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At 38% of global land surface area, agriculture exceeds forest as the dominant 

global biome. Despite losses of tropical forests, tropical agricultural landscapes contain 

substantial tree cover. While agricultural trees provide valuable services and products, 

tree species composition and aboveground biomass have not been quantified across 

agricultural landscapes due to inadequate methods to characterize dispersed and 

heterogeneous tree cover. The objective of this research is to characterize a tropical 

agricultural landscape on the Azuero Peninsula of Panama in terms of tree species 

composition and aboveground biomass using high-resolution hyperspectral and lidar 

aerial data. First, we used hyperspectral reflectance (150 bands, 380-2510 nm) to 

develop a classification model to identify 37 tropical tree species. The final model had 

an accuracy of 61.4% with species-specific accuracy ranging from 8.3-96.7%. Second, 

we used lidar data (1.12 m spatial resolution) to estimate aboveground biomass of 

agricultural and forest trees. Approximately 54% of total landscape tree cover was found 

in agricultural areas with an average aboveground biomass density of 12.7 Mg/ha, 

which accounted for more aboveground biomass than forested areas. Furthermore, this 
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estimate is 60% greater than published landscape estimates from methods developed 

for forested areas, with the largest differences occurring in areas with dispersed tree 

cover. This research demonstrates the utility of novel aerial data to characterize species 

composition and biomass of a diverse and heterogeneous tropical landscape. As 

agriculture continues to expand to provide resources for growing global populations, 

hyperspectral and lidar aerial data can provide information about forest resources of 

tropical landscapes. 
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CHAPTER 1 
INTRODUCTION: A NEW LANDSCAPE PERSPECTIVE 

Agricultural Production and Ecosystem Services 

The growing global population is causing unprecedented change in global land 

use and land cover. Using 2010 global assessments developed from national reports, 

the Food and Agriculture Organization of the United Nations (FAO) estimate that 38% of 

global land area is used for agricultural production, whereas 31% is forested (FAOSTAT 

2014). Similar conclusions about agricultural surpassing forest as the dominant global 

biome have been reached using analysis of satellite data (Ramankutty et al. 2008). 

Global forest loss, particularly of tropical forests, driven by agricultural expansion 

has global consequences for the carbon cycle and species diversity. Land use change 

in the tropics, which is dominated by the loss of forests and expansion of agriculture 

(Gibbs et al. 2010), has caused an average annual emission of 4 Pg of carbon to the 

atmosphere (Houghton 2003). Furthermore, while current and future estimates in global 

species extinction rates are widely variable depending on region, species taxa, and 

estimate method, (Stork 2010) land use change is proposed as the primary driver of 

species extinction (Sala 2000). Ecological consequences of these patterns in global 

land use change also cause numerous social consequences, including the extinction of 

indigenous communities and loss of tropical forest products (Laurance 1999). 

As global populations continue to increase, resulting in greater demand for food 

and fuel production, a major global question to address is how to meet these demands 

without compromising the functions and diversity of natural ecosystems (Laurance et al. 

2014). One proposed solution is to increase the production of current agricultural land to 

meet demand and reduce the expansion of agricultural area (Foley et al. 2005). In this 
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“land sparing” scenario, land in agriculture and forest (or other natural and ecologically 

valuable ecosystems) are physically separate, allowing for intense agricultural 

production, thereby sparing forests because agricultural demand has been met (DeFries 

and Rosenzweig 2010). In regions of the world that have low current production relative 

to the land potential, practices of intensified agricultural production, such as the use of 

irrigation, application of fertilizer, could reduce this apparent “yield gap” (Mueller et al. 

2012). This strategy was implemented during the 1940s and 1950s with the green 

revolution, where it was estimated improved agricultural practices increased food 

production and prevented agricultural expansion onto 18 to 27 million hectares of land 

area (Stevenson et al. 2013). 

An alternative approach, referred to as “land sharing” is one of multi-functional 

agriculture, where areas of agricultural production contain elements of natural 

ecosystems, such as tree cover (Foley et al. 2005). In this strategy, agricultural 

production may be lower than in an intensified system with high mechanization and high 

inputs, but the system maintains some diversity and services of the natural ecosystem 

while still producing agricultural products. Progress in the development of these 

systems has been made in the field of agroforestry, where crop and trees are grown 

together (Nair 2008). 

There is not likely one scenario that can be applied throughout the globe and 

socio-economic factors are major determinants of land management outcomes 

(Carberry et al. 2013). Furthermore, solutions to the food production problem will require 

investment in education, technology, and new ways of thinking, such as the 

development of new crop varieties (Tilman et al. 2002). However, the land sparing and 
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land sharing debate is increasingly informed by quantitative analysis of different 

scenarios. These studies highlight the ways in which land management scenarios are 

evaluated, which often include a limited set of descriptors, such as animal or insect 

species richness, and forest biomass. 

This thesis research adds to the discussion by quantifying the two metrics by 

which landscapes are evaluated, tree species composition and abundance, and 

aboveground carbon. The unique element of this research is the use of aerial imagery 

to derive estimates of species diversity and biomass. This approach allows for 

examination of large areas across a complex landscape. Furthermore, it produces 

spatially explicit results, which can be used with other datasets, such as agricultural 

production. 

Agricultural Tree Cover Dynamics 

Field studies and analysis of satellite imagery indicates that agricultural 

landscapes are not void of trees, suggesting that the ecological services trees provide 

may still be present, albeit at a lower level than the services provided by a tropical forest 

that likely preceded agriculture. Small scale studies using historic aerial imagery have 

revealed that agricultural tree cover changes through time. While these studies provide 

information on some drivers of changes in tree cover on agricultural landscapes, this 

understanding is limited to select sites and small scales, and therefore cannot be used 

to understand global trends (Gibbons et al. 2008, Fischer et al. 2010). At the global 

scale, analysis of satellite data has revealed that agricultural tree cover in the tropics is 

high. For example, in Central America, 94% of agricultural land has over 10% tree 

cover. While some of the patterns of tree cover can be explained by climate and 

population density, other factors of tenure, market, and national policies are likely 
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important factors in global trends of agricultural tree cover (Zomer et al. 2014). To better 

understand tree resources in lands outside of forests, the FAO, which compiles national 

and global reports of natural resources, particularly land use and forest cover, are 

calling for an incorporation of trees outside of forests into national and global inventories 

of resources (de Foresta et al. 2013). This highlights the global need for documentation 

of trees in agricultural landscapes. 

Agricultural landscapes, and the tree cover that goes along with it, will continue 

to change with growth in human population and socio-economic changes (Munteanu et 

al. 2014). Satellite estimates show that between 2000 and 2010, agricultural areas with 

some form of tree cover have been increasing (Zomer et al. 2014), though the driver of 

this trend is not clear. Despite trends in agricultural tree cover that can be evaluated 

with historic aerial imagery, we do not know how changes in the rural population and 

demand for agriculture in the tropics will affect agricultural tree cover. Human 

populations are growing and urbanizing, with drastic change in the tropics. The 

demographic transition affects the composition of rural landscapes; however, there is 

little empirical evidence or mechanistic understanding of how these changes affect 

agricultural tree cover. Agricultural intensification includes practices such as increased 

tillage and irrigation, which likely reduce tree cover (Maron and Fitzsimons 2007). At the 

same time, agricultural abandonment in occurring caused by population migration from 

rural to urban areas. Newly abandoned fields and pastures often lead to forest 

regeneration because tree cover provide conditions suitable for the establishment and 

growth of new trees (Chazdon 2003, Zahawi and Augspurger 2006), a process that has 

been well documented in tropical regions such as Costa Rica (Schlawin and Zahawi 
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2008) and the eastern Amazon (Nepstad et al. 1996). To aid in land use decisions, new 

data and analysis of landscapes should capture the ecological values of agricultural 

landscapes to ensure it is being considered with these land use changes, and do it in a 

way that is repeatable, to allow for measurement of changes through time and better 

understanding of the consequences of changes in these important landscapes. 

Aerial Images of Changing Landscapes 

Aerial imagery has the potential to bridge the gap between what is known on the 

ground in terms of tree presence, and what is detected from satellites, and allow for 

repeated data collection through time. Traditionally, information about species diversity 

and carbon stocks has been obtained through detailed field data collection. The 

primarily methodology for species diversity is sampling an area, recording species 

present and estimating of abundance, either by counting the number of individuals, their 

size, or their percent cover. While these methods provide detailed and useful 

information, the time consuming nature of this work in addition to accuracy problems in 

applying these measurements to larger areas, means uses of these data are limited in 

addressing landscape or global scale ecological questions. In this way, data and 

methodology from the field of environmental remote sensing is especially applicable. 

Aerial photography is a useful tool for assessing tree composition of landscapes 

because of its high spatial resolution and broad spatial scale. Digital images can be 

analyzed with computer programs, which remove the timely task of manual 

interpretation (Morgan et al. 2010). Finally, aerial sensor systems not have the capacity 

to collect high-resolution data across a broad spectral range (hyperspectral), and can be 

equipped with lidar (light detection and ranging) systems to capture surface elevation 

(Asner et al. 2012). The growing importance of aerial data collection is illustrated in its 
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incorporation to the National Ecological Observatory Network (NEON), a system of 

integrated ground, airborne, and satellite data collection for 89 core sites across North 

America. The motivation for aerial data collection for NEON is to connect ground 

measurements with those made from satellites, and have the ability for annual data 

collection (Kampe et al. 2010). The availability of aerial data, particularly high spectral 

resolution data, is growing, with many ecological applications. 

The objective of this research was to develop methods to characterize tropical 

agricultural landscapes in terms of tree species abundance and aboveground biomass 

using novel hyperspectral and lidar aerial data. This work advances the field of aerial 

remote sensing and applications to ecology and conservation, and provides valuable 

data for discussions of what is the current state of tropical agricultural landscapes and 

how they can be manage for species conservation or carbon sequestration. 
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CHAPTER 2 
CLASSIFICATION OF INDIVIDUAL TREE SPECIES USING A HYPERSPECTRAL 

AERIAL IMAGE FOR A TROPICAL AGRICULTURAL LANDSCAPE  

Introduction 

At 38% of global surface area, agriculture exceeds forest as the dominant global 

biome (FAOSTAT 2014). Despite continual losses of tropical forests (Hansen et al. 

2013), caused largely by the expansion of agriculture (Gibbs et al. 2010), agricultural 

landscapes in the tropics contain substantial tree cover (Zomer et al. 2009). Based on c. 

2010 assessments of global land cover data and satellite imagery, 40% of global 

agricultural area (9 billion km2) is characterized by having over 10% tree cover. In the 

tropics, agricultural tree cover is particularly high. For example, 94% of agricultural land 

in Central America (253 thousand km2) has over 10% tree cover, and 53% (270 

thousand km2) has over 30% tree cover (Zomer et al. 2009). 

Agricultural trees, defined here as individual trees, scattered groups of trees, live 

fences, and windbreaks (Plieninger 2012) that exist in areas of agricultural production, 

are likely remnants of previous forest cover that have not been removed, have naturally 

established, or were deliberately planted in active agricultural areas (Plieninger 2012). 

Consequently, most species found in agricultural areas are those that provide services 

or products recognized by landowners (Love and Spaner 2005, Griscom et al. 2011, 

Harvey et al. 2011). Agricultural trees also provide a diversity of ecological benefits, 

including wildlife habitat (Harvey et al. 2006, Medina et al. 2007) and carbon storage 

(Kuyah et al. 2012a). Additionally, agricultural landscapes in Central America are 

documented to have high tree species richness, for example 32 species were 

documented in 4 ha of active pastures in Panama (Griscom et al. 2011), 17-20 species 
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in 1 ha of pasture in Nicaragua (Harvey et al. 2006), and 190 species across 237 ha in 

Costa Rica (Harvey and Haber, 1999). 

Applications of Species Maps 

While field inventories provide information on tree presence and species diversity 

at the local-level to address local diversity and management at a particular time 

(Chazdon et al. 2009), studies of landscape-level species composition can be used to 

address a variety of important ecological and social issues. One way to characterize 

landscape species diversity is by directly identifying the species of individual trees on 

the landscape. These tree species maps can be used to identify areas of relative high or 

low diversity across broad areas, which allows for the evaluation of spatial patterns in 

tropical tree populations (Condit et al. 2000), including identification of biophysical 

drivers of diversity and coexistence (Colgan and Asner 2014). For conservation 

activities, species maps indicate areas of high species diversity, which should be 

protected and maintained. Species maps may also indicate the diversity of the future 

landscape, because existing trees provide seeds, act at seed dispersal nuclei, and 

establish a suitable microclimate for the establishment of tree saplings (Chazdon 2003). 

In applications not specific to diversity, species maps may also allow for detection of 

individual species of importance, whether they are potential or current invasive species 

(Ustin et al. 2002), or rare and endangered species with high intrinsic or ecological 

value (e.g. Dipterix panamensis, Clark et al. 2005). Furthermore, species maps at 

various time periods can show landscape changes due to climactic change or socio-

economic development (Kerr and Ostrovsky 2003). Finally, species maps can aid in 

landscape estimates of carbon, where species identity can be used to estimate 

aboveground biomass (Colgan et al. 2013). 
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Species Maps from Hyperspectral Aerial Data 

Aerial remote sensing has the potential to characterize the species composition 

of trees on agricultural landscapes because it covers large areas and has high spatial 

resolution capable of resolving individual tree crowns. Furthermore, airborne 

hyperspectral sensors collect reflectance of many spectral wavelengths in the visible, 

near-infrared and sometimes shortwave-infrared spectral range, which provides data for 

identifying tropical tree species based on spectral differences  of leaf chemical 

compounds and crown characteristics (Clark 2011). 

At the leaf-level, the biochemical properties controlling spectral reflectance 

include; chlorophyll-a and chlorophyll-b, influencing reflectance in the visible range (VIS; 

380–700 nm), and water, protein-nitrogen, cellulose, and lignin influencing the 

reflectance in the near-infrared (NIR; 700-1327 nm) and short-wave infrared (SWIR 

1467–2435 nm) range (Asner 2008). Differences in these leaf components among 

species allows for spectral discrimination of species. In an airborne hyperspectral 

sensor, where reflectance is measured over a scale larger than a single leaf, the unique 

reflectance patterns among species is blurred because of spectral interference from 

other sources, including spectral absorption of compounds in the atmosphere and 

shadows (Clark et al. 2005). Spectral contributions to airborne reflectance data include; 

branch and crown-level features such as, leaf and branch density, leaf angle, 

distribution, and clumping, and crown shape (Clark et al. 2005). When branch and 

crown features vary among species (such as between conifers, broadleaf, or palm 

species), spectral separability may improve (Alonzo et al. 2014). For species with 

similar crown structure, which is typical in tropical forests species (Clark 2011), spectral 

differences among species are driven by leaf biochemical composition and structure, 
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which is not as pronounced among species with airborne sensors compared to hand-

held sensors which collect spectra directly on the tissue.  

Biophysical features of tree crowns are known to affect spectral reflectance 

across the full spectral range (VIS-SWIR), which is important for spectral discrimination 

of tropical tree species. Because of the high cost and operational difficulties of including 

a SWIR sensor, many sensors include just the VIS to NIR range (Clark 2011). However, 

hyperspectral sensors with the capacity to detect reflectance in the SWIR range been 

increasingly used for species classifications. It is an open question however whether 

including the SWIR sensor improves species classification enough to warrant the use of 

VIS-SWIR sensors over VIS-NIR sensors. For example, in an African savanna, crown-

level accuracies for 7 (Cho et al. 2012) and 13 (Colgan et al. 2012) species were quite 

high (80% and 76%, respectively) using only VIS-NIR images. Using the same sensor, 

a study of tropical species in Hawaii, Feret and Anser (2012a) achieved 73.2% accuracy 

for 17 tropical tree species. In a wet tropical forest of Costa Rica, Clark and Roberts 

(2012) used spectral data that included the SWIR bands and classified 7 species with 

87% accuracy. While it is known that species have unique spectral reflectance in the 

SWIR range, studies of the additional accuracy achieved with the SWIR range cannot 

be directly compared due to differences in the number of species, their spectral 

variance, the data source, and the classification method. Therefore, the utility of spectral 

reflectance in the SWIR range for discriminating tropical species has not been directly 

addressed. 

Relative to the number of species present on the landscape, tropical tree species 

classifications have included few species. For example, classification of a wet tropical 
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forest in Costa Rica have only included seven tree species (Table 2-1), whereas 

approximately 400 tree species are known to exist in that forest (Clark et al. 2005). As 

there is a move towards application of species classifications to develop landscape 

species maps, the potential of spectral classification models that include more species 

needs to be addressed. 

While the Support Vector Machine algorithm (SVM), the technique used for 

classification in this study, has been shown to be well-suited to studies with limited field 

data (Melgani and Bruzzone 2004, Pal and Mather 2005, Féret and Asner 2012a), the 

appropriate sample size for classification of a large number of tropical species has not 

been examined. Species classifications of airborne images are performed by building a 

dataset of tree crowns in the image that have been identified to species in the field, and 

using this dataset for model development and evaluation (Baldeck and Asner 2014). 

The crown dataset used to develop a classification model is usually referred to as the 

training data, and the number of crowns per species in the training data referred to as 

the sample size. Since classification models are often applied to each individual pixel in 

the image, the pixel is the unit for which to measure the size of the training data. To 

determine the necessary species sample size for hyperspectral image classification, 

Baldeck and Anser (2014) caution that analyses based on the number of pixels per 

species may inaccurately estimate sample size needed. Instead, evaluation of species 

sample size and classification accuracy should be done at the crown scale. Baldeck and 

Anser (2014) conclude that the appropriate number of crowns per species depends on 

the number of species and their spectral separability, and therefore the minimum 

number of crowns to achieve high classification accuracy is entirely dependent on the 
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species to be classified. The challenge of tropical forest species classifications is to 

obtain the sufficient sample size across many species, a task difficult due to the 

apparent unknown number of samples needed, and the low occurrence of many 

species in the field. 

In addition to the number of species and the sample size of each species, the 

accuracy of a classification is also determined by the distribution of samples across all 

species. Tropical tree species are not found in equal abundance, a pattern more 

pronounced in agricultural landscapes where there is a dominance of species that have 

high value for farmers (Love and Spaner 2005), and very few individuals of most other 

species. Field collection of training data will often reflect this abundance distribution, 

where the sample size will be highly imbalanced across all species. The imbalance of 

samples across species (often referred to as class imbalance) is a problematic because 

classification algorithms will favor the majority classes (those with a large sample size), 

which results low classification accuracies for the minority classes (Japkowicz and 

Stephen 2002, Lin and Chen 2013). For tropical tree species classification studies, the 

class imbalance problem translates to unequal accuracy between common and rare 

species, which could affect conclusions about species diversity and distribution patterns 

made from landscape species predictions (Shao and Wu 2008), such as the abundance 

or scarcity of certain species. Despite known classification inaccuracies due to class 

imbalance with high-dimensional data, species classifications with hyperspectral data 

have not explored patterns of accuracy due to imbalanced training data, though this is 

somewhat addressed with semi-supervised classifications where the species identity of 

input training data is not provided (Féret and Asner 2012b). Therefore, the challenge of 
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sufficient sample size is complicated by the need to achieve similar sample sizes across 

all species, or adjust current classification algorithms to account for class imbalance. 

Here we perform a species classification of 44 tropical tree species using a single 

high spatial resolution (2 m) full-spectrum (VIS-SWIR) hyperspectral image. Our 

objective is to understand the species abundance patterns of tropical agricultural trees 

based on the application of a SVM classification algorithm. We address the following 

parameters of the SVM classifier by varying the input data and measuring overall and 

species-level accuracy; (i) number of species, (ii) imbalance of species sample size, 

and (iii) the SWIR wavelength range. We then apply the classification algorithm to 

discriminate 37 species of agricultural tree crowns in a 22,857 ha study site to quantify 

tree species abundance patterns of the agricultural landscape. 

Methods 

Study Site 

The species classification for a tropical landscape was tested on the Azuero 

Peninsula of Panama. The 8,000 km2 peninsula is located on the Pacific side of 

Panama at approximately 7.5° N, and 80.5° W (Figure 2-1). The Azuero has a long 

history of agricultural development, which has left a landscape dominated by crop fields, 

pastures, and little forest cover, which is a result of its long history of forest clearing for 

cattle and farming initiated by Spanish colonists that intensified during the 2nd half of 

the 20th Century. Though now dominated by agricultural land use, the historical 

ecoregion coverage of the peninsula are tropical dry broadleaf forest to the south and 

east, and moist broadleaf forest in the west (Olson et al. 2001). In the most southern 

region of the peninsula, mean annual rainfall is 1,946 ± 65 mm yr-1 with 4.1 drought 

months characterized by less than 100 mm of rainfall per month. The study site for this 
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research is 22,857 ha in the southernmost region of the peninsula and is dominated by 

cattle pastures on steep slopes, narrow riparian forests, and small secondary forest 

fragments (Figure 2-1). 

Aerial and Field Data Collection 

In January 2012 the Carnegie Airborne Observatory (CAO) flew 22,857 ha of the 

Southern Azuero Peninsula using the AToMS sensor. The AToMS sensor collects 

hyperspectral data (380-2510 nm; 10 nm bands) at a spatial resolution of 2 m. Further 

details about the AToMS system can be found in Asner et al. 2012. 

In May-July of 2012 and 2013 individual tree crowns were mapped to be used in 

the development and evaluation of the species classification model. With the help of 

botanists and access permission from landowners, trees on private lands were visited 

and marked in high-resolution (1.12 m) georeferenced images using a tablet computer 

equipped with a GPS (Xplore Technologies; Austin, TX). Tree crown boundaries were 

digitized in the lab on the images, aided by additional high-resolution images and lidar 

data, using ENVI (Exelis Visual Information Solutions, Boulder, Colorado). 

A total of 1,140 crowns from 44 species were included in the classification (Table 

2-1). All species with less than three individuals were excluded, which eliminated 32 

species from the field dataset. The three-crown threshold was selected because we 

performed a 3-fold cross-validation of the classification, in which the field dataset was 

divided into three groups; two for training the classification algorithm, and one for 

determining its accuracy. Therefore, species with less than three individuals were 

excluded because they would not be represented in one of those groups and would 

result in inaccurate accuracy calculations. 
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Classification Algorithm Development 

The Support Vector Machine algorithm (SVM) is widely used for species 

classification of hyperspectral data (Féret and Asner 2012, Colgan et al. 2012, Baldeck 

and Asner 2014) because of its ability to handle high dimensional data despite a small 

dataset size (Melgani and Bruzzone 2004, Pal and Mather 2005). SVM distinguishes 

among classes by finding the plane that maximizes their separability, where separability 

is determined by the distance between the closest points in the class and the separation 

plane. For problems of high dimensionality where linear separation is not possible, such 

as multiple species classification of hyperspectral data, the data can be mapped into 

higher dimensional space with a transformation kernel, in which the linear problem can 

be solved (Melgani and Bruzzone 2004). 

Parameterization of the SVM algorithm requires selecting values for two 

variables, the width of the transformation kernel, which transforms the data to be solved 

linearly, and the penalty parameter (C), which influences the penalty of misclassification 

for non-separable classes. For this study, a radial-basis-function kernel was used and 

its value was optimized by iteratively testing ranges of values and selecting those that 

gave the highest accuracy, until an optimum value was reached. The same optimization 

process was performed for the C parameter. The kernel-width and C parameter values 

determined by the optimization process were used in the species classification 

algorithm. 

The algorithm was applied “at the pixel scale”, in which the pixels of each crown 

were input to the classification, with the output of a predicted species for each pixel. 

Thus, most crowns include pixels classified to more than one species. To produce a 

species prediction “at the crown scale” (i.e. for each crown), we used a majority rule 
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method, in which each crown was assigned to the species that had the most pixels 

predicted as that species (Clark et al. 2005). Using the k-fold design, classification 

accuracy was assessed on an independent group of tree crowns. Classifications were 

run in R statistical software (R Development Core Team 2013) using the “e1071” 

package (Myer et al. 2013). 

Colgan et al. (2012) found that SVM classification of African savanna species 

worked best with filters that removed pixels of high shade or low leaf density. We 

selected pixels with the strongest live vegetation signal by removing those with low 

near-infrared (NIR) reflectance (shaded) and a low value in the Normalized Difference 

Vegetation Index (NDVI; low leaf density). Removal of pixels with NIR values (860 nm) 

less than 30% and less than 0.5 in NDIV resulted in the optimum classification accuracy 

(Appendix A). These filters were applied to all pixels prior to running the SVM 

classification. 

Classification Algorithm Testing 

After the SVM parameters were optimized and the NDVI and NIR filters applied, 

we tested how varying the following three aspects of the SVM algorithm affected 

species classification: number of species; number of crowns per species; and, spectral 

range of the data. 

Number of species. We ran a series of classifications in which the number of 

species was progressively reduced from the full 44 to only six by successively removing 

species with the fewest number of crowns per species. The full number of crowns per 

species, which ranged from 4 to 119 (Table 2-1), was used for each species in the 

classification. 
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Maximum number of crowns. While the most common species had many 

crowns in the field data set, there were many species only represented by a few crowns. 

We tested if reducing the number of crowns per species for the most abundant species 

in the field set affected the classification accuracy. We first classified all 44 species with 

all crowns in the dataset. This represented the most uneven field dataset because the 

number of crowns per species was 4-119. Next, we set a maximum number of crowns 

per species (N) at 5, 15, 25, 35, 45, and 55 crowns per species. This process was 

repeated 5 times for each value of N, drawing a new random sample of crowns each 

time. For species with fewer than N crowns, all crowns of that species were included to 

ensure that no species were excluded across the range of N, and so we could compare 

results for the full set of 44 species. 

Spectral range. As a final test, we ran the classification with a progressively 

larger spectral range. The first run included only bands from the visible (VIS) range 

(437–700 nm), the second from the VIS through the near infrared (NIR) range (437–

1327 nm), third from VIS through the first region of the shortwave-infrared (SWIR1) 

range (437–1771 nm), and fourth from VIS through the second region of the shortwave-

infrared (SWIR2) range (437–2435 nm). The difference between accuracies with the full 

range (VIS-SWIR2) and with each smaller range (VIS only, VIS-NIR, and VIS-SWIR1), 

were compared for all species and for individual species. 

Classification Algorithm Accuracy 

We report overall accuracy, errors of commission, errors of omission (Congalton 

1991), and prediction bias. Overall accuracy is the percentage of crowns that have been 

correctly predicted. Reported accuracy of remote sensing classifications also usually 

includes user and producer accuracy. However, we report accuracy in terms of 
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commission and omission error because it is more intuitive and can be directly 

translated into a metric of prediction bias. Commission error (1-user accuracy) is the 

percentage of crowns that were classified as a species when it was not that species. 

Omission error (1-producer accuracy) is the percentage of crowns that were not 

classified as a species when it was that species (Congalton 1991). Prediction bias was 

calculated as the difference between commission and omission error. Species, for 

which commission error is higher than omission error, have positive prediction bias, 

meaning the classification resulted in more crowns of that species than exist in reality. 

The opposite is true for when omission error is higher than commission error. Using 

measurements of prediction bias is useful when the application of the classification is to 

determine relative abundances of species because the predicated number of crowns 

per species can be adjusted based on the prediction bias. 

Application to Landscape 

To produce a landscape species map, we applied a final classification model to 

individual agricultural tree crowns throughout the entire study site. An image 

segmentation function in the SAGA GIS program (http://www.saga-gis.org/en/) was 

applied to 1.12 m lidar vegetation height was used to map the boundaries of all tree 

crowns for the full extent of the study site. The landscape consists of both agricultural 

trees and forest trees, both of which were segmented from the lidar data. Since we 

focused field sampling on agricultural trees, we could only apply the classification to 

these trees, which required distinguishing those crowns from crowns in the continuous 

forest. Tree crowns were classified as forest or agricultural trees based on the number 

of neighbors and the amount of edge shared with another tree crown. Crowns with less 

than two neighboring crowns or less than 50% of their edge touching another crown 

http://www.saga-gis.org/en/
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were classified as agricultural trees because they were relatively isolated from 

neighboring crowns and therefore not part of a forest fragment with continuous canopy 

cover. Crowns with more than two neighbors and greater than 50% of their edge 

touching another crown were classified as forest trees. This method effectively removed 

all continuous forest tree crowns, including those in riparian forests. 

The SVM model was optimized based on the classification tests described 

above. Though 44 species were included in the training data set, only 37 species were 

included in the final model. The seven species removed had very low classification 

accuracy and in initial applications composed less than 1% of the trees in the 

landscape. Final model accuracy statistics were generated by running the optimized 

SVM algorithm 100 times and average the results. This final model was then applied to 

the landscape by predicting the species of every pixel and crown of agricultural trees. 

The output of this was a species map where all individual agricultural trees have a 

predicted species and a prediction error. The species distributions were calculated 

across the landscape and corrected based on relative over or under prediction of the 

classification. 

Results 

Number of Species 

Classifying the six most abundant species in the field dataset had an accuracy of 

80.7% (Figure 2-2a). With 14 species, classification accuracy was 73.4%, and 

decreased at a similar rate until 31 species were included. Accuracy declined slowly in 

classifications of over 31 species. When all 44 species were included, overall accuracy 

was 59.7%. 
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The pattern of overall accuracy by the number of species reflected the pattern of 

overall accuracy based on the number of crowns per species (Figure 2-2b). As the 

minimum number of crowns per species included decreased, the number of species 

included in the classification increased. This suggests the accuracy trend was driven in 

part by the sample sizes of the species included in the classification, which is explored 

more in the next section. 

Number of Crowns 

For classifications of 44 species, there was a non-linear negative correlation 

between the number of crowns per species and the species error (Figure 2-3a). While 

similar trends were seen for omission and commission errors, there were slight 

differences between errors for each species. The prediction bias showed a non-linear 

positive correlation with the number of crowns of each species (Figure 2-3b). For 31 out 

of 33 species with less than 40 crowns, the prediction bias was -2 to -77%, whereas 

only one species with over 40 crowns (Spondias mombin) had a slight negative 

prediction bias. 

When the maximum number of crowns per species was lowered, thus reducing 

the abundance of the species with many crowns in the field set, the overall accuracy 

declined while the prediction bias approached zero (Figure 2-4). Compared to the 

classification with the full set of crowns, the overall accuracy was lower at all values of 

N, with a drastic decline at N less than 35. The average prediction bias for all species, 

which was -12% when all crowns were included, approached zero as N decreased. 

When only 5 crowns per species were included, which represents nearly equal 

representation of all 44 species, the overall accuracy is at its lowest at 27% with a -2.5% 

prediction bias. 
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Spectral Range 

Including the full spectral range gave the highest overall accuracy (Table 2-3). 

Species classification of 44 species with only the VIS range had an accuracy of 37.7%. 

Accuracy increased to 51.5% with the inclusion of the NIR range, an additional 13.8% in 

accuracy. The addition of the SWIR1 and SWIR2 ranges improved accuracy by 4.4% 

and 2.3%, respectively. For individual species, accuracy improvements with a larger 

spectral range followed similar patterns as overall accuracy, in which large increases 

were seen with the addition of NIR reflectance and smaller increases with the addition 

of SWIR reflectance (Figure 2-5). However, for some species, accuracy decreased with 

a larger spectral range, primarily with the inclusion of the SWIR range. 

Final Classification Model and Landscape Species Prediction 

Accuracy was 61.4% for 37 species, and ranged from 8.3-96.7% across 

individual species (Table 2-4). The species composition from application of our 

classification revealed a landscape dominated by a few species, even after adjusting 

species abundance by the prediction error (Figure 2-5). The most common species, 

Guazuma ulifolia, represented 13.8% of the total agricultural tree crowns. Nearly 80% of 

the trees were found in the 10 most common species. 

Discussion 

This study produced a classification of 37 species with 61% overall accuracy with 

high-resolution (2 m) hyperspectral (380-2510 nm) aerial image (Table 2-4). Application 

of the classification model produced a landscape species abundance prediction, which 

showed the dominance of species with high value to humans (Figure 2-5). As field 

studies of numerous individual farms suggest, the species composition of agricultural 

trees is dominated by species that have high value to farmers, though there are other 
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species as well. The results of this study highlight two important aspects to consider in 

application of species classification models to landscape studies: the resolution of the 

data, and the size of the input data. 

Dimensions of Hyperspectral Aerial Data and Their Importance for Species 
Classification 

Species classifications have been done at multiple scales in other studies (Table 

2-1); we show the potential of using a single 2-m full-spectral resolution image for 

tropical tree species classification. The collection and analysis of remote sensing data 

involves trade-offs along different dimensions of data resolution (Key et al. 2001). Data 

resolution is typically discussed along three dimensions; spatial (area represented by 

each measurement/pixel), spectral (width, number, and range of spectral bands), and 

temporal (frequency of data collection). 

Spatial resolution. Species classification accuracy is largely dependent on the 

spatial scale at which the data is collected, in which classification accuracy tends to 

decrease with an increase in spatial scale due to increased spectral variability within a 

species (Clark et al. 2005). Crown-level classifications are the most relevant for 

applications to landscapes (Baldeck and Asner 2014). Early work in spectral 

discrimination of species used hand-help spectral systems, where data was collected on 

individual leaves, and interference from the atmosphere was not a factor (Price 1994, 

Cochrane 2000). These studies were cautiously optimistic in the ability to discriminate 

species based on spectra, but highlighted the potential, especially with hyperspectral 

data from the full-spectral range. With the advent of hyperspectral sensors on aerial 

platforms, tree species classification shifted to pixel and crown-level classifications. At 

this level, the spectral signal of the biophysical components of tissues is diluted, in part 
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due to scatter reflectance from other components of branches (though this depends on 

the spatial resolution of the pixel) and from the atmosphere. Scaling from pixel to crown-

level can be done prior to classification, by averaging the spectral values within a crown, 

or post classification, by summarizing pixel-level predictions for each crown. Methods 

like the majority rule (Clark et al. 2005, Feret and Asner 2012a), which was also used in 

this study, or performing a second classification for crowns using species prediction 

probabilities (Colgan et al. 2012), have higher accuracy than pre-classification scaling 

methods (Clark et al. 2005). Though it is not reported in the results, pixel-level accuracy 

for this study was consistently higher than crown-level accuracy. To improve crown-

level accuracy, using a secondary classification as in Colgan et al. (2012) could be 

explored. There has been a lot of work in scaling from leaf to crown-level species 

classification with the consensus that crown-level species predictions are useful for 

application studies despite the reduced accuracy. 

Temporal resolution. Most tropical species classifications have been done with 

a single image, which provides a snap-shot of the spectral reflectance of species. 

Therefore, the spectral discrimination among species is determined by differences in 

reflectance at one point in time and does not incorporate temporal variation. Temporal 

variation in species reflectance is especially important for landscapes with seasonal 

variation in reflectance, such as tropical dry forests, where a pronounced dry season 

causes trees to lose their leaves (Castro-Esau and Kalacska 2008). Thus, incorporating 

temporal variation into species classifications may increase spectral separability, 

because species differences may become greater, or may decrease spectral 

separability, because many species will not have leaf reflectance, which has been the 
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basis for species spectral separability (but see Clark and Roberts 2012). The image 

used in this study was collected at the beginning of the dry season. Many of the 

deciduous species that lose their leaves in the dry season still had leaves during this 

time. This is supported by the high average NDVI values for the focus species (Table 2-

2). Given the distinct spectral reflectance of bark tissue (Bohlman 2008, Clark and 

Roberts 2012), potential exists for dry season image classification and determining the 

separability of deciduous crowns with aerial hyperspectral data. 

Spectral resolution. Full-spectrum data (VIS-SWIR) helped achieve high 

classification accuracies, but our results indicate that species classification with only 

VIS-NIR achieves similar classification accuracy. While a substantial increase in overall 

accuracy of the full range compared to the visible range alone was expected (Rivard et 

al. 2008), the inclusion of the full wavelength range (380-2510 nm) compared to just 

visible through near-infrared (380-1327 nm) increased the overall classification 

accuracy by 7%. Since this image was taken when most trees had leaves, the 

shortwave-infrared range may not have been as important during this time of year. If the 

image was taken during the dry season, including the SWIR range may have improved 

discrimination between deciduous species because there would be more wood tissue 

reflectance, which has been shown to have high SWIR reflectance (Clark and Roberts 

2012). While the SWIR range did contribute to high accuracy, sensors with VIS-NIR still 

have high potential to discriminate among species, meaning the collection of this data is 

still valuable to landscape species studies. 

Training Data Effects on Classification Accuracy 

Classifications with a greater number of species results in lower classification 

accuracies, though the pattern is dependent upon the type of the classification algorithm 
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(Feret and Asner 2012a). Additionally, classification accuracy depends on the number 

of samples for each class used to train the classification algorithm. Therefore, 

classification of tropical tree species involves a trade-off between the classification 

accuracy, and the size of the training data, which can also be measured in terms of the 

investment in field data collection. 

Number of species. Aerial hyperspectral data has the potential to produce high-

resolution thematic maps of tree species identity. It is likely that species classifications 

will always only include a subset of the species found in the ground, due in part to the 

ability to collect sufficient field data to accuracy classify rare species. The optimal 

number of species depends on the application of the classification. For example, if only 

interested in dominance of Guazuma ulimfolia, one could only map this species, with 

the rest in a single group, or only include the other very common species. Rather than 

be guided by the number of species, which may involve ranking species based on 

perceived importance, the desired level of accuracy can also guide how many species 

are classified. While the number of species or overall accuracy targets may not be easy 

to determine for many applications, classifications should at least balance omission and 

commission errors for each species. With this frame of mind, the way in which training 

data should be collected, is to balance the sample size of the species. 

Training data sample size. SVM produced a classification with high accuracy, 

but is not immune to misclassifications due to data limitations. SVM has been widely 

used, due in part to its ability to discriminate among classes with a small sample size. 

However, there is still some minimum sample size necessary to achieve accurate 

predictions. Colgan et al. (2012) found the biggest increase in accuracy was caused by 
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an increase the sample size. The results of our study show the same, and suggest that 

with more field data, primarily for species with less than 30 crowns, classification 

accuracy may increase. This is supported by our finding of a strong negative correlation 

between species sample size and classification error, and a positive correlation 

between species sample size and prediction error. While various classification studies 

report producer and user accuracies, they are rarely discussed in terms of the relative 

species composition from the classification predictions. When considering 

classifications with multiple species, especially those with imbalanced training data, the 

sample size for each species has a large effect on the prediction accuracy, specifically 

the relative over and under prediction of species based on their sample size. In a 

landscape dominated by a few species, field data collection will tend to be skewed (i.e. 

more samples of the dominant species). This bias in the field data affects differences 

between omission and commission error. Large differences between these types of 

errors mean that there is large over or underestimation of these species on the 

landscape, resulting artificially skewed species distributions. 

While there is a desire to use all training crowns, the unequal distribution of the 

sample size across species affects the overall accuracy, and species over or 

underestimation. Patterns in accuracy with species sample size are problematic in 

application of the classification because common species will tend to be over predicted, 

whereas uncommon species will tend to be under predicted. In application to a 

landscape with highly uneven species abundance distributions, the classification will 

exacerbate the range in species abundance and make the landscape species 

abundance distribution appear more uneven. In applications focused on mapping a 
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single species of importance, such as rare or invasive species, the effect of class 

imbalance is especially relevant because the abundance of these focal species can be 

very biased. In mapping relative species abundance of many species, with equal 

importance, the class imbalance problem is less important. However, these types of 

errors can influence landscape estimates if they are not accounted for in landscape 

analyses. In applications which require accurate classifications of the dominant species, 

without much concern for the rare species, class size imbalance is less of a problem. 

One example of this type of application is estimation of tree biomass, where species 

identify is used in biomass equations based on tree size. In this application, the species 

is used to factor in a species-specific value of wood density. Errors in the rare species 

are very minimal compared to other errors. 

Algorithm Selection 

While the SVM classification algorithm has high accuracy for tropical tree species 

classification, we question its utility in application to landscapes outside of where the 

field data were collected. The main reason is that the SVM classification is designed to 

predict a pixel as one of the species in the field dataset. If a species exists on the 

ground that does not exist in the field dataset, it will be forced into one of the species 

known to the classification algorithm. While we show that the SVM classifier can 

discriminate among 37 species with 61% accuracy, this is only a fraction of the species 

that actually exist on the landscape. For example, the original field dataset included 76 

species that we know exist on the landscape. However, the species prediction map only 

has 37 species, a direct factor of the input species to the classification. Other 

classification methods that allow for pixels to remain unclassified if they are not 

spectrally similar to one of the input classes would be more useful for application to the 
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landscape. In this way, if a species exists on the ground and not in the training dataset 

(because it was not sampled in the field or the sample size was too small), there is 

potential for the crowns of this species to remain “unclassified”, rather than being forced 

into a species known by the classification algorithm. 

Conclusion 

Airborne hyperspectral remote sensing opens the door for a new perspective of 

landscapes. Here we map species distribution for common tropical species. The 

species map produced from this study helps to understand the species composition of 

this landscape, which can be used to examine the drivers of species distribution 

patterns, and serve as a baseline for measuring change. 

Aerial species mapping has high potential for ecological research, application 

need to consider the type of data. Tree species classifications in species-rich 

landscapes involve a tradeoff in the number of species to be classified and the accuracy 

of the classification. For agricultural landscapes this perspective is important because 

we can capture data about functional landscapes, specifically, the tree species within 

them. This study supports field specific studies showing high diversity and value of trees 

in agricultural landscapes. 
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Table 2-1.  Summary of species classification studies with hyperspectral data. 
Study, location, sensor Spatial resolution Spectral resolution Number of species Main findings 

Cochrane 2000 
Para, Brazil 
FieldSpec ASD 

Leaf-scale VIS-NIR (450-950 
nm) 

11 species 
1-5 trees and 3-36 
samples per species 
 

Spectral signatures are not unique, but 
there is potential to separate species 
based on foliar reflectance 

Clark, Roberts, and Clark 
2005 
La Selva, Costa Rica 
HYDICE 
 

1.6 m 
Pixel-scale 
Crown-scale 

VIS-SWIR (400-2500 
nm; 210 bands) 

7 species 
10-34 trees per species 

Decrease in accuracy from fine (leaf-
scale) to coarse (crown) scale 
92% classification accuracy for individual 
tree crowns with 30 spectral bands 
 

Clark and Roberts 2012 
La Selva, Costa Rica 
HYDICE 
ASD spectrometer 
 
 

1.6 m 
Tissue-scale 
(leaves and bark) 
Pixel-scale 
Crown-scale 

VIS-SWIR (400-2500 
nm; 210 bands) 
VIS-SWIR (350-2500 
nm) 

7 species 
10-34 trees and 300 pixels 
per species 

Leaves and bark have distinct spectral 
characteristics, which increases spectral 
variability at larger scales 
Crown-level accuracy was 87% using the 
pixel-majority method.  

Feret and Asner 2012a 
Hawaii, USA 
CAO Alpha system 
 

0.56 m 
Pixel-scale 
Crown-scale 

VIS-NIR (390-1044 
nm; 24 bands) 

17 species 
1-168 trees and 117-
53,710 pixels per species 

73% accuracy achieved with only 
spectral data 

Feret and Asner 2012b 
Hawaii, USA 
CAO Alpha system 
 

0.56 m 
Pixel-scale 

VIS-NIR (390-1044 
nm; 24 bands) 

9 species  
12-135 trees per species 

61% classification accuracy achieved 
using semi-supervised classification 

Cho et al. 2012 
Kruger National Park, South 
Africa 
CAO Alpha system 
 

1.1 m 
Pixel-scale 
 

VIS-NIR (384-1054 
nm; 72 bands) 
 

7 species 88% classification accuracy achieved 
with 3x3 majority filter 

Colgan et al. 2012 
Kruger National Park, South 
Africa 
CAO Alpha system 

1.1 m 
Pixel-scale 
Crown-scale 

VIS-NIR (384-1054 
nm; 72 bands) 
 

15 species 
12-73 crowns and 114-
3693 samples/pixels per 
species 

76% classification accuracy achieved 
with only spectral data 
Accuracy improved with second SVM to 
scale from pixel to crown scale 

Notes: See Clark 2011 for overview of hyperspectral sensors. The main findings listed here are specific to species classifications with spectral 
data.  
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Table 2-2.  Sample size and mean NDVI of tree species included in this study. 

Species code Species Family Crowns Pixels 
Mean 
NDVI 

ALBIAD Albizia adinocephala Fabaceae 4 109 0.89 

ALBIGU Albizia guachapele Fabaceae 9 591 0.91 

ANACEX Anacardium excelsum Anacardiaceae 32 949 0.86 

ANDIIN Andira inermis Fabaceae 24 835 0.81 

ANNOPU Annona purpurea Annonaceae 15 240 0.85 

AST2GR Astronium graveolens Anacardiaceae 14 588 0.86 

BURSSI Bursera simaruba Burseraceae 18 238 0.79 

BYRSCR Byrsonima crassifolia Malpighiaceae 29 563 0.85 

CALYCA Calycophyllum candidissimum Rubiaceae 60 1540 0.77 

CECRIN Cecropia insignis Cecropiaceae 5 39 0.84 

CEDROD Cedrela odorata Meliaceae 84 2451 0.80 

CHR2CA Chrysophyllum cainito Sapotaceae 5 139 0.83 

COCCCA Coccoloba caracasana Polygonaceae 24 565 0.86 

COCCLA Coccoloba lasseri Polygonaceae 16 505 0.84 

CORDAL Cordia alliodora Boraginaceae 32 544 0.81 

CORDCO Cordia collococca Boraginaceae 9 158 0.85 

DALBRE Dalbergia retusa Fabaceae 11 272 0.84 

DIPHAM Diphysa americana Fabaceae 54 1057 0.88 

ENTECY Enterolobium cyclocarpum Fabaceae 83 7366 0.86 

COLUHE Colubrina heteroneura Rhamnaceae 6 432 0.86 

FICUSP Ficus spp. Moraceae 13 996 0.87 

GENIAM Genipa americana Rubiaceae 25 398 0.84 

GMELAR Gmelina arborea Lamiaceae 4 37 0.81 

PSIDSP Psidium spp. Myrtaceae 11 208 0.87 

GUAZUL Guazuma ulmifolia Malvaceae 119 4411 0.82 

HURACR Hura crepitans Euphorbiaceae 62 3051 0.84 

HYMECO Hymenaea courbaril Fabaceae 8 182 0.85 

LUEHSE Luehea seemannii Malvaceae 21 650 0.86 

MACLTI Maclura tinctoria Moraceae 20 924 0.83 

MANGIN Mangifera indica Anacardiaceae 11 214 0.85 

MANIZA Manilkara zapota Sapotaceae 4 120 0.92 

OCHRPY Ochroma pyramidale Malvaceae 4 85 0.89 

PLA1PI Platymiscium pinnatum Fabaceae 47 1841 0.85 

POCHQU Pachira quinata Bombacaceae 30 1084 0.67 

PSEUSE Pseudobombax septenatum Malvaceae 8 170 0.77 

PSIDGU Psidium guajaba Myrtaceae 11 137 0.83 

SAPIGL Sapium glandulosum Euphorbiaceae 24 623 0.83 

SCIAEX Sciadodendron excelsum Araliaceae 22 316 0.74 

SPONMO Spondias mombin Anacardiaceae 78 2687 0.82 
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Table 2-2.  Continued 
Species 
code 

Species Family Crowns Pixels 
Mean 
NDVI 

STERAP Sterculia apetala Malvaceae 21 971 0.80 

TAB1GU Tabebuia guayacan Bignoniaceae 4 70 0.79 

TAB1OC Tabebuia ochraceae Bignoniaceae 15 277 0.77 

TAB1RO Tabebuia rosea Bignoniaceae 40 893 0.82 

ZANTP1 Zanthoxylum panamense Rubiaceae 4 66 0.85 

Notes: Mean NDVI (NDVI = NIR860nm-RED650nm /NIR860nm +RED650nm) was calculated 
for each pixel prior to NDVI and NIR filters. 

 
Table 2-3.  Overall accuracy of classifications with different spectral ranges. 

Spectral range Crown accuracy Percent increase 

VIS 37.7% - 

VIS-NIR 51.5% 13.8% 

VIS-SWIR1 55.9% 4.4% 

VIS-SWIR2 58.2% 2.3% 

Total 
 

20.4% 

 
Table 2-4.  Species classification accuracy of the final SVM model with 37 species 

Species Average accuracy Prediction bias 

Albizia guachapele 96.7% 51.1% 
Guazuma ulmifolia 87.1% 21.3% 
Calycophyllum candidissimum 85.2% 18.0% 
Diphysa americana 82.7% 4.6% 
Enterolobium cyclocarpum 80.7% 16.4% 
Cedrela odorata 80.1% 14.4% 
Platymiscium pinnatum 71.1% -2.6% 
Byrsonima crassifolia 68.7% -0.5% 
Annona purpurea 66.7% -8.1% 
Hura crepitans 62.5% -0.3% 
Anacardium excelsum 60.7% 15.9% 
Spondias mombin 60.3% -6.3% 
Sterculia apetala 56.7% -24.7% 
Luehea seemannii 54.3% -11.6% 
Chrysophyllum cainito 53.3% -2.6% 
Cordia alliodora 52.4% -14.1% 
Ochroma pyramidale 51.7% -25.6% 
Tabebuia rosea 45.4% -13.5% 
Andira inermis 43.8% 0.8% 
Tabebuia ochraceae 41.0% -11.6% 
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Table 2-4.  Continued. 

Species Average accuracy Prediction bias 

Maclura tinctoria 40.1% -37.9% 
Genipa americana 39.6% -24.0% 
Psidium spp. 39.4% -17.0% 
Astronium graveolens 39.2% -14.1% 
Sapium glandulosum 38.8% -22.2% 
Cecropia insignis 38.3% -61.7% 
Coccoloba caracasana 28.8% -5.4% 
Ficus spp. 24.2% -9.9% 
Manilkara zapota 20.0% -18.1% 
Mangifera indica 19.7% -16.7% 
Tabebuia guayacan 18.3% -40.8% 
Psidium guajaba 17.2% -15.6% 
Dalbergia retusa 15.6% -40.8% 
Albizia adinocephala 13.3% -8.5% 
Coccoloba lasseri 11.3% -8.2% 
Sciadodendron excelsum 8.5% -24.4% 
Cordia collococca 8.3% -29.9% 

 

 
Figure 2-1.  Study site on the Azuero Peninsula. Outlined region is the 22,587 ha study 

site of aerial data collection by the Carnegie Airborne Observatory. 
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Figure 2-2.  The overall accuracy of multiple SVM classifications with changes in the 

number of classified species. Overall accuracy as measured by the number of 
species (a) and as measured by the minimum crown number across all 
species (b). 
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Figure 2-3.  Error and prediction bias for a classification with 44 species. (A) Omission 

(white circles) and commission (grey squares) error for each species based 
on the number of crowns in the training data sample. (B) Prediction bias for 
each species based on the number of crowns in the training data sample. 
Prediction bias was determined as the difference between errors of 
commission and errors of omission, where a positive value indicates the 
species was over predicted. 
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Figure 2-4.  Overall accuracy and prediction bias for classifications with the full set of 

training data to only 5 crowns per species. The maximum number of crowns 
was reduced from full training data sample with up to 119 crowns per species 
(light grey squares, same data as white diamonds in Figure 4), to a range of 
5-55 crowns.  
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Figure 2-5.  Differences in classification accuracies for 44 species with the full spectral range to classifications with 

reduced spectral ranges Plotted differences are the species-level accuracies achieved using VIS-SWIR2 
wavelengths, minus the accuracies achieved using only VIS (437–700 nm, light grey), VIS-NIR (437–1327 nm, 
medium grey) and VIS-SWIR1 (437–2435 nm, dark grey). Accuracy across all 44 species is also plotted 
(overall) and specific values are found in Table 2. 
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Figure 2-6.  Predicted abundance for 37 species across 22,587 ha study site. Predicted values are from classification 

output. Corrected values are adjusted based on the prediction bias for the final classification model (corrected = 
predicted * prediction bias). 
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CHAPTER 3 
COMPARISON OF INDIVIDUAL TREE AND PLOT-BASED ABOVEGROUND 

BIOMASS (AGB) ESTIMATES FROM AERIAL LIDAR DATA FOR A TROPICAL 
AGRICULTURAL LANDSCAPE 

Introduction 

At 38% of Earth’s surface area, agriculture exceeds forest as the dominant global 

biome (FAOSTAT 2014). Across the globe, trees cover approximately 27% of 

agricultural areas and, if aggregated globally cover 17 million km2 (Zomer et al. 2009). In 

the tropics, agricultural tree cover is particularly high, estimated at 30-90% in Central 

American and South East Asia. 

Agricultural trees are individual trees, scattered groups of trees, live fences, and 

windbreaks (Plieninger 2012) that exist outside of forests in areas of agricultural 

production. Agricultural trees provide a diversity of benefits, from wildlife habitat and 

seed sources for forest recovery, to valuable products for landowners (Corbin and Holl 

2012, Harvey and Haber 1999, Slocum and Horvitz 2000, Harvey et al. 2005, Harvey et 

al. 2006, León and Harvey 2006, Medina et al. 2007, Zahawi et al. 2013). Though 

agricultural trees can be part of agroforestry systems, in which woody and herbaceous 

species interact and are managed for annual or perennial production (Somarriba 1992), 

they do not necessarily occur as part of a planned management system. 

In addition to ecosystem services provided to farmers, wildlife, and cattle, 

agricultural trees may also be important sources of global ecosystem benefits, namely 

carbon sequestration and storage. In an agricultural landscape in Western Kenya for 

example, the aboveground biomass (AGB) of agricultural trees in over 10,000 hectares 

was estimated at 36 Mg ha-1, or 17.5 Mg C ha-1 (Kuyah et al. 2012a). Although 

compared to forested areas biomass per unit area is low, biomass contribution of 
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agricultural trees can be substantial because land in agricultural production is now a 

dominant part of the earth’s surface (Ramankutty et al. 2008). 

Accurate estimates of AGB are important for understanding global carbon and 

energy cycles, but also for operation of global carbon markets. Species diversity and 

carbon stocks of tropical forests grow in importance with development of international 

policies that use a system of carbon credits, designed to reduce emissions from land 

cover change. Panama, where this study was conducted, is one of the first countries to 

participate in the readiness phase of the REDD+ program (William 2013). In a survey of 

the readiness of Panama, Pelletier et al. (2011) found that the largest source of 

uncertainty in carbon emissions for the country, and therefore a limitation to the 

successful implementation of this policy, is spatial variability of carbon stocks of mature 

forests, secondary forests, and fallow land. As a way to overcome the uncertainty in 

carbon stocks across the landscape, remote sensing data and analysis methods are 

being developed to estimate biomass and carbon stocks of tropical landscapes (Gibbs 

et al. 2007). 

Airborne and space-based lidar (light detection and ranging) measurements are 

increasingly used to estimate AGB. Frequently, these methods rely on canopy height 

and provide an estimate of AGB on an area basis. For example, Asner et al. (2013) 

used plot-based methods to estimate country-wide forest carbon stocks for Panama. 

However, plot-based methods may have different level of error in different land cover 

types. For example, agricultural landscapes are not well suited for plot level studies 

because of spatial variability of trees over small areas (Sánchez-Azofeifa et al. 2009). In 

landscapes with dispersed tree cover, such as African savannas, AGB estimates are 
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frequently more accurate when individual trees are detected and quantified than with 

plot-based methods (Colgan et al. 2013). 

While Colgan et al. (2013) showed that individual tree as the unit of biomass 

estimation provided much more accurate estimates of biomass than plot-based 

estimates; this has not been attempted in tropical agricultural landscapes. Here we 

develop a tree-based method for estimating AGB and compare it with plot-based AGB 

estimates for the same landscape. We also provide detailed estimates of agricultural 

trees in comparison to trees found in larger forest fragments. This study addresses the 

questions of (1) what is the AGB contribution of agricultural trees in a tropical landscape 

and what is the relative contribution of agricultural tree AGB compared to trees in 

forests, and (2) how do individual tree- and plot- based approaches to AGB estimation 

vary, and what is the difference in the landscape AGB prediction? 

Methods 

Study Site 

The Azuero Peninsula of Panama has a long history of agricultural development, 

which has left a landscape dominated by crop fields and pasture. The 8,000 km2 

peninsula is located on the Pacific side of the Panama located approximately at 7.5° N, 

and 80.5° W (Figure 3-1). Though the peninsula is now dominated by non-forest land 

use, the historical ecoregion coverage of the area are tropical dry broadleaf forest to the 

south and east, and moist broadleaf forest in the west, based on temperature, 

precipitation, and species distribution patterns (Olson et al. 2001). In the most southern 

region of the peninsula, mean annual rainfall is 1,946 ± 65 mm yr-1 with 4.1 drought 

months characterized by less than 100 mm of rainfall per month (Wishnie et al. 2007). 

The current scarcity of forest on the Azuero is a result of its long history of forest 
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clearing for cattle and farming that was initiated by Spanish colonists and intensified 

during the latter half of the 20th Century. The study site for this research is 22,587 ha 

area in the southernmost region of the Azuero Peninsula (Figure 3-1) and is dominated 

by cattle pastures on hills with steep slopes. 

Aerial Data 

High-resolution lidar and hyperspectral images of a 22,587 ha landscape of the 

southern Azuero Peninsula were used in this study to estimate landscape AGB. In 

January 2012 the Carnegie Airborne Observatory (CAO) collected hyperspectral and 

lidar data using the AToMS system (more information found in Asner et al. 2012). The 

2-m hyperspectral image was used to manually digitize a sample of tree crowns visited 

in the field. The data used for this study were discrete lidar return that provided a 

ground surface image (last return) and a maximum height image (first return), from 

which we were able to derive the height of surface features (difference between first and 

last return). The 1.12 m lidar data aided in crown digitization and was used to collect 

tree dimensions of height and crown area. 

Overview 

We used five steps to calculate landscape AGB based on individual trees with 

field and lidar data (Figure 3-2). First, we used standard allometric methods (Chave et 

al. 2005) to estimate AGB of 1,100 individual trees using field-measured diameter and 

tree height, and species-specific wood density from a pantropical dataset (Chave et al. 

2006). Second, for the field-measured trees, we developed a relationship that predicted 

the individual tree AGB estimate (from step one) using lidar metrics of crown size and 

tree height. Third, we used lidar data to segment all individual crowns on the landscape, 

then classify tree crowns as either ‘agricultural trees’, those occur within agricultural 
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areas, or ‘forest trees’, those that occur as part of a forest with continuous canopy 

cover. Fourth, using the equation to predict field-based individual tree AGB from lidar 

metrics (from step two) and the segmented tree crowns (from step three), we calculated 

the AGB of all trees in the landscape to produce a dataset of landscape AGB density 

(Mg ha-1). Fifth, we compared the landscape AGB density estimate from individual trees 

(from step four) with an estimate for the same study site from Asner et al. (2013) that 

was created with a plot-based method. We calculated the differences between the two 

estimates and trends across a gradient of tree cover. 

Development of Field-Based Allometric AGB Model 

In May–July of 2012 and 2013, a sample of trees on private lands were located 

and marked in high-resolution (1.12 m) georeferenced images using a tablet computer 

equipped with a GPS (Xplore Technologies; Austin, TX). With a botanist who could 

identify tree species, and landowner permission to access private lands, tree species, 

height and diameter at breast height (at 1.3 m) were determined for each tree. 

Maximum tree height was measured with a laser altimeter (Nikon Forestry 550, Nikon 

Corporation; Tokyo, Japan). Tree crown boundaries were digitized in the lab on the 

image with visualization aid from additional high-resolution images and lidar data using 

ENVI (Exelis Visual Information Solutions; Boulder, Colorado). Of the 1,396 trees 

sampled, 1,100 trees were used for the analysis. The 296 crowns excluded from 

analysis were either too small (less than 1 full pixel at 2 m resolution) or the crown 

boundaries were uncertain. 

Individual tree AGB was estimated with pantropical allometric relationships using 

tree diameter, height, and taxon-specific wood density. Though we were not able to 

directly measure tree AGB by felling and weighing individual trees, the Chave et al. 
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(2005) allometric models have been widely used for estimating AGB across the tropics, 

and is the basis for quantification of current forest carbon pools in the Global Forest 

Carbon Initiative of the Center for Tropical Forest Science (CTFS) of the Smithsonian 

Tropical Research Institute. In addition, the Chave et al. (2005) allometric models have 

shown to be a good approximation in several studies directly related to estimating AGB 

of dispersed tree cover. In a study of dispersed trees in an African savanna, which was 

the model for the method in this study, including a savanna landscape in South Africa 

(Colgan et al. 2013), and an agricultural landscape in Western Kenya, (Kuyah et al. 

2012b). The Chave allometric model used in this study (Chave et al. 2014) contains 

updated allometric relationships from the Chave et al. (2005) allometric model and 

additional data specifically from dry forest and woodland ecosystems, which are found 

in this Azuero Peninsula study site. 

We calculated AGB with the Chave et al. (2014) pantropical equation: 

AGBchave =0.0673 *(WD*D2*H) 0.976     (3-1) 

where; AGBchave is the estimated biomass (kg), D = tree diameter at breast height (cm), 

H = tree height (m) and WD = taxon-specific wood density (g cm3). Diameter was 

measured for all stems in the field. Though tree height was measured in the field, we 

use lidar-tree height for the AGB calculation. Field and lidar heights were very similar, 

but lidar height was slightly larger than field height for all trees (Appendix B). WD was 

obtained using a Neotropical wood density database (Chave et al. 2006). Of the 50 

species included in this study, 38 had WD values in the Neotropical database. For the 

remaining 12 species, genus or family level wood density average were used. Trees 

with multiple stems were common, with 30% of trees having more than a single stem. 
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For trees with multiple stems, we applied the Chave model to each stem, and summed 

the stem-level AGB to generate a whole tree estimate of AGB (Chave et al. 2008). 

Development of lidar AGB model 

Using AGBchave as our observed AGB for the set of 1,100 trees, we developed a 

predictive AGB allometric model based on lidar-derived tree size metrics of crown size 

and maximum crown height, as well as taxon-specific wood density (AGBlidar). Crown 

area was determined from the hand digitized tree crowns for all field-measured trees. 

We explored several functional forms to relate lidar size metrics to AGB, with a simple 

linear relationship between lidar-derived crown area (CA) and tree height (H) found to 

be the best predictor of AGBchave (Appendix C). For the Azuero Peninsula, a species 

map was produced for 37 species using a hyperspectral data of the same spatial 

resolution and geographic pixel location as the lidar data (Asner et al. 2012), providing 

the opportunity to include species information for landscape AGB estimates. Therefore, 

we also included a term for taxon-specific WD in the AGBlidar model. The final AGBlidar 

model chosen was: 

log(AGBlidar)=0.26 +0.61*log(CA)+1.7*log(H)    (3-2) 

where the intercept term includes a correction factor from the residual standard error 

(RSE) of the final model calculated as; CF= exp(RSE2/2). This correction factor is 

necessary when using log-linear models (Baskerville 1972, Sprugel 1983). 

Landscape Map of Agricultural and Forest Tree Crowns 

An image segmentation function of the SAGA GIS program (http://www.saga-

gis.org/en/) was applied to the 1.12 m lidar height image of the study site. Tree crowns 

were classified as forest or agricultural trees based on the number of neighbors and the 

amount of edge shared with neighboring tree crowns (Figure 3-3). Crowns with less 

http://www.saga-gis.org/en/
http://www.saga-gis.org/en/
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than two neighboring crowns or less than 50% of their edge touching another crown 

were classified as agricultural trees because they were relatively isolated from other 

trees and therefore not part of a forest with continuous canopy cover. Crowns with more 

than two neighbors and greater than 50% of their edge touching another crown were 

classified as forest trees. Crown classification was performed in ArcMap 10.1 

(Environmental Systems Research Institute; Redlands, CA). 

The classified crowns were used to generate a map of forest cover and 

agriculture area of the study site at 1 m resolution Forest area was defined as all areas 

with forest tree crowns. Agricultural area was defined as all non-forest area, and 

included the area of agricultural tree cover. These data were used to calculate the 

density of trees and AGB per forest or agricultural area. The classified tree crowns were 

also used to create a 1 ha-resolution map of percent tree cover, which included tree 

cover from both forest and agricultural trees. This map was used to analyze patterns of 

AGB across a tree cover gradient. 

AGB Estimation from Lidar-Derived Tree Crowns 

Using CA and H for each tree crown, the AGB lidar equation was applied to each 

segmented tree crown polygon to produce an individual tree-based estimate of AGB 

(kg). Since each tree crown was classified as an agricultural or forest tree, we 

calculated the contribution of each of these categories to landscape AGB. After 

converting each crown polygon to a point located in the center of the polygon, the AGB 

estimate was converted to Mg AGB at a scale of 1 hectare. This dataset represented 

our individual tree-based estimate of AGB (Mg ha-1) for the entire landscape, which 

could be directly compared to a published plot-based estimate of AGB for the same 

study site (Asner et al. 2013). 
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Calculation of the Difference Between Tree and Plot-Based AGB Estimates 

Asner et al. (2013) estimated aboveground carbon density (ACD) for all of 

Panama, which can be converted to AGB (ACD=0.48*AGB). The national AGB estimate 

was developed using field and lidar data from 6 study sites, one of which was the 

22,857 region of the Azuero Peninsula. As with our approach, Asner et al. (2013) used 

the pantropical allometric relationship (Chave et al. 2005) to calculate field-based AGB. 

In 33 secondary forest plots (0.1 ha), they measured the diameter of every tree stem 

larger than 5 cm, and applied the Chave allometry to derive AGB for the measured plot. 

For each plot, they found the top of canopy height (TCH, the mean lidar height over the 

plot), and fit a model to the estimated AGB from the Chave equation. This produced a 

model that predicted AGB for a plot using the TCH variable. AGB from this plot-based 

method (AGBplot) was calculated for the entire study site by extracting TCH for every 

hectare and applying the equation;  

AGBplot = 0.48(0.359*TCH)1.7676    (3-3) 
 

The product of applying equation 3-3 to the lidar data was a plot-based AGB density in 

Mg ha-1 for the entire study site that was compared pixel-by-pixel to our tree-based AGB 

density estimate. 

Results 

Individual Tree AGB Lidar Estimates 

The pantropical Chave model (AGBchave) for the field-measured trees (N=1,100) 

resulted in a total AGB of 1,060 Mg, with a mean AGB of 478.3 kg per tree and range of 

5.3 to 3,920.0 kg. The lidar model (AGBlidar) for field-measured trees resulted in a total 

AGB of 1,124 Mg, with a mean of 423.5 kg per tree and a range of 20.0 to 2,569.6 kg 

for all trees in the field data. The AGBlidar prediction was larger than AGBchave values by 
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11%, an overestimate driven by the tendency of the model to over predict AGB of small 

trees (Figure 3-4). 

 AGB Estimates of Agricultural and Forest Trees 

Although tree density was much lower in agricultural areas versus forested areas 

(14.2 and 109.4 trees per hectare, respectively), tree cover of the 22,857 ha Azuero 

study site is composed of roughly equal number of forest and agricultural trees (Table 3-

1). The equal distribution of trees between forest and agriculture is because the study 

site has much greater coverage of agricultural area versus forest fragments (20,175 ha 

vs. 2,681, respectively). Similarly, although biomass density in agricultural areas was 

nearly 8 times lower than biomass density in forested areas (12.1 Mg ha-1 and 74.88 Mg 

ha-1, respectively), agricultural trees contained 56,000 Mg more AGB than forest trees 

across the landscape. 

Differences in Tree-Based vs. Plot-Based Estimates of Landscape AGB 

Across the entire study site, the tree-based estimates were an average of 28 Mg 

ha-1 higher than plot-based estimates, with a total difference of 183,791 Mg between the 

tree- and plot-based methods (Table 3-2). Though differences in AGB per 1-ha plot 

(tree-based minus plot-based) ranged from 108 to 122 Mg ha-1, most differences 

occurred at low AGB density (Figure 3-5a) and were small and positive, between 0 and 

10 Mg ha (Figure 2-5b). The differences in AGB estimates were lowest at the ends of 

tree cover spectrum, indicating both the tree- and plot-based methods are predicting 

nearly the same AGB in areas where there are very few trees (Figure 3-5c).Differences 

in percent AGB reveal that despite small differences in Mg AGB at the low end the of 

tree cover gradient, the tree-based method estimates nearly 150-200% more AGB, and 

gradually declines with higher tree cover Figure 3-5d). In terms of Mg AGB, the greatest 
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differences between the two methods occurred at intermediated levels of tree cover, 

with the tree-based estimate of AGB frequently higher than the plot-based estimate. 

These intermediate forest cover areas represent areas of the landscape where the tree 

cover is heterogeneous, characterized by individual trees among agricultural fields or 

pastures.  

Discussion 

Contribution of Agricultural Trees to Landscape AGB 

We found that while there are roughly equal numbers of trees in forest and in 

agricultural areas, agricultural trees are a larger proportion of landscape AGB than 

forest trees. By segmenting lidar data into individual tree crowns and classifying them 

as either forest or agricultural trees, we found that the number and canopy cover of 

forest and agricultural trees was approximately equal (Table 3-2). However, at an 

average AGB density of 12.71 Mg ha-1, agricultural trees contained 256,406 Mg, which 

is 64,655 Mg more AGB than forest trees in the study site. This means that AGB 

estimates of this landscape which include only data from forested areas miss more than 

50% of landscape AGB. 

The high contribution of agricultural trees to landscape biomass highlights the 

need to accurately estimate, rather than ignore, tree cover in agricultural areas. It also 

shows the value of maintaining tree cover in highly deforested areas. In the extreme 

case that all agricultural trees were removed either through agricultural intensification, 

loss of live fences or long-term failure to regenerate pasture trees, the AGB of this 

landscape would be cut in half. Based on the average AGB density of the forests (75 

Mg ha-1), and the total amount of AGB in agricultural trees (256 thousand Mg) the loss 
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of agricultural trees is equivalent to the removal of 3,413 ha of forest from this 

landscape, which is 732 more hectares of forest than exists in the study site. 

Tree-based estimates of AGB density were higher than plot-based estimates, 

particularly for areas of intermediate forest cover. This supports findings in an South 

African savanna which found that dispersed tree cover is not accurately quantified with 

plot-based estimates and is likely due to how variability in tree height is incorporated 

into the AGB prediction model. Colgan et al. (2013) found a similar trend in an African 

savanna were plot-based methods underestimated field-measured AGB at the low end 

of the AGB range by approximately 25%, and concluded that the tree-based AGB 

estimates had lower error than plot-based estimates. The fundamental reason for the 

discrepancies between the methods is that the tree-based method, AGB is predicted for 

each individual tree, whereas the plot-based method predicts AGB using an average 

tree height in a 1 hectare area. Our comparison between tree and plot-based methods 

from an agricultural landscape dominated by dispersed tree cover results support those 

by Colgan et al. (2013), where differences in AGB predictions results large differences 

in the landscape AGB estimate. 

AGB Lidar Model 

The estimate of agricultural tree cover depends of course on the definition of 

what is agricultural and forest land cover, which is difficult in landscapes such as the 

Azuero where there is both fine spatial scale heterogeneity as well as temporal 

variation. The debate about a forest definition is not new, but is particularly relevant and 

challenging as mapping of forest and non-forest is now accomplished primarily through 

remote sensing data, where a quantitative definition of forest is required (Putz and 

Redford 2010). In this study, we distinguished between forest and agricultural tree cover 
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based on the relative isolation of tree crowns, driven by the dominance of scattered 

trees in pastures on this landscape. The threshold in number of neighboring crowns that 

delineates agricultural versus forest trees is necessarily subjective, just as with all other 

classifications of forest cover, in the field and from the air. We suggest that including 

metrics of crown isolation when available in conjunction with tree cover may provide an 

improved method for classifying forest cover. 

One of the primary uncertainties of this method is estimating AGB of trees with 

small crowns (< 20 m2). We found that there was a systematic overestimation of AGB. 

One explanation for overestimation of small crowns is that the lidar pixel size was too 

large to accurately map the crown area of small crowns. Our data has a spatial 

resolution of 1.12 m so each pixel has a size of 1.25 m2. For a 5 m2 (4 pixel) crown, the 

addition of a single pixel is a 25% change in the measured crown area. For a 100 m2 

crown (80 pixel), one added pixel increases crown area by only a 1.25%. There may be 

a tendency in digitizing individual crowns to include a pixel even if less than 50% of the 

crown is perceived to be in the pixel. For large crowns, this leads to only small 

overestimation. For small crowns, this would lead to a large overestimation. 

A second explanation for low predictability of AGB for small crowns could be that 

cattle and humans cause disproportionally large damage to the crowns of small trees 

compared to the crowns of large trees because of the greater accessibility of crowns to 

the ground. Kuyah et al. (2012b) found that in agricultural trees in Western Kenya, 

browsing or other damage on smaller, accessible trees affected the relationship 

between height, diameter, and crown area, thereby weakening the allometric 
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relationship in small trees. Agricultural trees have known uses for humans, thus 

increasing the chance that accessible crowns are altered by human use. 

Including taxon-specific wood density increased the accuracy of lidar AGB 

prediction. However, applying this model to the landscape is contingent upon knowing 

the species of all tree crowns in the study area. For this study, this was possible 

because of the work in species identification based on hyperspectral data for the same 

area. Given the abundance of lidar data relative to hyperspectral data, many areas will 

be restricted to predicting AGB without species specific metrics. This study shows that 

the lidar AGB model without taxon-specific wood density is comparable with the models 

using crown area and height alone. As integrated hyperspectral and lidar data become 

more common (Ghosh et al. 2014), utilizing the lidar model with wood density will 

improve AGB estimates, but for regions with only lidar data, the AGB estimates based 

on liar data are still a good estimate. 

Although we do not present an accuracy assessment of the lidar segmentation of 

crown areas here, we believe that lidar metrics of crown area and maximum height are 

well suited to estimate AGB for trees in a tropical agricultural landscape compared to 

continuous forest areas. The majority of the trees on this landscape have few 

neighboring crowns, so edges of crowns can be easily detected among the background 

of grass. Greater number of neighboring crowns, such as conditions in a closed canopy 

forest, can cause errors in segmentation algorithms because crown edges are hard to 

detect. Tree crowns in closed canopy forests tend to be irregular in shape and overlap, 

making the automatic tree crown segmentation difficult based on lidar data alone. 

Furthermore, secondary forests, which are common in this landscape, have trees with 
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small crowns making spectral species identification and crown delineation difficult 

because there are fewer pixels for each crown. This reduces the sample size of spectral 

data on which to predict species. In addition, the crown segmentation algorithm relies 

on detecting the curvature of the crown by identifying the tallest and lowest pixels. 

Therefore, with small crowns comprised of few pixels, the variation in height is more 

subtle and the algorithm may not detect the crown shape. 

Future Directions in Landscape AGB Estimation 

Global climate change is a widely recognized problem being driven by a myriad 

of causes, one of which is believed to be the trend of tropical forest loss for the 

expansion of agriculture (Achard et al. 2004). To combat the loss of tropical forest 

cover, international programs, such as REDD+, are being developed to integrate 

tropical forests, and the goods and services they provide, into the global economy. 

However, success of these programs requires accurate, reliable, and repeatable 

measurements of landscape carbon stocks and sequestration rates (Gibbs et al. 2007). 

While methods to estimate forest carbon stocks from remote sensing continue to 

be developed (Asner and Mascaro 2014), we stress the need to consider methods that 

can account for high variability in tree cover. This study demonstrates that high 

resolution airborne data, in which individual trees can be resolved, may be a key to 

accurately assessing carbon stocks in agricultural landscapes. In addition, the AGB 

estimates based on these high resolutions images, which are often only available for 

limited areas; aerial data may be used to make more accurate estimates from coarser 

resolution images that cover larger areas. 
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Conclusion 

We have shown that agricultural tree cover has a non-negligible amount of 

biomass. For our study site in a dry forest region of Panama, the biomass of agricultural 

tree cover was equivalent to the biomass of forest fragments. While methods are being 

developed to map biomass across entire nations as for Panama (Asner et al. 2013), we 

advocate that it is necessary to ensure methods capture the biomass of non-forest as 

well as forest areas. While plot-based methods do provide wall to wall AGB estimates, 

they will likely underestimate AGB in a large part of the global landscape. Without an 

accurate estimate of AGB in non-forest areas, there is no way to quantify the necessary 

carbon stocks for these payment schemes. We believe that individual based methods 

provide a more accurate estimate of AGB, at least in landscapes that have a mixture of 

forest and non-forest land cover. 
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Table 3-1.  Summary statistics of land cover, tree cover, and biomass across forested 
and agricultural areas. 

Measurement Forest area Agricultural area 

Area (ha) 2,681 20,175 

% of study site 12% 88% 

% of tree cover 46% 54% 

# of trees 293,214 285,977 

trees/ha 109.4 14.2 

Total AGB (Mg) 200,751 256,406 

AGB density (Mg/ha) 74.88 12.71 

 

Table 3-2.  Summary of differences between tree-based (this study) and plot-based 
AGB estimates in a 22,587 ha landscape. 

AGB estimate Tree-based Plot-based Difference 

Average Mg/ha 35.8 7.4 28.44 

Total Mg/ha 457,151 273,360 18,3791 

Notes: Plot-based data from Asner et al. 2013 
 

 
Figure 3-1.  Study site on the Azuero Peninsula. Outlined region is the 22,587 ha study 

site of aerial data collection by the Carnegie Airborne Observatory. 



 

67 

 
Figure 3-2.  Outline of methods for landscape AGB analysis. 
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Figure 3-3.  Map of forest and agricultural tree classification for a subset of the study 

area. Tree crowns were segmented from 1.12 m lidar data and classified as 
an agricultural tree (red) or forest tree (black) based on the shared edge of 
neighboring crowns The background image is a high-resolution visible color 
image from the CAO AToMSsystem (Asner et al. 2012). 
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Figure 3-4.  Comparison of final AGBlidar predictions and AGBchave predictions for all 

1,100 field-measured trees Final model statistics were generated from fitting 
the AGBlidar model 1000 times on 10% of the field data. Distributions of 
model parameters are shown in Appendix C. 
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Figure 3-5.  Tree and plot based AGB density estimates (Mg ha-1). (a) Comparison 

between predicted AGB using the tree-based method (this study) with the 
plot-based estimate (Asner et al. 2013) for each 1 ha pixel in 22,587 ha study 
site. (b) Histogram of differences in AGB estimates. (c) Difference in AGB 
estimates between tree and plot based methods along a gradient of tree 
cover, with a local polynomial regression (loess-fit, red line). (d) Difference in 
percent AGB estimates along a gradient of tree cover, with loess-fit. 
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CHAPTER 4 
CONCLUSION: ECOLOGICAL VALUE OF TROPICAL AGRICULTURAL 

LANDSCAPES 

While global forest coverage is declining, human populations and demand for 

food and fuel are increasing with the recognition that agricultural production must also 

increase (Godfray et al. 2010). The debate of how to increase agricultral production 

without causing additional carbon emissions or species extinctions is lively, with a focus 

on how and where to divide the landscape for agriculture and natural ecosystems (van 

Asselen and Verburg 2013, Gilroy et al. 2014). Fundamental to the evaluation of land 

management scenarios is the way in which production and ecological value is 

quantified. As suggested in this study, some agricultural areas that maintain high tree 

cover that are composed of multiple species with high valued to humans, and can 

contribute as much carbon as the remaining forest fragments. Furthermore, accounting 

for species presence and biomass can be done from novel aerial data, which reduces 

the need for expensive and time consuming field data collection, and increases the 

ability to collect data at regular time intervals. 
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APPENDIX A 
NDIV AND NIR SPECTRAL FILTERS 

We varied both NDVI (NDVI = NIR860nm - RED650nm  / NIR860nm + RED650nm) and 

NIR (reflectance at 860 nm) and measured overall accuracy for classification of 44 

species. NIR has a bigger effect on overall accuracy relative to NDVI. The optimal NIR 

threshold of 30% reflectance was chosen because above this level, accuracy 

dramatically declined. The optimal NDVI threshold selected at 0.50.  

 

Figure A-1.  Overall accuracy for variable NDVI and NIR thresholds. 
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APPENDIX B 

COMPARISON BETWEEN FIELD AND LIDAR- MEASURED TREE HEIGHT 

 
Figure B-1.  Comparison of maximum tree crown height measurements. Field 

measurements were made in the field using a laser altimeter, and lidar-
measured height from a 1.12 m resolution lidar image. 
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APPENDIX C 
SUMMARY OF TESTED LIDAR AGB MODELS 

Table C-1.  AGB lidar models and their model fit statistics for 1,100 field-measured 
trees. 

Model Parameters df AIC ∆ AIC RSE Adj. R2 

fit1 CA+H 4 2162.14 57.33 0.65 0.64 

fit2 CA 3 2597.34 492.53 0.79 0.47 

fit2r CR 3 2597.34 492.53 0.79 0.47 

fit3 H 3 2566.92 462.11 0.78 0.42 

fit4 CA+CA2+H 5 2161.98 57.17 0.64 0.64 

fit5 CA2+H 4 2176.53 71.72 0.65 0.64 

fit6 CA+H+WD 4 2104.81 0.00 0.63 0.66 

Notes: Model parameters are crown area (CA), height (H), and wood density 
(WD). Model  “fit2r” is the same structure as model “fit2”, but uses crown radius 
(CR). df is the degrees of freedom for the model, AIC is  Akaike Information 
Criteria, with ∆AIC as the difference between the model and the model with the 
lowest AIC, RSE is the Residual Standard Error, Adj. R2 is the coefficient of 
determination, adjusted for the number of model parameters. 
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