the laser point density effects were found when reducing the point density from 0.13 to 0.06 

point m-2. Maltamo et al. (2006) did not found point density effects on stem volume prediction 

analysing point densities of 12.7, 6.3, 1.3, 0.6, and 0.13 point m-2. In this thesis, biomass 

models adjusted with both databases are similar in RMSE and determination coefficient, and 

estimated biomass differences for both databases were not statistically significant. 

Besides point density, other factors related to flight design or sensor configuration can affect the 

main forest variables estimation. Nationwide flight campaigns cover a wide range of forest types 

and topographic structures, with highly variable and not always optimal flying conditions. 

Therefore, analysing the influence of scan angle, terrain slope and terrain orientation with 

respect to the scan lines in forest variables prediction is needed when LiDAR data is captured in 

large areas. In Chapter 2 the influence of these factors is analysed by comparing both LiDAR 

databases. Results show that canopy cover measurements, height standard deviation and 

biomass are more affected by scan angle, slope and orientation than height percentiles. In 

agreement with these results, Holmgren et al 2003 found that canopy cover was more affected 

by scanning angle than laser height percentiles and Montaghi (2013) indicated that most plot-
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level prediction metrics were relatively unaffected by high scanning angles, up to 20 degrees. 

However, this author found that differences in vegetation ratio and understory ratio were 

significant for scanning angles greater than 10 degrees compared to those derived from a 0 

degrees scanning angle. 

In this thesis the influence scan angle in different species is not evaluated.  Holmgren et al 2003 

showed that height percentiles and canopy cover changed more with an increased scanning 

angle for long crown species like spruce, compared with short crown species like pine. I would 

be necessary in future work to analyse the interactions between scan angle, slope and terrain 

orientation of nationwide flight and the main different forest species within a country, i.e. Spain. 

Despite the influence of scan angle, slope and terrain orientation with respect to the scanning 

lines, differences in forest variables and biomass were low, especially considering the areas 

where forest management focuses (areas with slopes lower than 50%, i.e. 26.57º). Therefore, in 

most of these areas biomass estimates from the nationwide LiDAR database showed mean 

differences lower than 4% with respect to biomass obtained from the specific LiDAR flights. 

Differences larger than 4% were only found when the slopes are non-oriented towards the flight 

lines and scan angles and slopes are larger than 15º. An appropriate classification of the PNOA 

point cloud ensuring non-usage of information with large scan angles in overlapping areas 

would significantly reduce these deviations. 

Chapter 3 addresses the question of whether field plots of the National Forest Inventories can 

be used in operational LIDAR forest inventories. Nord-Larsen & Schumacher (2012), using the 

nationwide flight and the variable radius NFI plots in Denmark, obtained results similar to other 

authors working with specific flights and field plots. In this thesis, by using variable radius 

permanent plots of Spanish National Forest Inventory along with nationwide LiDAR data, 

accuracy of basal area and volume was checked to agree within the ranges established in other 

works (Gonzalez-Ferreiro et al 2012, Næsset 2004, Hollaus et al, 2007, Holmgren 2004). 

However, accuracies obtained in stem number are slightly lower than in similar studies. This 

could be explained by the fact that the variable radius of the SNFI field plots affects more 

sharply N (stem number) than G and V estimations, i.e. a large error in the stem number 

estimation in the lowest diameter classes could lead to small errors in volume and basal area 
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estimations. Hence, variables such a dominant height, volume and basal area (better than stem 

number) should be consider in the silvicultural decision making process when wall to wall LiDAR 

inventories are generated using SNFI plots. Nord-Larsen & Schumacher (2012) pointed out that 

variable radius plots introduce additional errors to the dependent variables affecting negatively 

the observed model precision, so that actual model precision may be even higher than 

estimated. 

Predictions in plot-level LiDAR forest inventories in temperate forest are improved when the 

study area is stratified according to the different species (Nord-Larsen & Schumacher, 2012, 

Næsset & Gobakken, 2008). In this work, generalized linear models (GLM) adjusted in chapter 

3 included the categorical variable stratum for all cases (stem number, basal area and volume).  

Chapter 3 shows how wall to wall stratification required by LiDAR inventories can be generated 

with an appropriate resolution under a multi-source approach, involving other data such as 

Landsat imagery classification and ancillary information derived from LiDAR Digital Elevation 

Models. The model obtained in the classification of beech, pine and other broadleaf species 

presented high accuracy. Therefore, the incorporation of Landsat images (or similar) to forest 

inventories using LiDAR technology may lead to an increase in estimations accuracy and 

resources saving in photo-interpretation processes and vegetation mapping generation, being 

the alternative to manual scanning and photo-interpretation of homogenous units of vegetation. 

The increasing availability of multispectral medium-resolution satellite data in tropical countries 

is also an opportunity to reduce costs in biomass and wall to wall carbon estimations. These 

countries do not support national programs to capture LiDAR data and therefore, a complete 

LiDAR capture in large areas is economically unfeasible in most cases. Incorporation of satellite 

imagery in tropical areas is crucial due to their large proportions of forest lands (mostly remote 

and difficult to access) and the limited financial resources (McRobert et al, 2012). 

Open-access Landsat imagery have proved as an excellent source of information for forest 

variables estimation. Opsomer et al. (2007) used a non-parametric regression to estimate 

multiple forest attributes in western USA from forest inventory and Landsat data. Baffetta et al. 

(2009) estimated timber volume in Italy with forest inventory and Landsat data. McRoberts 

(2010) used a logistic regression model to estimate proportion of forest using forest inventory 
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and Landsat data in USA. McRoberts et al. (2006, 2007, 2010) used Landsat data to estimate 

proportion forest area, basal area, volume and stem density. 

Chapter 4 investigates biomass and carbon estimation methods in tropical forests from LiDAR 

data and chapter 5 analyses wall to wall carbon density data estimations from Landsat and 

incomplete LiDAR samples using non-parametric Random Forest models. 

In chapter 4 a pantropical plot-level LiDAR methodology is validated (Asner & Mascaro 2014) in 

Poás Volcano National Park (Costa Rica). This methodology can be easily and reliably applied 

in tropical countries and aboveground biomass can be estimated by measuring only the basal 

area (BA) in field plots to obtain a local relationship between basal area and LiDAR top-of-

canopy height (TCH). This method presents an advantage over traditional intensive inventories 

for mapping biomass and carbon density in tropical forests, since expensive and time-

consuming inventories are no longer required. It shows an easier approach to obtain BA 

through LiDAR top-of-canopy height data, since BA is the only field measurement required. 

Therefore, the definition of precise BA field measurement procedures (e.g. location, size and 

shape of the field plots) is decisive to achieve reliable results in future studies. The influence of 

plot size on BA-TCH fittings was confirmed; hence an increment of plot size is recommended for 

future studies. 

Asner and Mascaro (2014) suggested that SC (Stocking Coefficient) varies regionally, i.e.  

Asner et al. (2014) used only one AGB-TCH model to estimate aboveground biomass 

throughout the Republic of Panama. The relation between BA and TCH (Stocking Coefficient) 

obtained in our study area in Costa Rica may vary locally, i.e. in small geographical areas (few 

thousand hectares). More field work is needed to assess how Stocking Coefficient varies 

between different life zones. Poás Volcano N.P. showed high values of SC, which implies that 

its forests present larger biomass density for the same TCH compared to the rest of the forests 

studied by Asner & Mascaro (2014).  

The methodology assessed in Chapter 4 allows obtaining accurate biomass and carbon density 

estimates from LiDAR information, uncertainties approach 10% when plot sizes increase up to 1 

ha (Asner&Mascaro 2014, Zolkos et al. 2013). If using full LiDAR coverage is not possible, 

incomplete LiDAR coverage estimations can be used to calibrate models assessing wall to wall 
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biomass and carbon from Landsat and ancillary data. LiDAR estimates can generate a model 

calibration sample covering high variability in the study area. This LiDAR sampling would be 

economically and technically impossible to achieve exclusively through field measurements. 

In chapter 5 the former approach was applied by estimating wall to wall top-of-canopy height 

and carbon density combining systematic LiDAR information sampling with full coverage 

Landsat imagery and ancillary data. Independent validations showed low bias in the estimation 

of top-of-canopy height variable (from 1m to 1.17m) and in the estimation of carbon density 

(ranging between 2% and 25%) depending on percentage of LiDAR coverage. The different 

examined alternatives predicting Landsat carbon density showed a slight decrease in the 

determination coefficient and a minor increase in RMSE when harshly decreasing the LiDAR 

coverage area. A decrease of 90% in LiDAR coverage area led to just an 11% increase in 

RMSE of TCH estimation. Thus, results indicate that vegetation height, biomass or carbon 

density estimations are feasible using low LiDAR coverage areas (between 5% and 20% of the 

study area) in tropical locations. These results are in agreement with previous studies. Asner et 

al (2013) calibrated decision-tree models to generate a wall to wall national carbon map in 

Panama using a systematic LiDAR coverage of 4.1 % of the country (3,055 km2) obtaining bias 

≤ 15.3 Mg C ha-1 in six validation areas of 1000 ha. 
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Chapter 7. Conclusions 

1 Spanish nationwide LiDAR databases allow wall to wall estimation of forest structure 

and biomass, presenting minor differences compared to the estimations from specific LiDAR 

flights. Canopy cover measurements, height standard deviation and biomass are more affected 

by scan angle, slope and terrain orientation with respect to the flight lines than height 

percentiles. 

2 Differences in predicted stand variables between a nationwide flight and a specific flight 

are influenced by the LiDAR variables included in the model. Deviations from estimates 

between a nationwide and a specific flight will be more dependent on the scan angle if LiDAR 

canopy cover (LCC) variable is included as a co-variable in the model. Furthermore, these 

deviations are also dependent on the slope if the model includes height percentiles and 

influenced by both slope and scan angle if the model includes both LCC and height percentiles. 

3 Estimations made from the nationwide LiDAR information show mean differences lower 

than 4% with respect to specific LiDAR information in most of the areas where forest 

management is focused (slopes lower than 50%, i.e. lower than 26.57º). Differences larger than 

4% are mainly found when the slopes are non-oriented towards the scan lines and the scan 

angles and slopes are larger than 15º. 

4 Available databases such as nationwide LiDAR flights, Landsat imagery and permanent 

field plots from Spanish National Forest Inventory (SNFI) are an adequate source of information 

to generate wall to wall forest inventories. Volume and basal area errors obtained in the 

adjustment and validation phase of the models are similar to the values reported by other 

authors for the same species in smaller study areas meanwhile stem number errors are larger 

than values in literature. These can be explained by the greater influence that variable-radius 

plots have in the stem number calculation than in other variables. Hence, it is highly 

recommended focusing the silvicultural decision making process in variables such as dominant 
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height, volume and basal area (better than stem number) when wall to wall LiDAR inventories 

are generated using SNFI plots. 

5 Wall to wall species stratification is crucial to obtain accurate estimations of forest 

variables and Landsat classification may become a highly usable tool for plot-level LiDAR 

inventories in temperate forests when data-sources have similar spatial resolution (Landsat 

pixel area equivalent to field plot area and to LiDAR processed pixel). Specially, it would be 

suitable in areas with several different intermingled species such as conifer and broadleaf mixed 

stands  

6 Pantropical plot-level LiDAR approach was validated in Poás Volcano National Park 

(Costa Rica) confirming its advantage over traditional intensive inventories for mapping biomass 

and carbon density in tropical forests. Aboveground biomass could be estimated by measuring 

only basal area (BA) in field plots to obtain a local relationship between basal area and LiDAR 

top-of-canopy height (TCH). 

7 The definition of precise basal area (BA) field measurement procedures (e.g. location, 

size and shape of the field plots) is decisive to achieve reliable results in future studies. We also 

confirmed the influence of plot size on BA-TCH fittings; and hence, an increment of plot size is 

recommended for future studies.  

8 The relation between BA and TCH (Stocking Coefficient) obtained in our study area in 

Costa Rica shows that Stocking Coefficient may vary locally, even in small geographical areas 

(as the study area). More field work is needed to assess the variation of Stocking Coefficient 

varies between different bioclimatic zones. Poás Volcano N.P. showed high values of SC, which 

implied that its forests present larger biomass density for the same TCH compared to other 

studies. Average basal area (58.50 ± 13.04 m2 ha-1) in the Poás Volcano N.P. is significantly 

higher than in other forests. As this parameter has a major influence on biomass storage, it 

confirms that these tropical forests play an important role as carbon sinks. In this sense their 

protection and conservation is essential in a country devoted to a carbon neutral goal. 
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9 Combination of systematic LiDAR information with full coverage Landsat imagery (and 

ancillary data) is an effective alternative for biomass and carbon density estimations in tropical 

areas. This methodology allows estimating wall to wall vegetation height, biomass and carbon 

density in large areas where LiDAR full coverage and field work are technically and/or 

economically unfeasible. Our independent validations show low bias in the estimation of top-of-

canopy height variable (from 1m to 1.17m) and in the estimation of carbon density (ranging 

between 2% and 25%). 

10 The examined alternatives for predicting carbon density from Landsat data show a slight 

decrease in the determination coefficient and a minor increase in RMSE when harshly 

decreasing the LiDAR coverage area. A decrease of 90% in LiDAR coverage area leads to a 

11% increase in RMSE of TCH estimation. Thus, results indicate that vegetation height, 

biomass and carbon density estimations are feasible using a small percentage of the LiDAR 

coverage (between 5% and 20% of the study area) in tropical locations. 
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