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Human activities are causing profound changes to the global environment, yet the 

potential consequences of these changes on rising atmospheric carbon dioxide and 

climate change are not well understood. Improving our understanding of these processes 

requires an enhanced awareness of how global ecosystems are changing and how these 

changes affect the global carbon cycle. Tropical ecosystems are considered crucial to the 

global carbon budget, and more reliable data on the rates and extent of land cover and 

land use changes in these ecosystems are needed to reduce the uncertainty of global 

carbon flux estimates. Spatially explicit and repeatable observations from remotely 

sensed data offer the best opportunity for monitoring the rapid changes taking place over 

large spatial scales in tropical ecosystems.  

As an important regional case study among global-wide efforts to understand land 

cover and land use change and its effects on terrestrial carbon dynamics, the objective of 

this research was to develop and test models based on high temporal frequency MODIS 



 

 

   

data for monitoring land cover changes and modeling associated carbon flux over tropical 

Central America. The first chapter introduces the issue involved with the development of 

a methodology for scaling observations of changes in tropical forest cover to large areas 

at high temporal frequency from coarse resolution satellite imagery. The approach for 

estimating proportional forest cover change as a continuous variable was based on a 

regression model that relates multi-spectral, multi-temporal MODIS data, transformed to 

optimize the spectral detection of vegetation changes, to reference change data sets 

derived from a Landsat data record for an individual study site. Chapter 2 reports on a 

series of fundamental analyses designed to test and compare the utility of various MODIS 

data and products for expanding the forest cover change models over multiple study sites 

and time periods. The study described in Chapter 3 integrates satellite-derived data sets 

on land cover and land use change with field-based parameters on terrestrial carbon 

stocks and flux in a simple accounting model to track carbon dynamics associated with 

these changes. 
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Background 

 

 Carbon dioxide concentrations in the atmosphere have been rapidly increasing 

over the last century, and its potential affects on global climate change are not adequately 

understood (Houghton et al., 1996). Efforts to identify sources of carbon to the 

atmosphere and quantify emissions have been initiated worldwide in response to 

international agreements on the mitigation of greenhouse gas emissions and climate 

change (Parson et al., 1992; IGBP, 1998). While the source of atmospheric carbon due to 

the burning of fossil fuels is generally well understood and its quantification relatively 

straightforward, most of the uncertainty involved with the global carbon cycle stems from 

a lack of understanding of terrestrial carbon dynamics (Goreau, 1990; Houghton, 1995; 

IPCC, 2000). This lack of understanding is in a large part due to insufficient data on the 

identification, extent and roles of sources and sinks of carbon in terrestrial ecosystems 

(Brown, 2002).  

Given that human activity is changing the global environment at extraordinary 

magnitudes, rates, and spatial scales (Meyer and Turner, 1994), there is a need to gain a 

better understanding of how land cover and land use changes affect the terrestrial carbon 

dynamics that produce and alter these sources and sinks. In effect, research is needed that 

explores two of the basic science questions outlined by NASA’s Earth Science Enterprise 

(ESE): 1) how global ecosystems are changing (variability); and 2) how the earth system 

responds to these changes (response). Investigating these questions will require key case 
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studies that analyze land cover and land use change and its effects on terrestrial carbon 

cycles on the regional scales at which change processes occur. 

Tropical forest ecosystems are considered of crucial importance to global 

environmental change because of their large spatial extent, their high biomass and carbon 

cycling capacity, and their exceptional rates of conversion (FAO, 1993). The effects of 

tropical forest clearing and biomass burning on rising atmospheric carbon levels remain 

uncertain, and neither the current nor potential future role of tropical ecosystems in the 

sequestration of carbon is well understood (Houghton et al., 2000). Regional case studies 

of land cover and land use change (LCLUC) and carbon dynamics are needed, as the 

uncertainty of global carbon flux estimates could be reduced with more reliable data on: 

1) the spatial distribution of carbon pools stored in tropical forest and other land cover / 

use types; and 2) the flux of carbon associated with ecological and land use change 

processes in tropical ecosystems. 

 

Research Design and Objectives  

 

The rates of deforestation in Central America during the 1980’s were among the 

highest in the world (FAO, 1993). The Mesoamerican region’s tropical forests and 

globally significant biodiversity, combined with its small area and high degree of threat, 

has prompted the conservation community to designate the region as a biological “Hot 

Spot” to be prioritized for conservation planning and management (Wilson, 2002). Rapid 

population growth, human migration, and slash-and-burn agriculture have had 
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detrimental effects on what forest remains and high rates of deforestation have continued 

throughout the region in the 1990’s (Sader et al., 2001). Forest fragmentation and the loss 

of critical natural habitats, as well as the reduction of carbon stocks and the emission of 

greenhouse gases from LCLUC, present some urgency for the development of 

conservation management strategies, perhaps best achieved through a cooperative 

research agenda and the development of a scientific database for continuous monitoring 

of the Central American region.  

To support the United States Agency for International Development (USAID) 

climate change mitigation initiatives in Central America, and the NASA Mesoamerican 

Biological Corridor (MBC) mapping project, a larger research and application effort is 

investigating the utility of satellite-derived land use and land cover change maps to assess 

regional carbon stocks and flux. The objectives are to develop an operable system for 

mapping regional carbon sources and sinks and monitoring greenhouse gas emissions 

from the land-use change and forestry sector (IPCC, 1997) in Central America. The 

research approach outlined in this dissertation was designed to investigate the science 

questions and basic issues underlying these larger research and application efforts. This 

investigation was intended to support these efforts by developing and testing methods to 

model regional terrestrial carbon dynamics. Models were based on spatially and 

temporally detailed measurements of LCLUC using remote sensing data that can be 

integrated with ground-level data and directly applied toward meeting the objectives of 

these projects in Central America.  
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As an important regional case study in global-wide efforts to understand LCLUC 

and carbon dynamics, the approach described here was designed to assess the utility of 

MODIS for monitoring land cover changes and associated carbon flux over a study site in 

Central America. Spatially and temporally detailed assessments of land cover change 

using historical Landsat data were integrated with ground-level data and spatially explicit 

modeling to create a high-resolution baseline of carbon stocks over the study area. 

Monitoring changes in carbon stocks and flux was based on annual estimates of forest 

cover change from multi-temporal MODIS spectral data. The development and validation 

of MODIS algorithms was based on annual, concurrent mapping of land cover change 

with Landsat data over the study area. Carbon flux and emissions was calculated annually 

based on spatially explicit modeling of the carbon dynamics associated with MODIS-

detected forest cover change. Within the framework of the global-scale science priorities 

of NASA’s ESE program, the approaches for developing this regional case study were 

guided by the following broad research questions: 

1. How are the ecosystems of Mesoamerica changing? And 

2. How do these changes affect regional carbon cycles? 
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Abstract 

 

This chapter describes the development of a methodology for scaling observations 

of changes in tropical forest cover to large areas at high temporal frequency from coarse 

resolution satellite imagery. The approach for estimating proportional forest cover change 

as a continuous variable is based on a regression model that relates multispectral, 

multitemporal MODIS data, transformed to optimize the spectral detection of vegetation 

changes, to reference change data sets derived from a Landsat data record for a study site 

in Central America. A number of issues involved in model development are addressed 

here by exploring the spatial, spectral and temporal patterns of forest cover change as 

manifested in a time-series of multi-scale satellite imagery. 

The analyses highlighted the distinct spectral change patterns from year-to-year in 

response to the possible land cover trajectories of forest clearing, regeneration and 

changes in climatic and land cover conditions. Spectral response in the MODIS 

Calibrated Radiances Swath data set followed more closely with the expected patterns of 

forest cover change than did the spectral response in the Gridded Surface Reflectance 

product. With forest cover change patterns relatively invariant to the spatial grain size of 

the analysis, the model results indicate that the best spectral metrics for detecting tropical 

forest clearing and regeneration are those that incorporate shortwave infrared information 

from the MODIS calibrated radiances data set at 500m resolution, with errors ranging 

from 7.4 to 10.9% across the time periods of analysis. 
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Introduction 

 

Forest cover conditions are in constant flux from changes that may be subtle or 

abrupt, and can result from natural and/or anthropogenic forces. The capacity to monitor 

these on-going changes is critical to efforts toward sustainable resource management, 

habitat conservation, and balancing the global carbon budget and understanding its role in 

climate change. These changes will have characteristic spatial, spectral and temporal 

patterns that can be observed in multiple acquisitions of satellite data over time. As 

defined by Coppin et al. (2004), this variability can result from a number of sources, 

including the conversion from one land use type to another (e.g. forest to pasture) or the 

more subtle modification of land cover over time (e.g. the accumulation of biomass in 

growing forests). Furthermore, year-to-year changes in ecosystem condition due to 

climatic variation, for example, will result in significant spectral variability observed 

even in unaltered land cover types. Understanding the link between the conversion, 

modification and condition of land cover with the interannual spectral variability in a 

multitemporal satellite data set is required to: 1) separate the changes of interest from 

spurious change and unchanged areas and, 2) identify the type, extent and intensity of 

change.  
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Remote Sensing Observations 

 

For over 30 years, scientists and practitioners have been using Landsat data to 

monitor vegetation and land cover at landscape and regional scales. The Landsat data set 

has notable advantages that account for it being so widely-used in ecological 

applications, including a long-running historical time-series, a spatial resolution 

appropriate to regional land cover and land use change (LCLUC) investigations, and a 

spectral coverage appropriate to studies of vegetation properties (Cohen and Goward, 

2004). However, the low repeat frequency (with recurrent cloud coverage) and small area 

coverage per scene preclude its use for large-area monitoring in the tropics. The current 

sensor malfunctions with the Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and 

the unavailability of Landsat 5 Thematic Mapper (TM) data for some regions, lends 

further credence to considering other sources of data for monitoring LCLUC. With its 

improved radiometric properties, moderate spatial and spectral resolutions and twice-

daily coverage, the freely-available suite of products generated by NASA’s Moderate 

Resolution Imaging Spectroradiometer (MODIS) hold the promise of becoming the most 

important data source for land cover characterization and operational monitoring at 

regional and global scales (Townshend and Justice, 2002).  
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Satellite Image Change Detection  

 

Relating the spectral changes among multitemporal satellite data sets to changes 

in surface features and biophysical variables has long been an important application of 

remote sensing technology (Singh, 1989; Coppin et al., 2004). The most common 

approaches used in change detection have included the “post-classification” comparison 

of two dates of land cover classifications and the simple two-date, univariate differencing 

of single bands or band ratios. Multivariate techniques that incorporate more spectral 

information in the change detection algorithm often produce improved results. Examples 

include clustering of multitemporal composite images (e.g. Hayes and Sader, 2001) and 

the use of multivariate transformations such as the tasseled-cap (e.g. Healey et al., 2005), 

principal components analysis (e.g. Fung and LeDrew, 1987; Muchoney and Haack, 

1994), and the less-used canonical correlation analysis (e.g. Nielsen et al., 1998). One 

commonality amongst most of these approaches is the need to apply some often arbitrary 

or subjective thresholding or classification decision-rule that separates the change areas 

of interest from spurious or no change areas in a given study area (Fung and LeDrew, 

1988).  

Traditional classification techniques have typically relied on the mapping of land 

cover and change by associating each pixel in an image with a single, discrete category, 

under the assumption that each pixel represents a homogenous area on the ground. 

However, these techniques do not fully exploit the information about the variability of the 

features of interest inherent in the spectral signal of remotely sensed data. A variety of 
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approaches have been used to estimate the “sub-pixel” composition of land cover and 

biophysical variables, including regression techniques (Iverson et al., 1989; Zhu and 

Evans, 1992; Cohen et al., 2003), fuzzy class membership functions (Foody and Cox, 

1994), linear mixture modeling (Adams et al., 1995; DeFries et al., 2000), and artificial 

neural networks (Foody et al., 1997). These techniques become particularly important 

when the phenomena of interest operate at scales below the spatial resolution of the 

satellite data set. 

The majority of these investigations have focused on the utility of such techniques 

to detect gradients in and/or decompose the spectral signal of a pixel for mapping land 

cover at one point in time. Because of the advantages involved with mapping sub-pixel 

cover, Hansen et al. (2002) speculate that the MODIS-based Vegetation Continuous 

Fields products can be used to measure changes in proportional forest cover over time, 

yet few studies have applied sub-pixel classifications in a change detection context. 

Prototype studies of change algorithms using 250m MODIS radiance data suggest 

satisfactory results for extreme events such as large-scale flooding and burning, yet the 

detection of deforestation was less reliable where forest clearing is patchy (Zhan et al., 

2002; Morton et al., 2005). Furthermore, it has been well established that estimating 

change from two separate dates of classifications (post-classification change detection) 

suffers from the propagation of often significant errors inherent in the classification at 

each date (Jensen, 1996). Direct spectral modeling of the sub-pixel proportion of change 

in a multitemporal, moderate resolution data set therefore offers the opportunity to take 
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advantage of the improved information on pixel heterogeneity while reducing the 

potential for post-classification error propagation.    

 

Objectives 

 

The fundamental goal of this study is to develop a methodology for scaling 

observations of changes in tropical forest cover to large areas at high temporal frequency. 

Despite its advantages, the primary challenge of using MODIS data is to extract useful 

information on land cover change when the processes of interest operate at a scale below 

the spatial resolution of the sensor. Patches of clearing and regeneration in slash-and-burn 

agriculture systems, for example, often average 2 or 3 hectares in size (Sader, 1995; 

Hayes et al., 2002), whereas a MODIS pixel, at minimum, covers more than 6 hectares. 

The approach for estimating proportional change as a continuous variable is based on a 

regression model that relates multispectral, multitemporal MODIS data, transformed to 

optimize the spectral detection of vegetation changes, to reference change data sets 

derived from the Landsat analysis. 

In general, there are a number of issues involved in building a forest cover change 

model, which are addressed here by exploring the spatial, spectral and temporal patterns 

of land cover change in a tropical forest study area, and examining how these patterns are 

manifested in the multitemporal data sets. An advantage exploited in this study is the 

direct comparison of accurate and detailed land cover change information derived from 

Landsat data with a MODIS data set, for a time-period when concurrent data from the 
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two sensors exists for the study area of interest. Specifically, these analyses are used to 

address three main objectives of the modeling effort: 

1) Explore the spatial patterns of both the land cover change and spectral data 

sets to examine the effect of grain size on spatial pattern and to compare the 

image quality of the various spectral data used in this study; 

2) Investigate the potential spectral trajectories of major land cover types as they 

change over time in order to develop an understanding of the expected 

relationship of forest cover change to year-to-year changes in spectral 

response; and  

3) Compare the results of using different spectral indices from different data sets 

at varying spatial resolution for predicting proportional change in forest cover 

over time. 

 

Methods 

 

Study Area and Data 

 

Meeting the research objectives of this study requires detailed, landscape-scale 

land cover maps and analyses of LCLUC. These data have been derived from high spatial 

and temporal resolution databases developed for a study area located in northern 

Guatemala, corresponding to Landsat Worldwide Reference System Path 20 / Row 48 

(Figure 1). This study area covers much of the Maya Biosphere Reserve, a complex of 
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delineated management units including five national parks, four biological reserves, a 

multiple use zone, and various community-level forest concessions. The Reserve is 

characterized by mainly lowland forest and expansive freshwater wetlands, part of the 

largest contiguous tropical moist forest remaining in Central America (Nations et al., 

1998). However, since the mid 1980s, the land within this study area has been subjected 

to widespread LCLUC  as a result of human migration and expansion of the agricultural 

frontier (Sader et al., 1997). The resulting land cover pattern consists of a mosaic of 

mature forest, pasture and croplands, and a range of ages of secondary forests (Hayes et 

al., 2002).  

The analyses described in this study (Figure 2) span a three-year time period 

(2000 to 2003) in which MODIS data could be acquired concurrently with Landsat 5 and 

pre-scan line corrector (SLC)-off Landsat 7 data. Landsat 7 SLC-off data was acquired in 

2004 and 2005 to extend the analysis of the spectral trajectories of known land cover and 

land cover change areas. Among the myriad data and products available from the MODIS 

sensor, of primary interest to this study were the Calibrated Radiances (MOD02) and 

Surface Reflectance (MOD09) products. To minimize external effects from the timing of 

land cover changes, as well as from atmospheric and seasonal differences, single-date 

MODIS data were acquired on the same day as, or as close as possible to, the annual 

Landsat acquisitions (Table 1). Ancillary spatial data, previously developed land cover 

and change maps, and field visits were also used to guide the target and training site 

selection, classifications and other analyses described in this paper. 
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There are numerous other products available in the MODIS data stream that have 

potential relevance for mapping forest cover change, including the Enhanced Vegetation 

Index (EVI) and Bidirectional Reflectance Distribution Function (BRDF) products.  

However, evaluations of these data are not included in this exploratory analysis of forest 

cover change patterns for various reasons. While the EVI has shown improved ability to 

distinguish vegetation parameters in high biomass areas over the traditional NDVI (Huete 

et al., 2002), the MODIS vegetation indices are based on MOD09 spectral data and is a 

product of a 16-day compositing algorithm. This study’s objective of an evaluation of the 

spatial, spectral and temporal patterns of forest cover change while controlling for 

external effects led to the analysis of the original, single-date MODIS radiance and 

reflectance bands. The EVI was not included so as to reduce the complexity and 

redundancy (i.e. with the MOD09 data) in the analysis and to avoid any errors in the 

timing of land cover change that would be lost in the 16-day composites. Likewise, other 

higher-level products such as the BDRF are also based on MOD09 and multi-date 

composited, as well as being collected at spatial resolution (1km) more coarse than 

appropriate for this study. 

 

Satellite Data Pre-processing 

 

The Landsat 7 ETM+ scene acquired on 27 March 2000 was used as the “base-

line” for the geometric correction and radiometric normalization of the entire Landsat 

data set. The reference scene was previously geo-rectified to ground control points and 
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resampled with a 30m pixel resolution in the Sinusoidal Projection (WGS 84) to match 

the native grid of the MODIS data and products. The other five Landsat scenes were geo-

rectified to the reference via the automated selection of image tie-points, as described in 

Kennedy and Cohen (2003), and first-order polynomial resampling. Overall root-mean-

square error was less than half a pixel (<15m) for each resampled image. Digital numbers 

were converted to reflectance values in the reference image using the COST model 

(Chavez, 1996). The subsequent Landsat scenes were radiometrically normalized, band-

by-band, to the reference scene using linear regression techniques (Hall et al., 1991). The 

algorithm was based on the selection of end-point targets from the wet and dry non-

vegetated extremes in each band at each date, as described for this study site in Hayes 

and Sader (2001).  

Collection 4 Terra MODIS data and products were used in these analyses, which 

are distributed by the Land Processes Distributed Active Archive Center (LP DAAC), 

located at the U.S. Geological Survey (USGS) Center for Earth Resources Observation 

and Science (EROS) http://LPDAAC.usgs.gov. For MOD02 and MOD09 data, red (R) 

and near-infrared (NIR) spectral information (bands 1 and 2, respectively) are available at 

quarter-kilometer resolution. The half-kilometer data contains a total of 7 layers, 

including blue, green, and three shortwave infrared (SWIR) channels (bands 3-7), in 

addition to resampled bands 1 and 2. The MOD09 product has been converted to surface 

reflectance values according to the algorithm described by Vermote et al. (1997) and is 

available in gridded sinusoidal projection format. The MOD02 data consists of at-satellite 

calibrated radiance values, prior to any atmospheric correction algorithm. Another 
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important difference between the two data sets is that the MOD02 data are  available as 

the original swath observations, prior to being resampled to the pre-defined storage bins 

used in the higher-order gridded sinusoidal products, including MOD09. Tools to 

reproject and reformat MOD09 and MOD02 data are available from the USGS 

(http://edcdaac.usgs.gov/landdaac/tools/modis/) and were used here. The MODIS 

Reprojection Tool for gridded products (MRT) provided MOD09 output in the sinusoidal 

grid with cells sizes of 231.7m and 463.3m for the quarter-kilometer (MOD09GQK) and 

half-kilometer (MOD09GHK) data sets, respectively. The MODIS Reprojection Tool for 

swath data (MRT Swath) required latitude and longitude data for geolocation of MOD02, 

which is available as part of the MODIS data stream (MOD03) at 1km resolution. 

MOD02 data was output from the MRT Swath in the sinusoidal projection to maintain 

consistency with the MOD09 data but retained the native cell resolutions of 250m and 

500m for the quarter-kilometer (MOD02QKM) and half-kilometer (MOD02HKM) data 

sets, respectively. 
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Reference Forest Cover Change Classification 

 

Researchers have monitored LCLUC in the Maya Biosphere Reserve using 

Landsat data from the past three decades (Sader et al., 2001; Hayes et al., 2002). For this 

study, the mapping of forest clearing and regeneration was extended to include annual 

assessments of LCLUC from 2000 to 2003 using Landsat TM and ETM+ acquisitions. 

After removing clouds from the imagery (by a combination of multivariate clustering and 

hand-editing), forest clearing, burning and regeneration were classified for each time 

period (Table 2) by visual interpretation and clustering of multi-date normalized 

difference vegetation index (NDVI) composite imagery, as described by Hayes and Sader 

(2001). The authors report an overall accuracy of 85% (Kappa = 0.83) for this method, 

using the visual interpretation technique for accuracy assessment of change 

classifications reported by Cohen et al. (1998). In addition to forest clearing for 

agricultural and pasture establishment, the study area experienced extensive loss of forest 

cover during this time period due to wildfire (CONAP, 2005).  

The Landsat-derived reference LCLUC was aggregated to a continuous variable 

representing the net proportional change in forest cover (∆FC) to match the grid 

resolutions of the MODIS data and products. In this study, the definition of forest cover 

includes both mature forest cover as well as young forests (≥ 1 year-old) regenerating on 

abandoned agricultural or fallow sites. To develop the model, a grid matching the 

location and size of the MODIS pixels was overlaid on the reference land cover change 

data and a count of the relative number of cleared, regrowth, and no change Landsat 
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pixels were used to calculate the reference ∆FCi,t, which has a possible range of –100% 

(completely cleared) to +100% (completely regrown) for each grid cell (i) at each time 

period (t). Reference ∆FC data sets were calculated according to the grid cells matching 

the spectral data set being investigated so that separate ∆FC data were created using the 

MOD02 QKM and HKM cells as well as the MOD09 GQK and GHK grids. 

 

Spatial Analysis 

 

The spatial properties of the observed land cover change and the spectral data 

were explored (objective 1) through an analysis of semivariance, a fundamental 

measurement of geostatistics that has been used in remote sensing to study the spatial 

structure of both ground-level and satellite data sets (see Curran and Atkinson, 1998). 

The semivariance (γ) of a spatial variable is calculated as half the average squared 

difference in the value of the variable between sample points. The spatial variation in a 

variable can be represented, then, by constructing a semivariogram (γ(h)), which is a plot 

of γ as a function of distance or lag, h. In remote sensing studies, semivariograms have 

been used to guide  spatial sample selection (Atkinson, 1991), to indicate the amount of 

spatial heterogeneity in image data (Cohen et al., 1990), for modeling biophysical 

properties (Berterretche et al., 2005) and to provide an assessment of image quality (Tian 

et al., 2002).  

Several key features of semivariograms allow interpretation of the spatial 

dependence and variability in remotely-sensed and ground data (Curran, 1988). In a 
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nonrandom spatial data set, γ increases from an initial value at lag zero (the nugget) to an 

asymptotic value (the sill), after which γ remains relatively constant at larger h. The lag 

distance whereupon γ reaches the asymptote is referred to as the range, which defines the 

distance over which the variable is spatially autocorrelated. The sill provides an 

assessment of the spatial heterogeneity, or contrast, in the spectral data and, when 

compared to the semivariance in reference data, is an indicator of the satellite data quality 

(Tan et al., 2005). 

Semivariograms were constructed for both the reference change in forest cover 

(∆FC) and the change in the normalized difference vegetation index (∆NDVI) between 

two dates and at multiple grain sizes. Both reference ∆FC and ∆NDVI were summarized 

for the three-year time period between 2000 and 2003. The semivariogram analysis was 

conducted on a subset area in the center of the Landsat scene, covering approximately 75 

x 75 km and representing a mixture of undisturbed mature forest interspersed with 

shifting cultivation agriculture concentrated in a few small communities within the 

Reserve’s multiple use zone (Hayes et al., 2002). Omni-directional semivariance of the 

∆FC and ∆NDVI subsets were calculated using the “kriging” routine in ArcGIS (ESRI, 

2005) and plotted against lag in the variograms. The semivariograms of the reference 

∆FC were used to interpret the distance beyond which there was no longer spatial 

correlation in the data, and this range was used as the minimum distance allowed between 

sample points selected for building the regression modeling of ∆FC, as explained below. 

The semivariance at the sill of the variogram was compared among ∆NDVI derived from 

the MOD02 and MOD09 at both quarter-kilometer and half-kilometer resolution, along 
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with that of the Landsat data, degraded in pixel size from 30m to 240m (8x8 pixels) and 

450m (15x15) resolution.  

 

Analysis of Temporal Spectral Trajectories 

 

In this study, the spectral variability associated with vegetation and land cover 

conversion, modification and condition was investigated (objective 2) through an analysis 

of 6 dates (2000 to 2005) of Landsat data (Table 1) for “training” areas of known land 

cover type. The set of 70 training areas represented 10 sites each of the following types: 

mature, high-stature forest; low-stature, seasonally inundated forest; savannas; wetlands; 

agricultural plots; pastures; and secondary forest regenerating on abandoned or fallow 

agricultural or pasture sites. Each area selected comprised at minimum a 10 by 10 pixel 

(9 ha) area and represented a single land cover category, unchanged in type over the 6 

dates and known for 2005 from field visits and/or visual interpretation of Landsat color 

composite imagery (see Hayes and Sader, 2001). Care was taken to ensure that training 

sites did not include any data gaps in the 2004 and 2005 Landsat 7 SLC-off data. 

The temporal spectral trajectories of each land cover type were investigated by 

examining their inter-annual response using two vegetation indices: the NDVI and the 

tasseled cap wetness (TCW) transformation. The NDVI, a widely-used spectral 

vegetation index that has been correlated to crown closure and other vegetation 

parameters (Tucker, 1979), measures the contrast between surface reflectance in the R 
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and NIR wavelengths. NDVI was calculated for each date of Landsat normalized 

reflectance bands using the following formula: 

)34(

)34(

BandBand

BandBand
NDVI

+

−
=                     (Eq. 1) 

The TCW is a transformation that exploits a more full spectral domain and emphasizes 

contrasts in the SWIR against the NIR and visible wavelengths (Crist and Cicone, 1984). 

The TCW index has been shown to be sensitive to the moisture content of vegetation as 

well as various forest canopy structural characteristics (Cohen and Spies, 1992). It was 

used here to explore the spectral behavior of the land cover trajectories in wavelengths 

other than the R and NIR, particularly with respect to the SWIR. The atmospherically-

corrected Landsat reflectance data was converted to TCW at each date using coefficients 

derived by Crist (1985) for ground-based spectral data, as discussed by Cohen et al. 

(2003). For each spectral measure, the mean and standard deviation of the spectral 

response were summarized for each land cover type at each date and these trajectories 

were plotted over time.  

 

Estimating Forest Cover Change 

 

The fundamental goal of this study was to build a model that predicts the change 

in forest cover between two dates as a continuous variable from a multitemporal spectral 

data set (i.e. MODIS). Models were constructed using a multiple linear regression 

approach in which the independent variables (X’s) were derived from two dates of 

spectral data and used to model ∆FC, the dependent variable (Y), for the same time 
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period. As an illustration, a model that predicts net ∆FC between two dates as a 

percentage of a given pixel from a linear combination of the digital numbers (DN) of a 

multitemporal, multi-spectral Landsat or MODIS data set can be depicted as: 

εββ    ∆ ++++

========

++++ ∑∑∑∑====[%][%][%][%]
2,

1,1

),,(  
0

n

tb
tbtb

DNFC
     (Eq.2) 

with DNs summed over n number of bands (b) at times (t) 1 and 2 and βb,t coefficients 

relate DNb,t to ∆FC for the time period, where β0 is the intercept, and ε is the error. The 

relationship of ∆FC to spectral change was investigated in this study by comparing 

(objective 3) models developed from a “control” data set based on the Landsat-derived 

spectral signatures of the training sites, as described in section 2.5 above, and sample sets 

of actual spectral data from MOD02 and MOD09 imagery. 

 

Simulations with Landsat spectral signatures 

To investigate the year-to-year spectral behavior of the land cover states and 

changes among them, the Landsat-derived signature statistics for the training sites 

(section 2.5) were used in controlled simulations of spectral change for each time period. 

This investigation employed a Monte-Carlo type analysis in which the mean and standard 

deviation in spectral response (NDVI and TCW) were used to create an inverse 

cumulative probability distribution for each land cover type at each date, assuming a 

normal distribution in spectral response. In the simulations, one hundred random variates 

of spectral response were drawn from each of these distributions. Each random variate 

from a given date was paired with a variate of the same spectral index from another date 
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to calculate a change in spectral response, i.e. ∆NDVI or ∆TCW. The frequency 

distribution of variates used to calculate the change in spectral response between two 

dates of the same land cover type gave an indication of the year-to-year spectral changes 

associated with variation in vegetation condition.  

The expected change in spectral response that would result from a land cover 

conversion between any two dates was investigated by comparing random variates of 

different land cover types at each date. For example, each of the one-hundred random 

variates from simulations of NDVI response in mature forest for the year 2000 were 

paired with a variate derived from the distribution of pastures in the year 2003. The 

resulting frequency distribution of ∆NDVI, then, indicated the expected range and 

variability in spectral change resulting from forest clearing between 2000 and 2003. 

Similarly, NDVI of random variates generated from the distribution for agricultural plots 

in 2000 was subtracted from the NDVI of young (1 to 3 years old), regenerating forest in 

2003 to assess the expected spectral change for vegetation regrowth. Finally, the full 

range of proportional ∆FC and its relationship with spectral change was investigated by a 

controlled mixing of the spectral responses from the Monte-Carlo simulations, for 

different fractions of land cover types at each date. 

 

Multitemporal MODIS spectral data 

The trade-off in spectral and spatial resolution with the use of MODIS data was 

explored in the analysis of the data’s utility in detecting changes in forest cover. The 

higher resolution (quarter-kilometer) data contains only two bands of spectral information 
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(R and NIR), while gaining greater spectral information (such as in the SWIR 

wavelengths) in the half-kilometer data requires a reduction in the spatial grain size of 

analysis. The effect of spatial grain size on the modeling of ∆FC was explored by 

comparing models based on ∆NDVI from the quarter- and half-kilometer MOD02 and 

MOD09 data sets. For MODIS data sets, the NDVI at each date was calculated as: 

)12(

)12(

BandBand

BandBand
NDVI

+

−
=                     (Eq. 3) 

Because the NDVI calculation requires only R and NIR bands, it offers a common index 

for comparison across the different data sets and spatial resolutions. The effect of using 

SWIR information on the prediction of ∆FC was investigated at half-kilometer resolution 

where these wavelengths are recorded by MODIS.  

Just as the NDVI provides a measure of the contrast between reflectance in the 

NIR and R wavelengths, other band ratios that contrast the SWIR wavelengths with the 

NIR band have been used with Landsat data to distinguish forest structure and moisture 

content (Fiorella and Ripple, 1993). These “infrared indices (II)” can be calculated as 

simple band ratios or normalized differences: 

)(
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SWIRNIR

SWIRNIR
II

+

−
=         (Eq. 4) 

where, in Landsat data, NIR reflectance is recorded in band 4 and SWIR reflectance can 

be represented with band 5 or 7. Hardinsky et al. (1983) found the normalized difference 

in Landsat bands 4 and 5 to be more sensitive to changes in plant biomass and drought 

stress than the NDVI. Recent studies by Wilson and Sader (2002) and Jin and Sader 

(2005) suggest that the Landsat 4-5 normalized difference index improves the accuracy of 
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forest harvest detection over the traditional NDVI. These authors have termed this index 

the “normalized difference moisture index (NDMI)” because of its sensitivity to canopy 

moisture content and its high correlation with the TCW transformation (Jin and Sader, 

2005). The NDMI was used in this study for its ease in calculation with MODIS data 

while also addressing the objective of testing the effect of adding SWIR information in 

the ability to model forest cover change.  NDMI was calculated for both the 

MOD02HKM and MOD09GHK data sets by contrasting NIR band 2 with SWIR band 6.  

 

Regression Model Construction 

As described above (section 2.3), the reference classifications were summarized 

according to the grid cells matching the data set being investigated, allowing direct 

comparison of ∆FC and MODIS spectral change for quarter- and half-kilometer 

resolution MOD02 and MOD09 data. The relationship was investigated for each data set 

and each time period using a stratified random sample of spatially independent grid cells 

to construct the regression model shown in Eq. 2. To select the sample, the continuous 

reference variable was first categorized into incremental classes of 10% ∆FC across the 

entire range (-100 to +100%), with an added class of 0% change. Equal numbers of 

samples were taken from each class according to the criteria that samples: 1) were far 

enough separated in space to be considered independent, as per interpretation of the range 

of autocorrelation in the variograms of the reference data, 2) corresponded to “good” 

quality data as interpreted from the MODIS quality assurance files and/or visual 

screening for the presence of water, clouds, smoke or other unwanted defects, and 3) in 
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the added class of 0% change, incorporated the range of both unchanged forest and non-

forest mixtures. Thus, a set of sample cells for model building was created for each data 

set (MOD02 and MOD09) at each resolution (quarter- and half-kilometer) for each time 

period in the analysis (annually for 2000 to 2001, 2001 to 2002, and 2002 to 2003; and 

the three-year period from 2000 to 2003). 

Each sample data set to be modeled consisted of the radiance or reflectance values 

in each band for each of the two dates of MODIS data, as well as continuous variables on 

initial percent forest and non-forest cover and the reference ∆FC for the corresponding 

data set, cell size and time period. Based on the Landsat signature simulation exercise, it 

was apparent that ∆FC could not be modeled on spectral changes as one population, i.e. 

there were different relationships for forest regeneration versus forest clearing. As such, 

each data set was segmented into two separate model sets, one where ∆FC > 0% (the 

“forest regeneration” set) and the other where ∆FC < 0% (the “forest clearing” set). 

Where ∆FC = 0%, sample cells with an initial forest cover less than 50% were included 

in the regeneration set and the remainder (initial forest cover greater than or equal to 

50%) were modeled in the clearing set. For the clearing and regeneration model sets, ∆FC 

was modeled separately on two-date changes in MODIS spectral bands, band ratios, and 

other multivariate transformations described above.  

The variables were modeled using multiple linear regression and ordinary least 

squares (OLS) for finding the coefficients of the best-fit line relating ∆FC to two-dates 

changes in the spectral variables. Cohen et al. (2003) demonstrated a regression approach 

based on the Reduced Major Axis (RMA) transformation that improves on OLS for the 
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prediction of continuous variables with remotely sensed spectral data. In this study, all 

model coefficients and prediction results are given after an RMA transformation of the 

OLS predictions, as described in Cohen et al. (2003).  

 

Regression Model Evaluation 

The models developed were evaluated and compared based on several statistics 

describing the relationship between, and the predictive power of, the MODIS spectral 

data on ∆FC for each time period and each cell size, and for the clearing and regeneration 

model sets for both the spatially independent sample cells. The slope (β1) and intercept 

(β0) of the best-fit RMA line relating ∆FC to MODIS spectral variables were calculated 

separately for the clearing and regeneration model sets, along with their respective 

prediction vs. observed correlations (R). The “starting point” represents the point in 

spectral change space where each modeled relationship (clearing and regeneration) 

crosses the ∆FC = 0% axis.  

The two model sets were combined into one observed vs. predicted model over 

the complete range of ∆FC (-100% to +100%) for the pooled set of sample cells. The 

pooled prediction models were compared across data sets and time periods based on the 

coefficient of determination (adjusted-R
2
) and the root mean square error (RMSE) of the 

cross-validation predictions (see Cohen et al., 2003) against observed values from both 

model sets. The model “offset”, defined as the difference between the spectral response 

of the forest clearing and regeneration relationships when ∆FC = 0 % (i.e. the clearing 

start point subtracted from the regeneration start point), was calculated by subtracting the 
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β0 of the clearing model set from that of the regeneration set, in units of the spectral 

variable being modeled. The models developed from the sample set were tested by 

applying the RMA coefficients on the complete image data set, with the exception of the 

sample cells, and compared among data sets and time periods based on the complete 

predicted versus observed model correlation, RMSE, and the error as percentage of the 

range in observed values (see Cohen et al., 2003). 

 

Results and Discussion 

 

Spatial Patterns 

 

The analysis of semivariance was used here for a number of reasons, including: 1) 

the establishment of a minimum distance rule for sample selection in model building; 2) 

to examine the effect of grain size on the spatial pattern of the property of interest, ∆FC; 

and 3) to assess the spatial contrast and image quality of the spectral change data amongst 

the different satellite data sets. Visual inspection of the variance in the reference ∆FC 

allowed for interpretation of the degree of spatial clustering of land cover change and 

therefore the distance over which the variable is spatially correlated. A range rule of 

5,000m (the minimum distance between sample points used in regression modeling) was 

selected by visual interpretation of the semivariogram of the reference data (Figure 3a). 

Establishing the minimum distance between any two sample points ensured that variables 
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used in the modeling exercises were spatially independent and thereby did not violate that 

key assumption of linear regression modeling. 

Semivariograms (Figure 3) reveal the affect of varying spatial resolution and the 

different spectral data sets on the spatial structure of the observed reference ∆FC and the 

corresponding ∆NDVI from the image data. Within each semivariance plot, the range of 

autocorrelation remained constant across the different spatial resolutions, demonstrating 

that the observed changes in forest cover and NDVI were relatively invariant across the 

scales used in this analysis. Visual comparison between the semivariogram of the 

reference ∆FC data (Figure 3a) and that of the image data (Figure 3b) suggests that the 

range of autocorrelation in ∆FC is much lower than the approximately 12,000m in 

∆NVDI. Multiple factors may contribute to the difference in spatial pattern between the 

variables, including the interannual variability in spectral response due to changes in 

climatic and vegetation condition.  

Both the reference ∆FC and spectral difference semivariograms revealed the 

predictable pattern of decreasing spatial heterogeneity, represented as the height of the 

sill of the semivariogram, as data are degraded from fine to coarse resolution. Comparing 

the different data sets in the semivariograms of the image data shows the spatial pattern 

of ∆NDVI from the MOD02 to follow that of the degraded Landsat data, with similar 

degrees of heterogeneity at a given spatial grain size. The low semivariance at the sill of 

the MOD09 data indicates a significant loss of heterogeneity, or spectral contrast in 

space, as compared to the ∆NDVI from the MOD02 and Landsat data at equivalent 

spatial resolution. This result is consistent with the findings of Tan et al. (2005), who also 
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described the degradation of image quality in higher-level MODIS products as compared 

to reference data. They demonstrated that this phenomenon could be largely attributed to 

geolocation offsets, or “pixel shift”, associated with the pre-defined sinusoidal grid cells 

within which MODIS products, including the MOD09, are resampled. Our results 

indicate that MODIS spectral data collected in the original swath format at the 250 and 

500m native cell resolutions are more representative of the spectral response of the 

reference Landsat data. Although not formally tested here, these results also raise the 

possibility of a “smoothing” of the data by the use of more coarse resolution spectral 

information in the surface reflectance algorithms used to produce the MOD09 product 

(Vermote et al 1997). 

 

Spectral Trajectories 

 

The analysis of the spectral signatures of different land cover types illustrates the 

expected behavior of different spectral indices as they change over time as a result of the 

potential trajectories of forest clearing, regeneration and no change. A time-series plot of 

the spectral trajectories (Figure 4) shows the variability in spectral response to year-to-

year changes in land cover condition in the absence of forest clearing and regeneration. 

The data points show the annual mean and standard deviation in both NDVI (Figure 4a) 

and TCW (Figure 4b) by land cover type, as calculated from the training sites. Each data 

point in Figure 4 represents the mean and standard deviation in NDVI response used to 

create the normal distributions (for each land cover type, each year) from which random 
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variates were generated in the Monte-Carlo analysis (section 3.3.1 below) of the effect of 

proportional ∆FC on spectral changes.  

When plotting the normalized reflectance values from Landsat data over time, 

even relatively homogeneous training areas of known, unchanged land cover types show 

significant interannual variability in spectral response, both in NDVI and TCW. The low 

forest and agriculture types tend to have greater within-class variability (higher standard 

deviations) than the more homogeneous high forest and pasture types. The analysis 

demonstrates the effect of changes in climatic and vegetation condition from year to year. 

While the spectral response in mature forest is more consistent from year to year, 

especially with the TCW index, there remains higher variability in agriculture and pasture 

due to various factors including atmospheric conditions, soil moisture, vegetation 

phenology and the presence or absence of crops.  

In lieu of the interannual variability in spectral response, the analysis does reveal 

predictable patterns of spectral change from one date to the next that give rise to different 

spectral “starting points” along the different land cover change trajectories. For example, 

tracking the mean NDVI response of the training areas shows that, while unchanged land 

cover types may have a different spectral response each year, in general forest types 

move in the opposite direction in spectral space than non-forest types. These patterns can 

be exploited in the modeling effort by identifying the different starting points of the 

possible spectral trajectories.  Furthermore, the analyses confirm the presence of a 

different spectral relationship for forest conversion to pasture versus that of the 

regeneration of young forest on abandoned or fallow agriculture plots. As such, the 
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different land cover trajectories (clearing and regeneration) need to be identified and 

modeled separately. This will bear out in different relationships in ∆FC for different time 

periods, including the slope of each relationship and the starting point along the ∆FC = 

0% axis, according to the year-to-year variability in climatic conditions, particularly 

seasonal precipitation levels.  

  

Estimating Forest Cover Change 

 

Expected Spectral Changes with ∆FC  

A plot of simulated proportions of land cover change against expected spectral 

changes in NDVI from the Monte-Carlo analysis of the Landsat signatures of different 

land cover types (Figure 5) promotes interpretation of the expected relationship of ∆FC to 

∆NDVI. The points below the ∆FC = 0% axis represent different proportions of forest 

clearing, i.e. high forest or low forest at the first date converted to some proportion (0 to 

100%) of pasture or agriculture at the second date. Similarly, the points above the ∆FC = 

0% axis represent proportions of forest regeneration from abandoned or fallow 

agriculture or pasture. At ∆FC = 0%, the spread of points across the range of ∆NDVI 

represents spectral changes associated with the interannual variation in land cover 

condition, described above in the temporal analysis of spectral trajectories.  

The RMA best-of-fit line for the relationship is shown on the plot for both forest 

clearing and regeneration. The two relationships have similar values for the slope that 

relates ∆NDVI to ∆FC (2.55 for forest clearing and 2.36 for regeneration). The plot also 
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reveals the “offset” phenomenon that suggests that forest clearing and regeneration have 

different starting points, as measured along the ∆FC = 0% axis. This offset is an artifact 

of the year-to-year difference in the mean ∆NDVI between unchanged forest types and 

unchanged non-forest types. It is related to the pattern, described above, where forest and 

non-forest move in opposite directions in spectral space in response to changes in land 

cover condition. In Figure 5, the forest clearing best-fit line intersects the ∆FC = 0 % axis 

at a ∆NDVI of -0.06, and at +0.07 for forest regeneration, resulting in an offset (in 

∆NDVI units) of -0.14. 

Plots of simulated ∆FC against ∆NDVI and ∆TCW for two one-year time periods 

(Figure 6) provide an example of the interannual variability that can be encountered in 

this relationship. Figures 5a and 5b show considerable variation in spectral response to 

changes in land cover condition, i.e. the variation in ∆NDVI where no land cover changes 

have occurred. In particular, the spread of points along the ∆FC = 0% axis is wide enough 

to drown changes in the spectral signal associated with significant proportions of land 

cover clearing or regeneration. The slopes of the relationship of ∆FC to ∆NDVI can vary 

between time periods, with the best-fit lines for forest clearing and regeneration between 

2003 and 2004 (3.31 and 4.10) being much steeper than those between 2002 and 2003 

(2.49 and 2.36). The plots also demonstrate the variability in the nature of the offset 

between different time periods, i.e. the ∆NDVI for unchanged forest can be either greater 

or less than that of unchanged non-forest, depending on year-to-year changes in 

vegetation condition. By comparison, the response of the ∆TCW metric to ∆FC (Figures 

5c and 5d) shows less variability to changes in condition than does the ∆NDVI. The 
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result is an improved ability to distinguish and model land cover clearing and 

regeneration, with more consistent starting points for the change trajectories and higher 

adjusted-R
2
 values for the ∆FC on ∆TCW relationship. 

The simulation of spectral changes by a controlled mixing of the spectral 

signatures over the range of change trajectories provides insight into the expected 

relationship of varying proportions of forest cover change to the different vegetation 

indices. This analysis also suggests the utility of including additional spectral information 

in the modeling of ∆FC, specifically from the SWIR wavelengths. The TCW index, 

which here emphasizes the contrast in Landsat bands 5 and 7, is less affected by changes 

in land cover condition but more sensitive to the changes of interest (clearing and 

regeneration) than the NDVI. The result is less residual variation overall between ∆FC 

and ∆TCW than ∆NDVI across the time periods analyzed in this study. Furthermore, the 

spectral starting points of the clearing and regeneration trajectories are closer and more 

consistent in the ∆FC on ∆TCW relationship, indicating the greater utility in modeling 

with this index over the ∆NDVI. 

 

Estimating ∆FC with coarse-resolution MODIS spectral data 

 

With an understanding of the expected relationship of ∆FC to changes in spectral 

response based on the Landsat-derived signatures, the various MODIS data, products, cell 

sizes and spectral bands were evaluated for their ability to estimate proportional changes 

in forest cover. The relationship of ∆FC to ∆NDVI calculated from two dates (2000 and 



 

 

   

  37 

 

2003) of MODIS spectral data is shown in Figure 7. The four plots compare this 

relationship among two different MODIS data sets (MOD02 and MOD09) and at two 

spatial resolutions (quarter- and half-kilometer).  

The analysis here provided further evidence of the improved performance in 

modeling ∆FC with MOD02 Calibrated Radiances data over the MOD09 Surface 

Reflectance product. The MOD09 shows considerably more scatter in ∆NDVI across all 

levels of ∆FC than does the MOD02 data, which is reflected in the lower adjusted-R
2
 

values of MOD09 for forest clearing and regeneration, and the greater offsets between the 

“starting points” of unchanged land cover types. The MOD02 data do not show a 

significant loss of predictability in the relationship of ∆FC to ∆NDVI between the QKM 

and HKM pixel resolutions. The greater scatter in ∆NDVI calculated from MOD09 may 

be a function of the pixel shift problem and/or the surface reflectance algorithm, as 

described above. A better relationship to the reference ∆FC was found using ∆NDVI 

calculated from MOD02 data, with good correlation at QKM resolution and a small 

decrease in adjusted-R
2
 when modeling forest clearing and regeneration with HKM data. 

Regression model statistics from the spatially independent sample data 

demonstrate the effect of the different grain size and MOD02 spectral indices on 

modeling forest clearing, regeneration, and overall ∆FC (Table 3). The overall ∆FC 

models were evaluated by combining the separate clearing and regeneration model sets 

into one predicted versus observed model (Figure 8). The amount of variation in overall 

∆FC explained by the spectral data, as measured by the coefficient of determination (R2
) 

of the combined model, shows a generally decreasing trend from the QKM to HKM data 
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sets across all time periods. The QKM ∆NDVI model did perform significantly better 

than that at HKM resolution in the first two time periods (2000 to 2001; 2001 to 2002), 

which had a lower overall amount of forest cover change than the other two time periods 

in the analysis (Table 2). Modeling ∆FC on only the ∆NDVI, then, confirms the 

importance of higher spatial resolution in detecting small amounts of scattered change. 

On the other hand, the ∆NDMI model outperformed the ∆NDVI at the same resolution 

(HKM), and generally had lower, but similar, adjusted-R
2
 results compared to the ∆NDVI 

at QKM resolution. The ∆NDMI metric resulted in high correlation with both the clearing 

and regeneration model sets, showed the least variability between unchanged forest and 

non-forest cover (i.e. had the smallest “offsets”), and had high overall R
2
 for all time 

periods.  

These results suggest that, while spatial resolution is important, modeling ∆FC is 

relatively invariant to cell size (between 250m and 500m) and that including spectral 

information from the SWIR wavelengths improves model performance over using only R 

and NIR (i.e. the NDVI). The importance of including SWIR information in the modeling 

forest cover change was shown using the TCW index calculated from Landsat reflectance 

data. While the transformation coefficients for Tasseled Cap indices are available for 

MODIS data (Lobser and Cohen, 2006), they were developed using the global 1km 

resolution BDRF product but were not applied in this study to the 250 and 500m MOD02 

data. The NDMI was used instead because of its ease in calculation from MOD02 data 

and because it has been demonstrated as a good substitute for TCW with data sets for 

which tasseled cap coefficients are not available (Jin and Sader, 2005). Using the NDMI 
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index satisfied the objective of testing the utility of SWIR information in modeling ∆FC, 

whereas the particular index itself was not as important. 

 

Model Testing 

 

The model coefficients (β0 and β1) shown in table 3 represented the best-fit RMA 

lines for each model set, spectral index, cell size and time period. These coefficients were 

used to transform the spectral data to predictions of ∆FC for the remaining pixels in each 

data set (i.e. pixels not used in the sample). Model prediction results were compared and 

evaluated (Table 4) based on their correlation (R) with the observed values of ∆FC , the 

root mean square error (RMSE) of the residuals and this error as a percent of the range of 

observed values (%Error). Whole image modeling of forest cover change demonstrated 

the promise of using MODIS data to monitor proportional changes in forest cover across 

the range of conversion and modification (∆FC from -100 to +100%). Cell-by-cell 

prediction of ∆FC over the entire study area shows errors ranging from 7.4 to 10.9% 

across the time periods of analysis.  

Comparing the ∆NDVI models between cell sizes, the %Error is generally similar 

within each time period, with only a slight, if any, increase in error when moving from 

QKM to HKM resolution. With the ability to predict change relatively invariant between 

250m and 500m, the model test results also support the value of using spectral 

information from the SWIR wavelengths at 500m over using only NDVI at higher 

resolution (250m). Within each time period, the lowest %Error amongst the models is 
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consistently found with the ∆NDMI data sets. Model correlation (predicted vs. observed) 

is similar for ∆NDVI at QKM and HKM resolution, and increases when modeling with 

the ∆NDMI metric at HKM cell size. Across indices and cell sizes, model R is highest in 

the three-year time period (2000-2003) where there was a longer amount of time for 

changes to accumulate, resulting in the greatest area affected by change amongst all of 

the time periods (Table 2).  

 

Summary and Conclusions 

 

 This study provides the foundation for understanding the spatial, spectral and 

temporal patterns of land cover change in a dynamic tropical forest ecosystem. The 

analyses demonstrate many of the issues involved with scaling observations of forest 

cover change within a monitoring system based on a high temporal frequency, coarse 

spatial resolution spectral data set. The direct comparison of change patterns observed in 

the Landsat data set with the spectral response of concurrent dates of MODIS data 

offered several key findings, including: 

• The different general land cover change trajectories (forest clearing, regeneration 

and change in condition) resulted in distinct spectral response patterns; 

• Spectral response in the MOD02 Calibrated Radiances Swath data set followed 

more closely with the expected patterns of forest cover change than did the 

spectral response in the MOD09 Surface Reflectance Gridded data set; 
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• The ability to detect forest cover change patterns was relatively invariant to the 

spatial grain size of the analysis (250m and 500m); and 

• Including additional spectral information, particularly from the SWIR 

wavelengths, improved the ability to model changes in forest cover. 

The results indicate that the best metrics for detecting tropical forest clearing and 

regeneration are those based on vegetation indices which incorporate the SWIR bands 

available in the MOD02 data set at 500m resolution. Franklin et al. (2001), Cohen et al. 

(2002), Wilson and Sader (2002), and Healy et al. (2005) found similar results in studies 

using Landsat-derived, SWIR-based indices for detecting forest cover changes in 

northern temperate and boreal forests. Furthermore, models based on linear regression 

techniques showed promise in predicting the full range of changes in forest cover as a 

continuous variable with good accuracy. 

 The analyses and results from this study also highlight important issues for further 

investigation in the effort to develop a regional forest cover monitoring protocol based on 

coarse resolution MODIS data. As with most satellite image change detection studies, 

there is a clear need to improve the capability for separating the changes of interest from 

background variation in the spectral response. Techniques such as the thresholding of 

image difference histograms or multivariate clustering techniques warrant investigation 

for their ability to remove unchanged land cover types prior to regression modeling. 

Other multivariate data transformations may prove to better isolate changes due to forest 

clearing and regeneration from atmospheric influences and changes in land cover 

condition.  
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This study demonstrated the improved ability to model forest cover change with 

MOD02 data over MOD09 product. However, these at-satellite calibrated radiance data 

(MOD02) are more likely to be affected year-to-year variation in atmospheric, seasonal 

and aerosol conditions than atmospherically-corrected reflectance data sets. While the 

absolute correction of these data to reflectance is not critical to modeling spectral patterns 

over time (Schroeder et al., 2006), the normalization of these time-series data sets and the 

consistency of the model parameters will be essential in the effort to expand these models 

in an operational mode over time and space. Other MODIS products such as the EVI and 

BRDF data sets employ algorithms that may result in more consistent patterns over time 

and allow better discrimination of vegetation parameters (Huete et al., 2002; Diner et al., 

2005; Lobser and Cohen, 2006; Mildrexler et al., in press). Given that the patterns 

observed in this analysis were relatively invariant to scale (250m and 500m), these 

products are being evaluated for their utility in estimating forest cover change over time 

at more coarse resolution (1km), which may reduce the geolocation offset problem of the 

MODIS sinusoidal grid (Tan et al., 2005) and be more practical for forest cover 

monitoring over larger areas. 
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Figure 2.1. Location of the study area (Landsat WRS Path 20 / Row 48, 2000 ETM+ 

band 5 shown) in relation to the protected areas of the southern Yucatan Peninsula of 

Guatemala and Mexico. 
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Figure 2.2. Flow-chart illustrating the relationship of the various data sets, processes, 

results and interpretations to the objectives outlined by this study. 
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Figure 2.3. Semivariograms calculated over a 75km x 75km area in northern Guatemala 

comparing a) the reference ∆FC% (2000 to 2003) at varying spatial grain size and b) 

∆NDVI (2000 to 2003) calculated from spatially degraded Landsat ETM+ data against 

∆NDVI (2000 to 2003) from both MODIS Calibrated Radiances data (MOD02) and 

Surface Reflectance products (MOD09). 

 

 

 
 

Figure 2.4. Time-series plot of the spectral trajectories of forest and non-forest land cover 

types showing the mean NDVI (A) and Tasseled Cap Wetness (B) between 2000 and 

2005, calculated from normalized Landsat reflectance data for the selected training sites.  
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Figure 2.5. Expected relationship of ∆FC to ∆NDVI between 2000 and 2003 developed 
by mixing the Landsat-derived spectral responses from the Monte-Carlo simulations, for 

different fractions of land cover types at each date. The possible land cover change 

trajectories shown on the plot are: mature high forest cleared for pasture (□); mature high 
forest cleared for agricultural plots (X); low stature forest cleared for pasture (∆); 

agricultural plots regenerated to young forest (○); and pasture regenerated to young forest 
(+). The RMA best-fit line, regression model equation and adjusted-R

2
 are given for each 

model set (clearing and regeneration). 
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Figure 2.6. Variability in the relationship of ∆FC to ∆NDVI and ∆TCW over two one-

year time periods developed by mixing the Landsat-derived spectral responses from the 

Monte-Carlo simulations, for different fractions of land cover types at each date. The 

relationship is shown for ∆NDVI between 2002 and 2003 (A) and 2003 and 2004 (B), as 

well as for ∆TCW between 2002 and 2003 (C) and 2003 and 2004 (D). The possible land 

cover change trajectories shown on the plot are: mature high forest cleared for pasture 

(□); mature high forest cleared for agricultural plots (X); low stature forest cleared for 

pasture (∆); agricultural plots regenerated to young forest (○); and pasture regenerated to 
young forest (+).The RMA best-fit line, regression model equation and adjusted-R

2
 are 

given for each model set (clearing and regeneration). 
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Figure 2.7. The relationship of ∆FC% between years 2000 and 2003 to ∆NDVI for the 
same time period, calculated from spatially independent sample sets of quarter- and half- 

kilometer resolution MODIS daily surface reflectance (MOD09 GQK [a] and GHK [b]) 

and calibrated radiances data (MOD02 QKM [c] and HKM [d]). The RMA best-fit line, 

regression model equation and adjusted-R
2
 are given for each model set (clearing and 

regeneration). 
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Figure 2.8. Predicted versus observed ∆FC% between years 2000 and 2003. The 
predictions in this example were generated by combining the predictions of the separate 

clearing and regeneration model sets, which were modeled on ∆NDVI (2000 to 2003) 
calculated from the MOD02 QKM data set. 
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Abstract 

 

This article describes a series of fundamental analyses designed to test and 

compare the utility of various MODIS data and products for detecting land cover change 

over a large area of the tropics. The approach for estimating proportional forest cover 

change as a continuous variable was based on a regression model that relates 

multispectral, multitemporal MODIS data, transformed to optimize the spectral detection 

of vegetation changes, to reference change data sets derived from a Landsat data record 

for several study sites across the Central American region. Three MODIS data sets with 

diverse attributes were evaluated on model consistency, prediction accuracy and practical 

utility in estimating change in forest cover over multiple time intervals and spatial 

extents. 

 A spectral index based on short-wave infrared information calculated from half-

kilometer Calibrated Radiances data sets generally showed the best relationships with the 

reference data and the lowest model prediction errors at individual study areas and time 

intervals. However, spectral indices based on atmospherically corrected surface 

reflectance data, as with the Vegetation Indices and Nadir Bidirectional Reflectance 

Distribution Function – Adjusted Reflectance (NBAR) data sets, produced consistent 

model parameters and accurate forest cover change estimates when modeling over 

multiple time intervals. Models based on anniversary date acquisitions of the one-

kilometer resolution NBAR product proved to be the most consistent and practical to 

implement. Linear regression models based on measures of the year-to-year change in the 
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brightness, greenness and wetness spectral domains of these data estimated proportional 

change in forest cover with less than 10% prediction error over the full spatial and 

temporal extent of this study. 

 

Introduction 

 

Complete coverage, accurate and repeated measures of tropical forest and land 

cover variables at the regional scale are being increasingly relied upon for natural 

resource and conservation planning, habitat and biodiversity assessments, and carbon 

accounting for international agreements on climate change mitigation strategies. 

Scientists and practitioners have an over 30-year history of using Landsat data to monitor 

vegetation at landscape and regional scales. The Landsat data set has several advantages 

that account for it being so widely-used in ecological applications, including a long-

running historical time-series, a spatial resolution appropriate to land cover and land use 

change (LCLUC) investigations, and a spectral coverage appropriate to studies of 

vegetation properties (Cohen and Goward, 2004). However, the low repeat frequency 

(with recurrent cloud coverage) and small area coverage per scene preclude its use for 

large-area monitoring in the tropics. The current sensor malfunctions with the Landsat 7 

Enhanced Thematic Mapper Plus (ETM+), and the unavailability of Landsat 5 Thematic 

Mapper (TM) data for some regions, lends further credence to considering other sources 

of data for monitoring. Because of its potential advantages, an important goal of this 

study is to investigate the utility of Moderate Resolution Imaging Spectroradiometer 
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(MODIS) data as the primary sensor system in a large-area, regional tropical vegetation 

monitoring system.  

 

Monitoring Tropical Forest Ecosystems 

 

Local and landscape-scale monitoring of tropical deforestation has been 

accomplished using complete coverage of regularly updated Landsat data (e.g. Skole and 

Tucker, 1993; Sader et al., 2001). However, in tropical regions persistent cloud cover 

during the rainy season and smoke and haze from biomass burning during the dry season 

can preclude the annual or biennial acquisition of a clear scene of Landsat data for the 

same area (Asner, 2001). This problem, along with monetary cost, data storage and 

processing time limitations, is exacerbated when multiple scenes are required to cover 

larger areas on regional and global scales. While a sampling of high-resolution data can 

serve to validate mapping efforts and provide insight into processes such as deforestation 

over a region (FAO, 1993; Richards et al., 2000), these efforts have critical limitations, 

including the misrepresentation of rates and extent of change because deforestation is 

often spatially clustered (Fearnside, 1986; Tucker and Townshend, 2000). Techniques 

need be developed for extracting LCLUC data from more coarse resolution satellite data 

sets, which generally have the advantages of larger area coverage, greater frequency of 

acquisitions, and lower cost.  

Estimates of forest cover and land cover change have been carried out over full 

spatial coverage of tropical regions using coarse resolution data (1km or greater) from the 
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Advanced Very High Resolution Radiometer (AVHRR) (Malingreau and Tucker, 1988; 

Mayaux et al., 1998; DeFries et al., 2000). Although previous studies have demonstrated 

the utility of multi-temporal AVHRR data for identifying deforestation ‘hot spots’ or 

tropical forest clearing at broad spatial scales along forest / agriculture boundaries 

(Lambin and Ehrlich, 1997), finer-scale changes associated with anthropogenic LCLUC 

are not directly detectable at this resolution (Ehrlich et al., 1997). Many of these land 

cover changes due to human activities occur at spatial scales near 250m or less 

(Townshend and Justice, 1988; Cohen et al., 2002). With its improved radiometric 

properties, higher spatial and spectral resolutions and twice-daily coverage, the freely-

available suite of products generated from NASA’s MODIS sensor hold the promise of 

becoming the most important data source for future land cover characterization and 

operational monitoring at regional and global scales (Justice et al., 1998; Townshend and 

Justice, 2002).  

 

Land cover change detection with MODIS data 

 

Despite the potential for monitoring LCLUC at moderate resolution (250 and 500 

m) with MODIS data, the Vegetative Cover Conversion product is designed to serve only 

as a global ‘alarm’ system for prioritizing closer inspection of land cover change (Zhan et 

al., 2000). Prototype studies of change algorithms using 250m MODIS radiance data 

suggest satisfactory results for extreme events such as large-scale flooding and burning, 

yet the detection of deforestation was less reliable where forest clearing is patchy (Zhan 
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et al., 2002). Fewer studies have attempted to characterize forest regeneration with coarse 

resolution data, and those based on AVHRR data have shown similar limitations where 

the spectral signal of forests regenerating on small, fragmented clearings was mixed with 

other vegetation and land cover types within the same 1.1km pixel (Lucas et al., 

2000a,b). As the best opportunity for monitoring forests and land cover at high temporal 

resolution, research is needed to develop methodologies and models for extracting 

accurate data on LCLUC from coarse spatial resolution data, including the detection of 

both forest clearing and regeneration from changing anthropogenic land uses. 

 The majority of studies reporting on the use of satellite imagery to map changes in 

land cover have employed traditional classification algorithms that apply a single, 

discrete change / no change category to each pixel in a multi-temporal data set (see 

Coppin et al., 2004). Other techniques, such as linear mixture models that estimate the 

sub-pixel composition land cover features (e.g. DeFries et al., 2000; Adams et al., 1995) 

and regression techniques for modeling biophysical properties as continuous variables 

(e.g. Cohen et al., 2003), have been designed to more fully exploit the information about 

the variability of the features of interest inherent in the spectral signal of remotely sensed 

data. These techniques become particularly important when the processes of interest 

operate at scales below the resolution of the sensor, as will often be the case when 

studying land cover changes with more coarse resolution imagery such as that from the 

MODIS data set. Because of the advantages involved with mapping sub-pixel cover, 

Hansen et al. (2002) speculate that the MODIS-based Vegetation Continuous Fields 
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products can be used to measure changes in proportional forest cover over time, yet few 

studies have evaluated either this concept or those data in a change detection context. 

Hayes and Cohen (2006) report on the use of regression techniques to model 

proportional change in tropical forest cover as a continuous variable from mutlitemporal 

spectral data sets. The models, based on spectral indices derived from MODIS data, 

produced good results in predicting forest cover changes as compared with a finer 

resolution reference data set for a study area in Central America. With forest cover 

change patterns relatively invariant to the spatial grain size of their analysis, the results 

demonstrate the utility of the half-kilometer MODIS data, which includes shortwave 

infrared information – information that when included in these models improves the 

ability to estimate forest cover change. Additionally, the analyses compared the results of 

models based on two different MODIS data sets: the Calibrated Radiances data set 

(MOD02), available in the original Swath observations, and the derived Surface 

Reflectance product (MOD09) that is resampled to the pre-defined cells of the MODIS 

Global Sinusoidal Grid projection. They note that spectral response in the MOD02 Swath 

data set follow more closely with the expected patterns of forest cover change, as 

compared to the reference data, than did the spectral response in the gridded MOD09 

product. This result may be attributed to the geolocation offset problem encountered in 

gridded MODIS products described by Tan et al. (2006), which they found to cause 

“pixel shift” in the MODIS data when compared against higher resolution reference data. 

They noted the problem to be most prevalent with the finer resolution MODIS products 

(quarter- and half-kilometer) and suggest that, to improve the correspondence between 
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the location of reference data observations and the grid cells, data should be aggregated 

to coarser resolutions (i.e. 1 km or greater). 

 

Objectives 

 

 The primary goal of this study was to develop an accurate, consistent and efficient 

methodology for creating detailed, full coverage estimates of forest cover change across a 

large area of the tropics. Attributes of the product stream generated by the MODIS sensor 

suggest it to be a key data set for monitoring large areas at high temporal frequency and 

low cost. Previous research has shown the potential of these data for estimating forest 

cover change at the landscape scale over a particular time interval (Hayes and Cohen, 

2006). This study was designed to resolve some of the issues involved in expanding this 

effort over larger spatial extents and over time. Specifically, the objectives of this 

research were: 

1) Model Evaluation: compare key data sets within the MODIS data stream for 

their utility in predicting tropical forest cover change over space and time 

through evaluation of single spectral index models at varying spatial grain size 

and processing level; 

2) Model Selection: identify a particular regression model, based on multiple 

spectral indices, that optimizes the detection of forest cover change and allows 

for consistent, practical implementation over large areas and multiple time 

periods; and  
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3) Model Application: assess the performance of the model based on the spatial 

patterns and the accuracy of the forest cover change estimates when applied at 

local and regional scales. 

Selecting the best data upon which to build the a forest cover change model 

(objective 1) was realized through comparisons among three MODIS data sets, each of 

which had potential advantages and disadvantages in terms of model performance. The 

MOD02 data set has been shown to have a strong relationship with the spatial pattern and 

magnitude of forest cover change (Hayes and Cohen, 2006). However, these data are not 

corrected for day-to-day atmospheric conditions, thereby putting into question the 

stability of these data over time in the face of temporal variability. Other MODIS data 

sets, such as the Vegetation Indices product (MOD13) and the Nadir BRDF-adjusted 

Reflectance (NBAR) data set (MOD43), are corrected based on potentially more 

consistent surface reflectance algorithms. Each data set, grain size and spectral index was 

evaluated by individual study sites (Landsat scenes) and time period interval, across 

scenes by interval, by scene across intervals, and across all scenes and intervals. 

Evaluation among these different data sets based on the strength and consistency of their 

relationship with forest cover change for a sample of high resolution reference data 

provided the criteria for choosing the best variables in the model (objective 2). Models 

that were practical to implement and produced accurate and consistent results were then 

applied over the full regional data set to assess the quality and usefulness of the forest 

cover change estimates (objective 3) and to identify any limitations and areas for 

improvement in model development. 
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Methods 

 

 The calibration and testing of regional scale models of forest cover change with 

coarse resolution MODIS data is based on a series of high resolution land cover change 

databases developed from multi-temporal Landsat data for 6 selected scenes across 

Central America (Figure 1). The analyses described in this study span a three-year time 

interval (2000 to 2003) in which MODIS data could be acquired concurrently with 

Landsat 5 and pre-scan line corrector (SLC)-off Landsat 7 data. The land cover change is 

based on the 6 Landsat scenes and 6 time intervals (2000 to 2001, 2000 to 2002, 2000 to 

2003, 2001 to 2002, 2001 to 2003, and 2002 to 2003), for a combined total of 11 

reference data sets (Table 1).  

 

Reference Forest Cover Change Classifications 

  

 The reference forest cover change data sets were developed by multivariate 

clustering and interpretation of vegetation index composites created from multi-date 

Landsat imagery, aggregated to coarse resolution continuous variables matching the grid 

cell sizes of the MODIS data and products. The classification of the reference LCLUC 

data sets followed the techniques reported by Hayes and Sader (2001), who report an 

overall accuracy of 85% (Kappa = 0.83) across all change categories for this 

methodology, with the exception that the brightness, greenness and wetness Tasseled Cap 
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indices (Crist and Cicone, 1984) for each date were used in place of the single normalized 

difference vegetation index (NDVI) of the original method. The Landsat-derived 

reference LCLUC was aggregated to a continuous variable representing the net 

proportional change in forest cover (∆FC) to match the different Sinusoidal Projection 

Swath and Grid cell resolutions of the MODIS data and products, as described in Hayes 

and Cohen (2006). 

The Landsat data set was arranged through a combination of scene acquisitions 

made available from the orthorectified Landsat GeoCover data set and the NASA / 

USAID SERVIR data center in Panamá, as well as additional imagery acquired 

specifically for this project. Two-date Landsat images were paired and classified for each 

WRS scene and time interval used in this study (Table 1). At each scene location, the 

Landsat GeoCover data were used as the “base-line” for both geometric correction and 

radiometric normalization of the corresponding “subject” Landsat image. The subject 

images were geo-rectified to the base-line via the automated selection of image tie-points, 

as described in Kennedy and Cohen (2003), and first-order polynomial resampling. The 

geometrically corrected Landsat images retained the native 30m pixel resolution 

projected in UTM (zone 16 or 17). Overall root mean square error (RMSE) was less than 

half a pixel (<15m) for each resampled image. Digital numbers were converted to 

reflectance values in the reference image using the COST model (Chavez, 1996). The 

subsequent Landsat scenes were radiometrically normalized, band-by-band, to the 

reference scene using linear regression techniques (Hall et al., 1991). The algorithm was 
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based on the selection of end-point targets from the wet and dry non-vegetated extremes 

in each band at each date, as outlined in Hayes and Sader (2001).  

The atmospherically-corrected Landsat reflectance data were transformed to the 

tasseled cap indices at each date using coefficients derived by Crist (1985) for ground-

based spectral data, as discussed by Cohen et al. (2003). For each image pair (each scene 

and time interval), tasseled cap brightness, greenness and wetness for each date were 

combined into a two-date, 6-layer data set that was transformed to spectrally similar 

clusters via the ISODATA routine (ERDAS, 2005). Final reference LCLUC 

classifications were arrived at through a combination of cloud, smoke and haze removal, 

“cluster-busting” (Jensen, 1996), visual interpretation, comparison with ancillary data, 

and hand-editing (see Hayes and Sader, 2001).  

Each classification resulted in four LCLUC categories: 1) unchanged forest, 2) 

unchanged non-forest, 3) loss of forest cover, and 4) regeneration of forest cover. For this 

study, both mature forest types and young forests (≥ 1 year-old) are considered forest 

cover, and non-forest includes agriculture and pasture lands, natural savannas and 

grasslands, and low shrubs and wetlands. The loss of forest cover observed over the study 

areas during this time interval most commonly included forest harvest, slash-and-burn 

agricultural and pasture establishment, forest burning, insect defoliation and conversion 

of mangrove forest to aquaculture. Forest regeneration within each two-date time interval 

was identified on fallow plots, abandoned agricultural areas and post-harvest and burned 

sites.  
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MODIS Spectral Data and Products  

 

Amongst the suite of products generated by the MODIS data stream, this study 

considered the daily MOD02 data and the 16-day composite MOD13 product at half- and 

one-kilometer spatial resolution (HKM and 1KM, respectively), as well as the MOD43, 

which is available at 1KM resolution and 16-day composites. Collection 4 Terra MODIS 

data and products were used in these analyses and acquired from the Earth Observing 

System Data Gateway of the USGS Land Processes Distributed Active Archive Center. 

These three different MODIS data sets vary in spectral properties, temporal compositing 

and spatial resolution, allowing for analysis of these effects on the ability to model 

change in forest cover. The daily or composite dates of the MODIS data sets acquired for 

this study were timed to coincide with the acquisition dates of the Landsat data used to 

generate the reference data (Table 1).  

The MOD02 data consist of at-satellite calibrated radiance values, prior to any 

atmospheric correction algorithm, and are available as the original Swath observations 

with 250m, 500m and 1km cell sizes. Radiance values are collected in the red and near-

infrared (NIR) wavelengths (channels 1 and 2) at 250m, as well as blue, green, and three 

short-wave infrared (SWIR) bands (channels 3 through 7) at 500m resolution. In this 

study, two MOD02 data sets were evaluated: 1) MOD02 HKM in which channels 1 and 2 

are resampled to 500m to match the other 5 bands, and 2) MOD02 1KM in which all 7 

bands have been resampled to 1km cells. The MODIS Reprojection Tool for Swath data 

(MRT Swath) required latitude and longitude data for geolocation of MOD02, which is 
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available as part of the MODIS data stream (MOD03) at 1km resolution. MOD02 data 

was output from the MRT Swath in the Sinusoidal projection, to maintain consistency 

with the other MODIS products used here, but retained the original 500m and 1km cell 

sizes. 

 The MOD13 product includes two vegetation indices calculated from MODIS 

surface reflectance data: the NDVI and the Enhanced Vegetation Index (EVI), which is a 

modification of the NDVI to adjust for soil reflectance and other background surface 

properties (Huete et al. 2002). The MOD13 algorithm applies a filter that computes the 

indices from the highest quality surface observation (based on cloud cover, aerosols and 

viewing geometry) over each 16 day period. This study considered these products at half- 

and one-kilometer spatial resolution (MOD13 HKM and MOD13 1KM, respectively). 

The MOD43 NBAR product is the result of the BRDF algorithm, which is computed for 

the MODIS spectral reflectance in each of the bands 1 through 7 at the mean solar zenith 

angle of each 16 day period, designed to remove the view angle effects of the original 

Swath observations (Schaaf et al. 2002). Unlike the MOD02 Swath observations, the 

MOD13 and MOD43 products are resampled to the MODIS Global Sinusoidal Grid 

projection system. The grid has actual cell sizes of 463.31m and 926.63m at the HKM 

and 1KM resolutions, respectively.  
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Model Development 

 

This study reports on a series of model exercises designed to estimate the 

proportional change in forest cover between two dates as a continuous variable from each 

multi-temporal MODIS spectral data set. Models were constructed using a multiple linear 

regression approach in which various spectral indices (considered here as independent 

variables) were derived from two dates of coarse resolution MODIS data and used to 

model ∆FC (the dependent variable), which is based on reference data from the higher 

resolution Landsat LCLUC classifications for the same time interval. The model 

development methodology employed here across the Central American region follows 

that detailed by Hayes and Cohen (2006) for a study site in northern Guatemala. 

 

The Dependent Variable 

The final reference ∆FC data sets were created by overlaying a grid matching the 

location and size of the MODIS pixels on each 30m LCLUC classification, which had 

been re-projected to Sinusoidal to geographically match the MODIS data. A count of the 

relative number of forest loss, regeneration, and no change pixels was used to calculate 

the reference ∆FC, which has a possible range of –100% (complete loss of forest cover) 

to +100% (complete regeneration of forest cover) for each grid cell. Reference ∆FC data 

sets were calculated according to the grid cells matching the MODIS spectral data set or 

product being investigated, so that separate ∆FC data were individually created using the 
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Swath cells (for the MOD02) as well as the Sinusoidal Grid cells (for the MOD13 and 

MOD43) at both HKM and 1KM resolution. 

 

The Independent Variables 

 Several different spectral indices derived from the three MODIS data sets were 

evaluated in the model exercises for their utility and accuracy in estimating ∆FC. The 

NDVI was used because of its common application in vegetation studies and its ease in 

calculation from the spectral data available in all three data sets at both HKM and 1KM 

resolution. For the MOD02 and MOD43 data, the NDVI was calculated as: 

)12(
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BandBand
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+

−
=                   (Eq. 1). 

The NDVI is already calculated and available as part of the MOD13 data set. Similarly, 

the normalized difference moisture index (NDMI) could also be calculated for all the data 

sets. It was derived by the equation: 
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=                    (Eq. 2) 

for the MOD02 and MOD43 data. The two bands labeled “NIR” (near-infrared) and 

“MIR” (mid-infrared) were used to calculate the NDMI from the MOD13 data set, in 

place of Band 2 and Band 6, respectively. Studies by Wilson and Sader (2002) and Hayes 

and Cohen (2006) have demonstrated improved results in detecting forest cover changes 

with the NDMI index over the NDVI. In addition, two other spectral indices were 

employed in the modeling effort: the EVI from the MOD13 product and the Tasseled Cap 

Wetness Index (TCW) from the MOD43 data set. The EVI has been shown to be more 
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responsive to vegetation canopy structure and is less subject to saturation in high biomass 

environments than the original NDVI (Huete et al., 2002). The Tasseled Cap indices were 

calculated for the MOD43 data set according to the transformation coefficients developed 

by Lobser and Cohen (2006). The TCW index has been shown to be sensitive to the 

moisture content and structural characteristics of vegetation (Cohen and Spies, 1992), as 

well as a good index for detecting changes in forest cover (Healey et al. 2005). 

 

Model Structure 

The relationship between reference ∆FC and the change in spectral response 

between two dates was investigated for each data set, spectral index and time interval 

using a Reduced Major Axis (RMA) regression modeling approach. The use of RMA in 

the modeling of biophysical variables with remotely sensed data is discussed by Cohen et 

al. (2003) and demonstrated in a change detection context by Hayes and Cohen (2006) 

for a study site in Central America. The regression models evaluated here used the 

approach of this latter study, in which models are constructed based on stratified random 

samples of spatially independent grid cells for each study site and time interval.  

Regarding model development in this study, the only deviation from the approach 

described by Hayes and Cohen (2006) has to do with the treatment of segregating the 

“forest loss” model set from the “forest regeneration” model set. In that previous study, 

the authors found different spectral change relationships between the two potential ∆FC 

trajectories and thus modeled them separately. They separated the two model sets by a 

segregation of the reference data on the basis of original forest cover proportion. In this 
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study, a simple thresholding of the univariate spectral change index is used instead so that 

the two sets could be separated more easily and consistently for expanded ∆FC modeling 

in the absence of detailed initial reference data. For this study, then, any particular sample 

was included in the forest regeneration model set if its spectral change index value was 

greater than the mean of that index for all samples, or modeled as forest loss if it had a 

value less than the sample set mean. 

The number of samples used in constructing the models varied by spatial 

resolution, with the higher resolution data (HKM) having more potential sample cells, as 

well as by the data set. The MOD13-based models had lower number of samples used 

because only the “best” data were used in model construction, as per the quality 

assurance files available with this product. The same criteria were used in sample 

selection for the models using MOD43 data, although the quality assurance criteria for 

this product differ from that of the MOD13, primarily because of the differences in the 

compositing algorithms. As a result, the MOD43 data tended to have fewer poor quality 

pixels masked from analysis. The MOD02 data are single-day acquisitions and not 

composited, and therefore do not contain QA information that can be readily used to 

remove data from the potential data set. This was done manually, through unsupervised 

clustering and hand-editing for cloud removal (see Hayes and Cohen, 2006). The MOD02 

models generally had the highest sample size as a result. 
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Model Evaluation 

 

The model evaluation process for this study included four steps of analysis: 1) 

individual study areas and time intervals were analyzed by scene – by interval; 2) 

multiple study areas were combined and analyzed across scenes – by interval; 3) multiple 

time intervals were combined and analyzed by scene – across intervals; and 4) multiple 

scenes and multiple time intervals were combined and analyzed across scenes – across 

intervals. At each step, models (based on each data set and spectral index) were 

compared on the basis of the variability in their parameters, the accuracy in separating 

forest cover loss from regeneration by thresholding the univariate spectral index 

(Threshold Accuracy %), the correlation (R) with ∆FC for each the forest loss and forest 

regeneration model sets, and the amount of variation explained (the coefficient of 

determination, R
2
) by the spectral change index. Model results were compared based on 

the error in the model predictions as a percent of the range of observed ∆FC (see Hayes 

and Cohen, 2006). Percent error (% Error) was based on the RMSE of the prediction 

versus observed data set, calculated using cross-validation of the sample set (see Cohen et 

al., 2003), divided by the range of values in observed ∆FC for that sample set. 

The first step in model evaluation was to analyze the model predictions and test 

statistics amongst the different data sets and spectral indices on an individual basis for 

each scene and time interval. There were 11 individual reference data sets, by scene – by 

interval, which served as sample units for summarizing model test statistic results among 

the various data sets and spectral indices considered in this study. In addition to assessing 
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their accuracy in predicting ∆FC at individual study sites, the different MODIS data sets 

and spectral indices were also evaluated in terms of their potential for expanded modeling 

over larger spatial extents. Samples from reference scenes that covered the same time 

interval were grouped into new, multiple scene combined samples for which the data sets 

and spectral indices could be evaluated across scenes – by interval. In this study, time 

intervals for which two or more reference scenes were available (Table 1) include 2000 to 

2001 (scenes 14/54 and 20/48), 2001 to 2002 (18/51 and 20/48), 2001 to 2003 (19/50 and 

20/48) and 2000 to 2002 (12/54, 19/48 and 20/48).  

The MODIS data sets and spectral indices were further evaluated for their 

consistency and accuracy in model predictions over multiple time intervals. All of the 

reference sample data for the three time intervals available for the 20/48 study area (2000 

to 2001, 2001 to 2002 and 2002 to 2003) were combined for the by scene – across 

intervals analysis. Ultimately, the combined effect of expanding the models over both 

time and space was investigated by developing and testing models based on the MODIS 

data sets and indices using a combined reference data set from all of the study sites and 

time intervals and analyzed across scenes – across intervals.  

 

Model Selection 

 

After evaluating the models based on univariate spectral indices for their 

consistency and accuracy in modeling ∆FC over time and space, the next step was to 

develop a regression model that incorporated multiple spectral indices. The data set used 
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in this analysis was comprised of anniversary dates of MOD43 acquisitions, 

corresponding to the 16-day composite period ending on the 81
st
 day of each year in this 

analysis. These models optimized the relationship to ∆FC and the prediction accuracy 

while simultaneously demonstrating a consistent and practical methodology for future 

∆FC modeling in the absence of detailed reference data. Model selection and 

development involved a combination of intentional variable selection, based on the 

relationships of the different indices and ∆FC evaluated here, and step-wise regression to 

select additional significant variables for modeling ∆FC. A variable set including the 

spectral change for the 7 MOD43 bands, the NDVI, NDMI and the Tasseled Cap 

Brightness (TCB), Greenness (TCG) and Wetness (TCW) indices (Lobser and Cohen, 

2006) was used in the stepwise regression analysis based on Bayesian Information 

Criteria. The different RMA multiple linear regression models were evaluated according 

to the standard errors of the parameter estimates, model R
2
 and the percent error of the 

predictions, as compared to the combined reference sample data sets covering all of the 

study areas and time intervals (across scenes – across intervals).  

 

Model Application 

 

 The selected models based on multiple spectral bands and vegetation indices 

derived from the one-kilometer resolution MOD43 anniversary date data sets were 

applied for full coverage ∆FC predictions over the complete Central American study 

region. Data set assembly and processing included arranging mosaics of the three 
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MODIS Sinusoidal Grid system tiles needed to cover the study region (h09v07, h09v08, 

and h10v08) for each date of the analysis. The Quality Assurance files associated with 

each image were used to screen the data so that only those pixels classified as land (i.e. 

excluding ocean, coastline, and inland water bodies) and processed at good quality 

without cloud and atmospheric defects were used to make ∆FC predictions. After 

masking, the remaining data were used to calculate the spectral band and index difference 

images for each time period. The RMA-transformed regression coefficients from the 

MOD43 anniversary date data set, developed from the combined reference sample data 

sets covering all of the study areas and time intervals (across scenes – across intervals), 

were applied to these spectral band and index difference images (i.e. independent 

variables) to calculate a predicted ∆FC (dependent variable) for each one-kilometer 

resolution pixel at each time period. Full coverage, color-coded maps were generated to 

analyze the spatial patterns of predicted ∆FC for each time period over the region.  

 At each individual study site, the prediction images were compared against the 

reference data to assess the landscape-level spatial patterns and summary estimates of 

∆FC. The color-coded prediction images were visually contrasted with images created 

using the same color scheme applied to the reference ∆FC data at each site. For each 

pixel where reference ∆FC data were available, residuals were calculated and displayed 

in color-coded map format to analyze the spatial patterns of prediction error. Based on 

these image data, predicted and observed net ∆FC were summarized at the landscape-

scale and compared across the reference scenes and time periods. Finally, RMSE and 
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%Error were calculated for each scene and time period based on a new, spatially 

independent set of validation sample points. 

 

Results 

 

Model Evaluation 

 

By scene – by interval analysis 

 The trends in accuracy, correlations, coefficient of determination and percent 

error were generalized by reporting the averages of these test statistics across the 11 

sample units (Table 2). On average, the better model test statistics among the different 

tests on a scene-by-scene basis result from using the ∆NDMI index calculated with the 

MOD02 HKM data set. Interestingly, the highest errors and lowest correlations also 

occur with the ∆NDMI index, but calculated from the MOD13 HKM data set. Within the 

MOD02 data sets, the ∆NDMI outperforms the models based on ∆NDVI, with an 

approximate increase in error of 1% when moving from half-kilometer (MOD02 HKM) 

to one-kilometer resolution (MOD02 1KM). For both indices considered in the modeling 

exercises, the MOD02 HKM models show consistently better threshold accuracy, 

correlation and combined R
2
 values than the MOD02 1KM models.  

The better models for predicting ∆FC among the MODIS Vegetation Indices 

product (MOD13) are those that use the ∆EVI data, with the threshold accuracy, 

correlation and combined R
2
 values generally higher at half-kilometer (MOD13 HKM) 
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versus one-kilometer (MOD13 1KM) resolution. Unlike with the MOD02 data, however, 

these models actually show an approximately 1% improvement in mean error with the 

more coarse resolution product. Compared to the mean test statistics of the MOD02 

models, the MOD13 ∆NDVI has 3.7% greater combined model error at half-kilometer 

resolution and 2.5% at one-kilometer and the MOD13 ∆NDMI error increases by 5.1% 

and 3.0%, respectively. The MOD13 model with the lowest average error across all study 

sites (one-kilometer ∆EVI) was 2.7% greater than the average error of the best MOD02 

model (MOD02 HKM ∆NDMI).  

The best model results for the MOD43 data set were, on average, found with the 

∆NDMI index. Relatively good correlations with ∆FC were also found with the ∆NDVI 

and the ∆TCW indices, but the ∆TCW had generally lower threshold accuracies and 

higher combined model errors. The MOD43 ∆NDMI model had only slightly greater 

error (0.3%) on average than that of the same index calculated from Calibrated Radiances 

data at equivalent spatial resolution (MOD02 1KM ∆NDMI), while having 2.7% less 

error on average than the MOD13 ∆NDMI at one-kilometer. 

 

Across scenes – by interval analysis 

Comparing data sets and spectral indices when modeling over multiple scenes for 

the same time interval showed similar results to the individual scene and time interval 

analysis. For example, Table 3 gives the resulting test statistics for the models based on 

the sample set that combined the data from the three scenes that covered the 2000 to 2002 

time interval (12/54, 19/48 and 20/48). The MOD02 indices perform best in predicting 
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∆FC, with the half-kilometer ∆NDMI model resulting in the highest threshold accuracy 

and coefficient of determination, and the lowest combined model error of all the data sets 

and indices for this model exercise. The MOD43 indices have similar test statistics to 

those resulting from the MOD02 1KM data set. The lowest R
2
 values and highest errors 

were found with the models based on the MOD13 indices, which again show better 

model performance at one-kilometer resolution over the half-kilometer data set. 

 

By scene – across intervals analysis 

 Models based on a combined sample that grouped all of the data from one scene 

(20/48) over multiple time intervals (2000 to 2001, 2001 to 2002, and 2002 to 2003) give 

different results (Table 4), in terms of model performance amongst the different data sets 

and spectral indices, than did models based on sample data from a single time interval. 

The MOD13 and MOD43 show more comparable test statistics to MOD02 when 

modeling a single, constant scene over multiple time intervals. In this analysis, models 

based on the MOD43 indices in fact result in the highest threshold accuracies and R
2
 

values, and the lowest error in predicting ∆FC across the three time intervals. The one-

kilometer MOD13 ∆EVI model show very similar results to the MOD02 ∆NDMI model 

at equivalent resolution. The MOD02 data sets show better model performance when 

based on sample data from a single time interval and multiple scenes than combined over 

multiple time intervals. On the other hand, both the one-kilometer MOD13 and the 

MOD43 models have lower error in predicting ∆FC in the multiple time interval sample 

set than with the single time interval sample set.  
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Across scenes – across intervals analysis 

The combined effect of expanding the models over both time and space was 

investigated by pooling sample points from multiple scenes and time intervals and 

evaluating the relationship of reference ∆FC to the different data sets and spectral change 

indices. We analyzed the relationship between reference ∆FC for this pooled sample set 

and the univariate models that showed the strongest relationship with reference ∆FC from 

each data set: a) MOD02 HKM ∆NDMI, b) MOD02 1KM ∆NDMI, c) MOD13 1KM 

∆EVI and d) MOD43 ∆NDMI. The scatter of points in each scatter plot (Figure 2) 

indicates that the distinct relationships separating forest loss and forest regeneration, 

apparent in the scene-by-scene analyses described above and reported by Hayes and 

Cohen (2006), is less conspicuous when the sample data from multiple time intervals and 

study sites is combined. As such, the different data sets and indices were compared on the 

basis of a single RMA regression line for all sample data across the range of reference 

∆FC values. These combined sample set relationships are better illustrated as single, best-

fit RMA lines on scatter plots of the spectral variables against the reference data than 

with the tabulated summary statistics of the relationships in the previous by scene or by 

time period analyses.  

Comparing the best single index from each data set, the MOD02 HKM ∆NDMI 

explained the most variation in ∆FC (R2
 = 0.70) and the MOD13 1KM ∆EVI the least (R2

 

= 0.60). The MOD43 ∆NDMI had a similar coefficient of determination (R
2
 = 0.65) as 

the same spectral index at equivalent resolution calculated from the MOD02 data (R
2
 = 
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0.64). The MOD43 ∆NDMI model resulted in an error across the range of observed ∆FC 

values of 9.6%, lower than that of the MOD02 1KM ∆NDMI model (10.5%). The lowest 

error was found with the MOD02 HKM ∆NDMI model (9.2%), the highest with MOD13 

1KM ∆EVI (11.3%). 

 

Model selection 

 

 The pooled set sample points from combining the multiple scenes and time 

intervals described above was used to develop and evaluate models for predicting annual 

∆FC from anniversary dates of MOD43 data. Here, the emphasis was on choosing the 

best combination of spectral variables and indices in multiple linear regression models for 

predicting ∆FC, developed through a series of intentional selection and step-wise 

regression analyses. First, univariate models were evaluated to assess the contribution of 

individual spectral indices to model performance. Next, step-wise regression analyses 

were used to identify additional variables and indices that could be added to improve 

model performance. The different models were evaluated on the basis of the standard 

error of the parameter estimates, the amount of variation in ∆FC explained (model R2
) 

and the %Error of the cross-validated predictions (Table 5). 

Among the models based on single MOD43 indices (Models 1, 2 and 3), the 

∆NDMI model had low standard error of the parameter estimates, explained the greatest 

amount of variation in the reference ∆FC, and had the lowest error in predictions. 

Compared to the models based on ∆NDVI and ∆NDMI, modeling ∆FC on the ∆TCW by 
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itself resulted in a relatively low coefficient of determination and high prediction error. 

The same index (∆NDMI) used in modeling ∆FC with MOD43 anniversary dates resulted 

in a lower R
2
 value (0.62) and slightly higher error (9.9%) than when calculated from 

MOD43 dates more closely matched to the reference data, as shown in Figure 2 (0.65 and 

9.6%, respectively). 

Other multiple linear regression models based on combinations of indices and 

MOD43 bands were developed through a series of step-wise regression analyses and 

evaluated for their ability to predict ∆FC. For example, ∆Band3 was a significant variable 

in the forward stepwise regression analysis when the ∆NDVI and/or ∆NDMI variables 

were first added to the model. Adding the ∆Band3 to the ∆NDVI (Model 4) contributed 

to a slight improvement in the amount of variation explained in the model, as well as in 

the error in the ∆FC predictions. A multiple linear regression model including ∆Band3, 

∆NDVI and ∆NDMI (Model 5), all significant variables in the model, had the highest R
2
 

value (0.68) and lowest error (9.0%) of the six MOD43 anniversary date models 

evaluated in this exercise. The average error in the model predictions is distributed 

relatively evenly over the range of observed ∆FC values, as illustrated in a plot of model 

results against reference values in relation to the 1:1 line (Figure 3). The three tasseled 

cap change indices (Model 6) were all significant variables when included together in the 

regression model, which explained 66.4% of the variation in ∆FC and had a prediction 

error of 9.3%.  
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Model Application 

 

 Application of the model parameters developed from the sample data to the actual 

multi-temporal MOD43 image data allowed for comparison of the regional-scale spatial 

patterns of the model predictions with that of the observed ∆FC from the selected 

reference study sites. For example, the image depicted in figure 4 (b) is a result of 

applying the parameters from model 5 to the spectral change data calculated from the 

2000 and 2003 MOD43 anniversary date acquisitions. Compared against the reference 

∆FC images from scenes 20/48 (2000 to 2003) and 19/48 (2000 to 2002) shown in figure 

4 (a), the predictions do show some resemblance in terms of the location and spatial 

pattern of changes in forest cover. The prediction image correctly shows patterns of forest 

clearing for agriculture on the western edge of Guatemala’s Maya Biosphere Reserve 

(MBR) Buffer Zone, lowland forest and savanna burning in the northwest corner of the 

MBR (Laguna Del Tigre National Park) and loss in forest cover due to insect defoliation 

in Belize’s Mountain Pine Ridge Reserve to the east of the image.  

While the forest cover loss predictions mimic the locations and general patterns in 

the reference image, they appear to most often have lower magnitude and area covered. 

Similarly, the model correctly predicts forest regeneration along the agricultural corridor 

from eastern Guatemala into western Belize, but also shows less overall regeneration than 

the observations. In contrast, the reference image shows large areas of unchanged forest 

cover where a loss of forest cover, albeit small proportions, is predicted, particularly in 

the large tract of mature, high stature forest stretching from the MBR into the Calakmul 
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Biosphere Reserve in Mexico. The prediction image overestimates forest regeneration in 

some non-forest and low stature forest types, an example being the large area of 

seasonally inundated low forest in the southeastern panhandle of Laguna del Tigre 

National Park.  

 Despite some of the differences in spatial pattern between the reference ∆FC and 

the model predictions on a localized basis, the net result is similar estimates of overall 

∆FC when summarized over a larger landscape or region. For instance, table 6 

summarizes the net ∆FC and error measures across all 1km grid cells for different 

modeled time intervals and reference study sites. The net ∆FC summarized over the 

prediction image matched very closely with that of the reference data for each study site 

and time interval shown, especially when compared for the different time intervals over 

the 20/48 study site. The difference between the observed and predicted net ∆FC 

increased in the two combined study site comparisons shown. RMSE in the predictions 

over all 1km grid cells in each study site and time interval ranged from 10.6 to 16.4 

(5.3% to 8.2% error as a percentage of the range of observed ∆FC values). Net ∆FC 

(from the reference data) for the 20/48 site ranged from an increase of 0.8% between 

2000 and 2001 to a loss of 5.6% between 2002 and 2003. Using the 2000 and 2003 

MOD43 anniversary dates to estimate ∆FC within the 20/48 study site for the three year 

time interval showed a net forest cover loss of 2.4%, for an average of -0.8% ∆FC per 

year. While the 20/48 site showed an increase of approximately 1.2% ∆FC between 2000 

and 2002, expanding the model to include the 19/48 site resulted in a greater than 2% loss 

of forest cover.  
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Discussion 

 

Evaluating MODIS data, products and spectral indices for estimating ∆FC 

 

The results of the model analysis based on the individual study sites and time 

intervals identify the best data sets and spectral indices for estimating ∆FC on a scene-by-

scene basis. Single, univariate spectral indices were calculated from two-date MODIS 

acquisitions and evaluated in terms of their model parameter estimates, threshold 

accuracy in separating forest loss from forest regeneration, the correlation between the 

index and the reference ∆FC data, and the error in model predictions. Of the MODIS data 

and products evaluated here, models based on the ∆NDMI index gave the best results for 

the MOD02 and MOD43 data, and the ∆EVI for the MOD13 data. The utility of the 

∆NDMI index for estimating ∆FC is consistent with the findings of Hayes and Cohen 

(2006) who demonstrated the importance of including information from SWIR 

wavelengths in these models. In spite of this, the ∆NDMI index calculated from the 

MOD13 data sets performed comparatively poorly in modeling ∆FC. The MOD13 NDMI 

differs from the same index used in the MOD02 and MOD43 data sets in several ways, 

most noteworthy being the use of band 7 reflectance, as opposed to band 6 in the MOD02 

and MOD43, and the difference in compositing algorithms. The MOD13 EVI, on the 

other hand, applies correction factors to the NDVI in order to be more responsive to 

properties of the vegetation itself by removing background soil brightness and moisture 
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variation (Huete et al. 2002). Models predicting ∆FC from ∆EVI performed best among 

those derived from the MOD13 data set and tested here. 

These results remain consistent when the models are expanded geographically but 

evaluated within individual time intervals. The best model performance was found with 

the MOD02 ∆NDMI at half-kilometer resolution, which explained a much greater 

amount of the variation in ∆FC and had lower prediction error than the same index 

calculated from the MOD13 data at equivalent spatial resolution. The MOD13 products 

are based on MOD09 data, which was shown to result in a similar deterioration of model 

performance when compared to MOD02 data (Hayes and Cohen, 2006). The lower 

correlation and higher error in the MOD13 models, then, may be in part based on the 

geolocation offset problem that exists for gridded MODIS products (Tan et al. 2006).  

The analyses of Hayes and Cohen (2006) demonstrated that MOD02 data, which 

are available as the original Swath observations, more closely matched the spatial 

patterns of higher resolution reference data than did higher-level products that had been 

resampled to the Sinusoidal Grid projection system (as with MOD09, MOD13 and 

MOD43, for example). Other differences between the MOD02 and MOD13 data sets 

include the temporal resolution of the data and the level of atmospheric correction 

processing. The MOD02 data are a daily product with no quality screening and consist of 

at-satellite calibrated radiances values, prior to the application of any atmospheric 

correction algorithm. The MOD13 indices, on the other hand, are based on the surface 

reflectance algorithm (from the MOD09 product) and are a result of a 16-day 

compositing of the “best quality” samples. Tan et al. (2006) found that the lack of 
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consistency of gridded MODIS products with higher resolution data due to the 

geolocation offset is exacerbated by multi-temporal compositing.  

The study by Tan et al. (2006) further implies that the geolocation offset problem 

diminishes as the size of the grid cell increases, and the authors suggest that better results, 

in terms of matching MODIS products to higher resolution data, may be obtained at 1 km 

resolution. In this study, the similar results with respect to model performance between 

the MOD43 ∆NDMI and the MOD02 1KM ∆NDMI support this contention. If the 

geolocation offset problem was significant at 1 km resolution, we would expect to see an 

improvement in model performance with the MOD02 index, based on Swath data, over 

the gridded MOD43 product. It is important to note that there are other unique properties 

of the MOD43 product, particularly the NBAR algorithm and 16-day mean solar zenith 

compositing, which distinguish it from the other data sets evaluated here. These 

differences are likely to account for the improved model performance of the MOD43 

when compared with the same index from the MOD13 data, which are also a gridded but 

do not compare as well to the MOD02 data. With an improved index such as the ∆EVI, 

however, the MOD13 model at 1KM resolution compares better to MOD02 and MOD43 

models at the same spatial resolution. Visual analysis of the MOD13 ∆NDMI imagery 

suggests that, in terms of its utility in predicting ∆FC, this index suffers from artifacts of 

the compositing algorithm, which results in spatial discontinuity with regard to pixel-by-

pixel spectral response. 

The outcome of the model performance comparisons among the different data sets 

changed when the models were applied over multiple time intervals. While the best 
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indices for each data set remained consistent (i.e. ∆NDMI for MOD02 and MOD43 and 

∆EVI for MOD13), the MOD13 and MOD43 models showed results that were similar to, 

or better than, those of the MOD02 data when tested against multi-temporal reference 

data. Spectral indices calculated from reflectance data (MOD13 and MOD43) resulted in 

consistent model parameters and good overall correlation and prediction accuracy when 

modeled over multiple time intervals. While the MOD02 data provide the best model 

results when applied for a given time interval, indices based on radiance data are not as 

consistent from year-to-year, which causes the MOD02 models to degrade over multiple 

time intervals. As such, the removal of atmospheric variation and view angle differences 

between dates, as with the MOD13 and MOD43 data, is important in building a general 

model that will be consistent over time. However, the poor performance of the half-

kilometer MOD13 models, relative to the MOD02 HKM, suggests that the geolocation 

offset problem still outweighs any advantage from using the reflectance data over 

radiances at this spatial resolution. At one-kilometer resolution, on the other hand, the 

MOD43 models show improvement over those based on MOD02 data, suggesting the 

importance of the  NBAR algorithm and mean solar zenith angle compositing in 

modeling ∆FC over multiple time intervals. 

 

Selecting a ∆FC prediction model based on multiple spectral indices 

 

 The combined effect of the spatial and temporal issues surrounding model 

development was evaluated by testing model performance for the different MODIS data 
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sets and spectral indices against a full reference sample set that combined multiple time 

intervals and multiple study sites across the region. One consequence of the pooled 

sample set was to diminish the offset effect in the relationship of MODIS spectral change 

with ∆FC, which was typically encountered when modeling individual scenes and time 

intervals, due to combining the variation across multiple scenes and time intervals. The 

data was therefore modeled as a single linear model with good results across the full 

range of ∆FC, thereby simplifying the model development, removing the need for 

selecting a spectral threshold, and allowing for straightforward comparisons among the 

different data sets and spectral indices. The amount of variation explained and the 

prediction error in these models (Figure 2) fall within the range of the test statistics 

calculated for the previous across scenes – by time interval (table 3) and by scene – 

across time intervals analyses (table 4), suggesting that a single linear model without 

thresholding does not significantly affect model performance.  

 Comparisons among the model relationships with ∆FC for the best spectral 

indices from the different MODIS data sets (Figure 2) are evidence for the relative effects 

of the different spatial, spectral and temporal properties of these data on the amount of 

variation explained and the prediction error in modeling ∆FC. A reduction in spatial 

resolution from half- to one-kilometer for the same data set and spectral index (MOD02 

∆NDMI) results in 6% less of the variation ∆FC explained and a 1.3% increase in 

prediction error. At one-kilometer resolution, the ∆NDMI  based on the NBAR product 

explains a similar amount of the variation in ∆FC as does that based on the radiance data, 

with an improvement in prediction error of nearly 1%. The best index from the MOD13 
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data set, on the other hand, explains less variation in ∆FC with a higher prediction error 

than both the MOD02 and MOD43 models. By using the one-kilometer MOD43 ∆NDMI 

to model ∆FC  for the combined sample set, only a slight increase in prediction error 

(0.4%) occurred in comparison with the best model based on the half-kilometer MOD02 

∆NDMI.  

 The MOD43 data set was chosen for use in estimating annual ∆FC for the Central 

American region by weighing the advantages and disadvantages of the different MODIS 

data sets evaluated in this study (Table 7). The main advantage of the MOD02 data is its 

locational precision when compared to higher resolution reference data, which 

contributes to its better model performance in these analyses. However, these data are not 

corrected for atmospheric conditions and are not accompanied by any user-level quality 

assurance information or cloud or water masks. The higher order products (e.g. MOD13 

and MOD43) offer more extensive and useful quality assurance information designed for 

the user. Another difficulty with the repeated use of the MOD02 data is the Swath format 

for which it is distributed. The spatial coverage of each Swath is variable on a day-to-day 

basis and an extra data set (MOD03 geolocation fields) is required for geometric 

correction of these data. Both the MOD13 and MOD43 data sets, on the other hand, are 

available in spatially consistent Grid tile format and are readily imported into image 

processing software as already geometrically corrected images. 

Overall, the MOD43 product proved to be the most consistent data set, was 

practical to implement, and showed similar results in terms of predicting ∆FC to higher 

resolution models based on the radiance Swath data (MOD02). Anniversary date 
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acquisitions of MOD43 data sets were used to develop a general model for application 

across the Central American region that estimates annual change in forest cover as a 

continuous variable. Having chosen the data set, a regression model was built on multiple 

spectral variables, chosen through step-wise regression procedures. This analysis 

demonstrated the importance of the “brightness”, “greenness” and “wetness” components 

of the spectral domain in detecting and measuring change. From the MOD43 anniversary 

dates, the variable combination that produced the best model predictions against the 

reference data used here included the change in Band 3, the NDVI and the NDMI. 

MODIS Band 3 measures reflectance in the visible blue wavelength region, which is also 

used in the ∆EVI index to compensate for background soil brightness and moisture. The 

NDVI is a common measure of vegetation greenness, and the NDMI incorporates SWIR 

spectral information and correlates to vegetation structure and moisture content (Jin and 

Sader, 2005). A similar model, based on the brightness, greenness and wetness MODIS 

Tasseled Cap indices (Lobser and Cohen, 2006) gives similar results in terms of model 

performance, as well as in net ∆FC estimates and error statistics when applied at the 

regional scale.  

 

Applying the ∆FC prediction model at landscape and regional scales 

 

 Compared to the reference data, the spatial patterns and summarized statistics on 

estimated ∆FC at landscape and regional scales are preserved in the predictions. An 

outcome of regression modeling is preservation of the observed mean in the predictions, 
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assuming the whole of the population (region-wide data) is adequately sampled, which it 

appears to be here (Table 6). When compared against reference change data for the 

lowland tropical moist forests of northern Guatemala and Belize, the model predictions 

correctly identified forest cover losses due to agricultural establishment, forest burning 

and insect defoliation, as well as forest regeneration from abandonment and fallow 

management along road corridors. Net ∆FC estimated by the model and summarized at 

this regional scale closely matched that of the reference data.  

 Despite resembling the location and spatial patterns of ∆FC, on a cell-by-cell 

basis the model predictions tended to underestimate the magnitude of change where the 

reference data showed high percentages of forest loss or regeneration. Furthermore, the 

variability in environmental conditions from year-to-year trigger spectral changes even in 

unaltered land cover types that result in false change estimates. These spectral changes 

are distinct among the different cover types, creating a bias in more localized estimates of 

∆FC depending on the relative composition of mature, high stature forest, low stature 

forest and non-forest land cover. For example, the reference maps (figure 4) show large 

areas of unchanged mature forest in the MBR, much of which is estimated to have 

incurred a 1-10% loss according to the predicted image, whereas areas of unchanged low-

stature forest and non-forest areas are estimated to have regeneration of forest cover up to 

20% or more.  

Summarized over a larger area with more even distributions of forest and non-

forest types (at the national-level or over a Landsat scene, for example), the total net ∆FC 

is accurately predicted. However, for a smaller management unit such as the El Zotz 
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Reserve area within the MBR, which for example is primarily composed of unchanged 

mature forest, estimated net ∆FC summed over this area would give a false prediction of 

an overestimated net loss of forest cover. This suggests that more accurate ∆FC estimates 

at the level of a 1km grid cell or smaller study areas will require some further 

interpretation or modification of the results from the general prediction model. One 

potential solution to improve these results would be to categorize model predictions into 

bins, each covering some range of estimated ∆FC. The results of the model predictions 

given here suggest that a categorization into 10% ∆FC classes may give more acceptable 

accuracy results when compared to the reference data. To significantly reduce the bias 

caused by the distinct spectral changes among the different cover types, some level of 

segregation of initial land cover type would be needed – at least to a forest versus non-

forest level – for which separate models can be developed that account for these 

differences.  

For identifying spatial patterns of change and reporting net ∆FC statistics at the 

landscape scale, good results were achieved for the study areas in the northern portion of 

the region (for example, Guatemala and Belize) and are published here (Table 6). 

However, more mixed results were obtained for predictions in other areas that were more 

affected by clouds and other atmospheric variation. In this study, the MOD43 data set 

identified most of the significant cloud cover but did not remove all of the unwanted 

variation from cloud edges and shadows, haze and aerosols. Generating more accurate 

and consistent results for the entire region will require more detailed cloud-masking and 
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screening of spectral defects (e.g. Lunetta et al., 2006), as well as the incorporation of 

additional acquisition dates for filling in the gaps in spectral coverage.  

 

Summary and Conclusions 

 

 An RMA-transformed linear regression model based on multiple indices 

calculated from annual anniversary dates of MOD43 data, applied region-wide in Central 

America for this study, demonstrates a practical methodology for estimating proportional 

change in forest cover as a continuous variable with good accuracy. Taken together, the 

results of the various analyses summarized above demonstrate a number of the different 

issues involved in using coarse resolution MODIS data and products to detect land cover 

change and estimate proportional changes in forest cover at landscape to regional scales, 

and over multiple time intervals. The analyses were designed to allow evaluation and 

comparison of model performance over varying time intervals and spatial extents 

amongst models based on different MODIS data sets and spectral indices. In reference to 

the research objectives, some of the key findings of this study include: 

 

• When estimating change in forest cover at landscape to regional scales for a 

particular time interval, the models based on the half-kilometer MOD02 ∆NDMI 

index had the best relationship with the reference data and the lowest prediction 

errors. The main advantage of the MOD02 data is its geometric locational 
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precision of the Swath observations at 500m native resolution with respect to the 

higher resolution reference data. 

• Spectral indices based on atmospherically corrected surface reflectance data, as 

with the MOD13 and MOD43 data sets, produce more consistent model 

parameters and accurate forest cover change estimates when modeling over 

multiple time intervals.  

• The MOD43 product proved to be the most consistent data set, was practical to 

implement, allowed for the computation of a number of important spectral 

vegetation indices, and models based on these indices showed similar results in 

terms of predicting forest cover change to higher resolution models based on 

radiance swath data. 

• The most accurate estimates of forest cover change resulted from models that 

included measures of the year-to-year change in the brightness (e.g. visible bands 

or TCB), greenness (NDVI or TCG) and wetness (NDMI or TCW) spectral 

domains of the MOD43 data. 

 

Using anniversary date acquisitions of MOD43 data, an RMA-transformed 

multiple linear regression model incorporating spectral changes in the NDMI and NDVI 

indices and the visible blue channel explained 68% of the variability in ∆FC with a 

prediction error of 9%. The spatial patterns and summarized statistics on estimated ∆FC 

at landscape and regional scales from the model predictions closely matched that of the 

reference data. At finer scales, the model predictions tend to underestimate ∆FC where 
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high proportions of forest loss or regeneration have occurred and give overestimates over 

areas of unchanged land cover.  Improvements in model performance can be realized by 

categorizing the continuous variable predictions as some range estimates of ∆FC (e.g. 

10% classes), using image segregation by land cover type (e.g. forest versus non-forest) 

prior to model development, and by more detailed data quality screening and the filling 

of data gaps with additional image acquisitions. 
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Tables  

 

 

Table 1

Acquisition dates (given as Julian days) for the images used in this study

Study Site Year 2000 Year 2001 Year 2002 Year 2003

Vert. Horiz. Sensor Date Sensor Date Sensor Date Sensor Date

P12 R54 TM 2000081 ETM+ 2002145

- - MOD02 2000084 MOD02 2002148

v08 h10 MOD13 2000081 MOD13 2002145

v08 h10 MOD43 2000081 MOD43 2002145

P14 R54 ETM+ 2000045 ETM+ 2001031

- - MOD02 2000082 MOD02 2001031

v08 h09 MOD13 2000081 MOD13 2001017

v08 h09 MOD43 2000081 MOD43 2001017

P18 R51 ETM+ 2000361 ETM+ 2002126

- - MOD02 2000361 MOD02 2002126

v07 h09 MOD13 2000353 MOD13 2002113

v07 h09 MOD43 2000353 MOD43 2002113

P19 R48 TM 2000088 ETM+ 2002261

- - MOD02 2000087 MOD02 2002261

v07 h09 MOD13 2000081 MOD13 2002273

MOD43 2000081 MOD43 2002273

P19 R50 TM 2001090 ETM+ 2003104

- - MOD02 2001087 MOD02 2003104

v07 h09 MOD13 2001081 MOD13 2003097

v07 h09 MOD43 2002081 MOD43 2004097

P20 R48 ETM+ 2000087 TM 2001081 ETM+ 2002076 ETM+ 2003127

- - MOD02 2000087 MOD02 2001089 MOD02 2002071 MOD02 2003127

v07 h09 MOD13 2000081 MOD13 2001081 MOD13 2002081 MOD13 2003065

MOD43 2000081 MOD43 2001081 MOD43 2002081 MOD43 2003065

MOD13 and MOD43 were acquired for the same 16-day composite period in each analysis. 

The first date of reference data for P18 R51 was acquired in the calendar year 2000, but 

analyzed as 2001 land cover.  
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Table 2

Results of the by scene – by interval  analysis showing the mean RMA regression  model

test statistics for each data set, summarized for all scenes and time intervals analyzed

in this study.

Threshold Regen. Clearing Combined Model

Data Set Variable n Acc. % Set R Set R Model R
2

Error

MOD02 HKM ∆NDVI 11 91.8% 0.67 0.69 0.57 10.0%

∆NDMI 11 94.6% 0.75 0.73 0.62 8.8%

MOD02 1KM ∆NDVI 11 91.0% 0.65 0.61 0.47 10.6%

∆NDMI 11 91.0% 0.73 0.65 0.55 9.9%

MOD13 HKM ∆NDVI 11 89.8% 0.64 0.52 0.47 13.7%

∆EVI 11 90.3% 0.66 0.60 0.50 12.4%

∆NDMI 11 81.4% 0.56 0.53 0.45 13.9%

MOD13 1KM ∆NDVI 11 88.7% 0.57 0.59 0.47 12.5%

∆EVI 11 90.1% 0.67 0.49 0.48 11.5%

∆NDMI 11 79.8% 0.50 0.43 0.46 12.9%

MOD43 1KM ∆NDVI 11 92.2% 0.65 0.54 0.49 10.8%

∆NDMI 11 92.6% 0.68 0.63 0.53 10.2%

∆TCW 11 85.2% 0.63 0.57 0.50 11.4%
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Table 3

Results of the across scenes – by interval  analysis showing the RMA regression model 

test statistics for each data set and variable resulting from combining all of the sample 

data for the 3 study areas (12/48, 19/48 and 20/48) from the 2000 to 2002 time interval.

Threshold Regen. Clearing Combined Model

Data Set Variable n Acc. % Set R Set R Model R
2

Error

MOD02 HKM ∆NDVI 429 89.4% 0.52 0.64 0.53 10.2%

∆NDMI 429 92.3% 0.69 0.83 0.77 9.2%

MOD02 1KM ∆NDVI 342 83.1% 0.41 0.46 0.46 13.2%

∆NDMI 342 83.8% 0.62 0.76 0.68 11.5%

MOD13 HKM ∆NDVI 247 77.4% 0.30 0.42 0.39 16.2%

∆EVI 247 89.9% 0.34 0.52 0.46 12.6%

∆NDMI 247 85.0% 0.34 0.44 0.42 14.5%

MOD13 1KM ∆NDVI 131 82.4% 0.38 0.45 0.48 13.2%

∆EVI 131 86.8% 0.48 0.62 0.40 12.0%

∆NDMI 131 83.1% 0.47 0.43 0.33 13.4%

MOD43 1KM ∆NDVI 266 87.1% 0.45 0.62 0.51 12.2%

∆NDMI 266 88.1% 0.67 0.79 0.71 11.5%

∆TCW 266 84.5% 0.48 0.57 0.49 12.5%
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Table 4

Results of the by scene – across intervals  analysis showing the RMA regression model

test statistics for each data set and variable resulting from combining all of the sample

data from the 3 time intervals (2000 - 01 - 02 - 03) for the 20/48 study site.

Threshold Regen. Clearing Combined Model

Data Set Variable n Acc. % Set R Set R Model R
2

Error

MOD02 HKM ∆NDVI 462 89.4% 0.35 0.62 0.44 11.7%

∆NDMI 462 92.3% 0.45 0.68 0.62 9.6%

MOD02 1KM ∆NDVI 396 83.1% 0.32 0.57 0.43 12.9%

∆NDMI 396 83.8% 0.43 0.62 0.61 10.3%

MOD13 HKM ∆NDVI 261 77.4% 0.31 0.44 0.37 16.8%

∆EVI 261 89.9% 0.62 0.49 0.43 15.7%

∆NDMI 261 85.0% 0.39 0.43 0.38 15.8%

MOD13 1KM ∆NDVI 142 82.4% 0.48 0.50 0.57 10.9%

∆EVI 142 86.8% 0.65 0.58 0.62 10.3%

∆NDMI 142 83.1% 0.44 0.42 0.39 11.5%

MOD43 1KM ∆NDVI 303 87.1% 0.55 0.65 0.65 8.9%

∆NDMI 303 88.1% 0.59 0.78 0.68 8.8%

∆TCW 303 84.5% 0.64 0.63 0.64 10.7%
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Table 5

RMA Regression test statistics for the combined sample set (n =

1,208) based on the MOD43 anniversary date spectral changes.

Model Prediction

Variables Value SE Model R
2

%Error

Model 1 0.6015 10.65%

Intercept -0.0707 0.0063

∆NDVI 2.3530 0.0552

Model 2 0.6162 9.88%

Intercept -0.0696 0.0062

∆NDMI 2.2914 0.0521

Model 3 0.3930 13.85%

Intercept -0.1397 0.0092

∆TCW 3.9664 0.1419

Model 4 0.6182 9.48%

Intercept -0.0815 0.0067

∆NDVI 2.5240 0.0664

∆Band3 0.0007 0.0002

Model 5 0.6792 9.00%

Intercept -0.0875 0.0064

∆Band3 0.0009 0.0001

∆NDVI 1.1854 0.1347

∆NDMI 1.4487 0.1287

Model 6 0.6641 9.30%

Intercept -0.0980 0.0073

∆TCB -1.3047 0.0854

∆TCG 2.6724 0.0896

∆TCW 4.0473 0.1077
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Table 6

Estimates of ∆FC, and prediction error, from both the reference data and the Model 5 1km

resolution prediction images across 6 example reference study sites and time periods.

Area Observed  Predicted Validation Prediction

Study site(s) Time Period (Million ha) Net ∆FC Net ∆FC n %Error

20 / 48 2000 - 01 2.59 0.80% 0.79% 135 10.7

20 / 48 2001 - 02 1.77 0.35% 0.34% 121 13.6

20 / 48 2002 - 03 3.08 -5.64% -5.79% 128 9.6

20 / 48 2000 - 03 3.19 -2.44% -2.42% 182 9.3

20 / 48 & 19 / 48 2000 - 02 4.81 -2.02% -2.34% 256 10.4

20 / 48 & 19 / 50 2001 - 03 5.03 -1.33% -1.67% 237 13.7
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Table 7

Important attributes of each MODIS data set affecting its utility a the primary data source 

in a regional forest cover change monitoring system.

MOD02 MOD13 MOD43

Spatial Resolution
quarter-, half-, and 

one-kilometer

quarter-, half-, and 

one-kilometer
one-kilometer

Projection and Geometry Swath Data Sinusoidal Grid Sinusoidal Grid

Spatial Coverage Variable Grid Tiles Grid Tiles

Temporal Coverage Daily
16-day quality 

screened 

16-day mean solar 

zenith angle 

Radiometric Properties
At-satellite 

Radiance

Surface 

Reflectance

Nadir-adjusted 

Bidirectional 

Reflectance

User Quality Assurance None
Water and Cloud 

Masks, Aerosol 

Water and Some 

Cloud Masking

Bands and Indices
Visible, NIR and 

SWIR

NDVI, EVI, and 

blue, red, NIR, 

Visible, Near IR, 

SWIR, Tasseled 
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Figures 

 

 

 

Figure 3.1. Map illustrating the location of the MODIS Grid Tiles and the reference forest 

cover change study sites (based on Landsat WRS scenes) in relation the boundaries of the 

nations of the Central American region. 
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Figure 3.2. The relationship between reference ∆FC for the pooled sample set and 

MODIS spectral change indices: A) MOD02 HKM ∆NDMI, B) MOD02 1KM ∆NDMI, 

C) MOD13 1KM ∆EVI and D) MOD43 ∆NDMI. 
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Figure 3.3. Plot illustrating the relationship between the observed reference ∆FC and 
Model 5 predicted values, based on the pooled sample set. 
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Figure 3.4. The spatial distribution of the reference (top) and predicted (bottom) ∆FC 
between 2000 and 2003, for an area in northern Central America. 
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Abstract 

 

This study addressed the development and analysis of a modeling framework 

designed to assess the landscape-scale carbon dynamics associated with land cover and 

land use change for a tropical forest ecosystem in Central America that has been subject 

to rapid agricultural expansion and land use change over the past 20 years. Temporally- 

and spatially-explicit estimates of C stores and flux were generated from a bookkeeping-

type model based on measures of carbon stocks and flux from field studies scaled in time 

and space with a simple process model and an historical satellite data record spanning a 

29-year period for this study area. Model runs were driven by a series of Monte-Carlo 

simulations that drew from the parameter uncertainty distributions in order to assess the 

relative and cumulative contribution of both field-based and satellite-derived parameters 

to the uncertainty associated with plot-level and landscape scale C budget estimates.  

The total landscape-level terrestrial C storage for this 2.6 million hectare study 

area in year 2003 was estimated at 391 +/- 89 TgC with a net flux of -0.3 +/- 0.7 TgC / 

year. The results show that the study area has acted as a source of C to the atmosphere 

since 1974, with an estimated cumulative net loss of 39 +/- 29 TgC. Much of the 

uncertainty in these estimates of total C storage was contributed by variability in field-

based measures of the live biomass C content of the mature, high-stature forest types that 

dominate the study area. Uncertainty in per-hectare C flux for newly established 

agricultural plots and young secondary forests was affected by the precision with which 

time since disturbance and secondary forest age could be determined from the satellite 
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data record. The analyses also quantified the effects of Landsat-level classification error, 

as well as the use of more coarse resolution MODIS data sets, on the estimates of 

landscape scale C budget estimates. 

 

Introduction 

 

 Carbon dioxide concentrations in the atmosphere have been rapidly increasing 

over the last century, and the potential consequences for a changing global climate are 

not adequately understood (Houghton et al. 1996). Efforts to identify sources of carbon to 

the atmosphere and quantify emissions have been initiated worldwide in response to 

international agreements on the mitigation of greenhouse gas emissions and climate 

change (Parson et al. 1992). While the source of atmospheric carbon due to the burning 

of fossil fuels is generally well understood and its quantification relatively 

straightforward, most of the uncertainty involved with the global carbon cycle stems from 

a lack of understanding of terrestrial carbon dynamics (Goreau, 1990; Houghton, 1995). 

This lack of understanding is in a large part due to insufficient data on the identification, 

extent and roles of sources and sinks of carbon in terrestrial ecosystems (Brown, 2002). 

Given that human activity is changing the global environment at extraordinary 

magnitudes, rates, and spatial scales (Meyer and Turner, 1994), there is a need to gain a 

better understanding of how land cover and land use change (LCLUC) processes affect 

the terrestrial carbon dynamics that produce and alter these sources and sinks.  
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Tropical forest ecosystems are considered of crucial importance to global 

environmental change because of their large spatial extent, their high biomass and carbon 

cycling capacity, and their exceptional rates of conversion (FAO, 1993). The contribution 

of tropical LCLUC to rising global atmospheric CO2 concentrations is a large, but 

uncertain, fraction of anthropogenic emissions (Houghton, 2003; Clark, 2004). The 

uncertainty in estimates of carbon emissions and sequestration from tropical LCLUC has 

hindered the effort to balance the global carbon budget (Schimel et al., 2001). “Bottom-

up” biomass inventories and land use change analyses have identified tropical ecosystems 

as a net source of CO2 to the atmosphere, largely as a result of high rates of deforestation 

and biomass burning (Hall and Uhlig, 1991; Fearnside, 1997; DeFries et al., 2002; 

Achard et al., 2002). Uncertainties and bias from broadly defined land cover and 

vegetation classes, coarsely aggregated inventory and harvest data, and assumptions 

about general forest clearing and regeneration rates limit many of these analyses. “Top-

down” methods based on atmospheric transport models indicate tropical regions to be 

neutral or a small source of carbon to the atmosphere (Gurney et al., 2002; Rodenbeck et 

al. 2003), implying the existence of a significant sink in tropical ecosystems that offsets 

the CO2 source from deforestation and biomass burning. However, these models are 

poorly constrained in the tropics, and there is significant uncertainty in the results as a 

function of the considerable heterogeneity in tropical ecosystems and their changing land 

uses. Confidence in any one approach will be greater if its results are consistent with the 

alternative approaches and, ultimately, a scientific consensus will be based on findings 

from all of these areas of research. 
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Carbon Dynamics Associated with Tropical LCLUC  

 

Previously undisturbed tropical forests are being converted to anthropogenic land 

uses such as timber management, shifting cultivation agriculture and permanent 

croplands and pastures. Much of the carbon stored in aboveground vegetation is 

immediately released to the atmosphere as CO2 when a forest is cleared and its biomass 

burned. The magnitude of the flux of carbon to the atmosphere depends on the amount of 

carbon stored in the vegetation prior to clearing, which in mature forests is primarily a 

function of the vegetation type and site, soil, and climatic factors (Running, 1994; Clark 

and Clark, 2000; Turner et al., 2003). These carbon stores are typically reported as above-

ground biomass, measured in terms of a density of carbon mass per unit area (Brown, 

1997). Default carbon density values for forest and land cover types used in carbon 

budget analyses are most commonly derived from field-based inventories of forest 

composition and structure. In tropical regions, inventory records are often sparse, 

incomplete and/or outdated, and different data sets and collection methodologies can 

reveal widely different estimates of forest biomass (Houghton et al., 2000).  

Following disturbance, residual biomass left on-site and in soil organic matter will 

decompose over time and thus these sites typically act as sources of carbon to the 

atmosphere for several years after clearing. The rates of decay vary according to climate, 

but in the humid tropics most material will decompose within 8 – 10 years (Hall and 

Detwiler 1985, Chambers et al. 2001). However, some portion of the carbon will not be 
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immediately released or rapidly decompose, but rather oxidize more slowly in the form of 

forest products, ash or charcoal (Fearnside et al., 1993). Estimates of carbon flux over 

tropical regions have been limited by uncertainty in productivity and carbon and nutrient 

cycling process and how they are affected by disturbance (Nelson et al., 2000). 

When forest vegetation is allowed to regenerate, through either abandonment or 

fallow management, the site changes to a carbon sink at the point in succession when the 

production from vegetation recovery exceeds the carbon release driven by the residual 

decomposition (Harmon et al. 1990, Schulze et al. 2000). A regenerating tropical forest 

sequesters biomass at rates ranging from 1 to 10% per year (Brown and Lugo 1990, 

Houghton et al. 1991) depending on site, soil, and climatic factors as well as land use 

history. At any point in time following disturbance the sizes of the accumulated carbon 

pools will vary according to the age of the secondary forest and its previous disturbance 

history (Uhl et al. 1988, Moran et al. 1994). In the event of the re-clearing of young 

secondary forests, the potential source of carbon to the atmosphere is reduced because 

their carbon pools are smaller relative to primary forests (Harmon et al. 1990, Brown 

1993). In addition to forest type and land cover classification, identifying forest age, time 

since disturbance, and land use history are all crucial components of efforts to quantify 

carbon pools and flux over a changing landscape.  
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Scaling Field-Based Measurements of Carbon Dynamics over Time and Space 

 

 Data on the distribution of forest and land cover types and rates of change have 

been used to estimate regional or national-level carbon pools and emissions using 

“bookkeeping” models (Houghton et al., 1983). This carbon budget accounting approach 

has been used to model biomass stocks and carbon flux for tropical regions, including 

Brazil (Schroeder and Winjum, 1995; Turner et al., 1998), tropical Mexico (Cairns et al., 

2000), and other areas of Latin America (Hall and Detwiler 1985, Houghton et al. 2000, 

DeFries et al. 2002). Earlier studies by Houghton et al. (1983) and Hall and Detwiler 

(1985) used published field-based biomass estimators for life zone type categories, 

multiplied over broad ecosystem maps, to calculate national-level carbon stocks. Fluxes 

were based on conceptual, linear relationships of carbon loss and recovery over 

secondary succession following disturbance and aggregated data on forest harvest and 

land cover change rates for each nation or region. A study by Houghton et al. (1991) used 

a range of estimates of carbon stocks for vegetation and soils of major ecosystems in 

Latin America, combined with changes in these stocks due to changes in the area of 

forests between 1850 and 1985, to calculate the net annual flux of carbon from this region 

over that time period. The model used in this study incorporated several ecosystem-

specific variables for disturbance and carbon cycling, including: a net change in carbon 

stocks (both above-ground vegetation and soils) between forest and cleared lands, a 

fraction of carbon assigned to decay pools at the time of clearing, a rate constant for on-
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site decomposition, and an amount of time following disturbance required to recover the 

original mass of carbon.  

In remote and often inaccessible regions of the tropics, where repeated inventories 

and harvest data are sparse and difficult to collect in the field, remote sensing techniques 

often provide the best source of data and methodology for measuring and monitoring 

forest cover and change (Sader et al., 1990). Local and landscape-scale monitoring of 

tropical deforestation has been accomplished using complete coverage of regularly 

updated Landsat data (e.g. Skole and Tucker, 1993; Sader et al., 2001a). Cohen et al. 

(1996) demonstrated a strategy in temperate forests of the Pacific Northwest where a 

Landsat-derived land cover map was used to estimate carbon stocks and spatially explicit 

harvest data were generated from multiple dates of imagery and combined with a 

terrestrial carbon model to calculate fluxes over two decades. In tropical forests, Cairns et 

al. (2000) based their estimates of carbon flux on field-based estimates of forest biomass 

coupled with changes in land cover detected between maps at two dates derived from air 

photos spanning a 15 year period. 

Persistent cloud cover during the rainy season and smoke and haze from biomass 

burning during the dry season can preclude the annual or biennial acquisition of a clear 

scene of Landsat data for the same area of the tropics (Asner, 2001). This problem, along 

with monetary cost, data storage and processing time limitations, is exacerbated when 

multiple scenes are required to cover larger areas on regional and global scales. While a 

sampling of high-resolution data for specific time periods and study sites can serve to 

validate mapping efforts and provide insight into processes such as deforestation over a 
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region (FAO, 1993; Richards et al., 2000), these efforts have critical limitations, 

including the misrepresentation of rates and extent of change because deforestation is 

often spatially clustered (Fearnside, 1986; Tucker and Townshend, 2000). Furthermore, 

considering the rapid pace at which land cover change occurs in these regions, significant 

errors can accumulate in the detection of changes as the gap between data acquisitions 

increases (Kimes et al., 1998), which may translate into larger uncertainties in assessing 

carbon budgets.  

The larger area coverage and greater temporal frequency with which coarse 

resolution satellite data are collected for a given region may provide an advantage in 

carbon budget analyses over lower temporal resolution (and much more expensive) data 

sets such as air photos and Landsat imagery (Townshend and Justice, 2002). DeFries et 

al. (2002) used subpixel estimates of percent forest cover derived from AVHRR data, in 

combination with a bookkeeping model, to assess carbon flux over large areas of the neo-

tropics. Studies by Hayes and Cohen (2007) and Hayes et al. (in review) demonstrate a 

methodology for scaling observations of changes in tropical forest cover to full coverage 

of large areas at high temporal frequency from MODIS data. The primary challenge with 

using these data is to extract detailed, accurate estimates of change where the phenomena 

of interest, such as LCLUC and carbon dynamics, operate at scales below the spatial 

resolution of the satellite data set. 
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Uncertainty Analysis 

 

 Quantification of the behavior of biological systems through mathematical 

representation (i.e. models) is affected by various sources of error and uncertainty arising 

from the representation of the system, the parameter values used to drive the model and 

the natural variability of the system (O’Neill and Gardner 1979, O’Neill and Rust 1979). 

The conceptual and mathematical representation of ecosystem models contains 

uncertainty limited by available knowledge of the processes and data on their functions, 

as well as the degree to which individual components are aggregated in the model 

(Rastetter et al. 1992). Model prediction error is affected by the uncertainty in, and the 

sensitivity to, input parameter values (e.g. Wallach and Genard 1998). In ecosystem 

carbon models, field-based parameter uncertainty can stem from measurement error and 

allometric model uncertainty (e.g. Keller et al. 2001, Ketterings et al. 2001), as well as 

plot size and sampling design (Chave et al. 2004). Additionally, spatial and temporal 

scaling of these field-based parameters introduces additional aggregation errors (e.g. 

Kicklighter et al. 1994) and is subject to the accuracy of the scaling tools (e.g. remotely 

sensed data classifications). Finally, natural variability in ecosystem structure and 

function affects the uncertainty in landscape-scale estimates of carbon budget parameters 

(e.g. Chave et al. 2003, Clark and Clark 2000). Although these sources are often difficult 

to separate, model runs that vary the parameter variables according to their expected 

range of variation can be used estimate the combined effect of parameter uncertainty on 

uncertainty of model output variables (Garner et al. 1990).  
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Objectives 

 

Regional case studies of LCLUC and carbon dynamics in tropical regions need to 

be carried out and their results assimilated before the global carbon budget can be 

balanced. This requires both field-based campaigns to acquire data on the state and flux 

of biomass stocks for different ecosystems of the pan-tropics as well as improved data on 

spatially and temporally detailed estimates of the distribution of, and rates of changes in, 

these stocks. Currently, uncertainties in field-based estimates of biomass stocks may 

contribute as much to the variability in these results as that from satellite-derived 

estimates of deforestation and land use change (Houghton, 2005). The uncertainty of 

global carbon flux estimates could be reduced with more reliable data on 1) the plot-level 

carbon dynamics associated with tropical LCLUC and 2) scaled estimates of these 

dynamics over larger spatial and temporal extents.  

This study addresses the development of a modeling framework that quantifies 

the carbon balance of a lowland tropical moist forest ecosystem in Central America that 

has been subject to rapid agricultural expansion and land use change over the past 20 

years. Spatially-explicit estimates are based on a bookkeeping-type approach for scaling a 

simple process model that integrates field-based estimates of carbon stocks and flux with 

an historical satellite data record. In addition to providing insight into the ecosystem-level 

effects of LCLUC on terrestrial carbon dynamics, the model framework provides a basis 

for investigating the relative contributions of the various field-based and satellite-derived 
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parameters to the uncertainty in landscape-scale estimates of carbon stocks and flux. 

Specifically, a series of model runs using a Monte-Carlo type approach to simulate results 

according to parameter uncertainty were performed to answer the following research 

questions: 

 

1) What is the relative contribution of uncertainty in field-based parameters on C 

stores and rates of exchange amongst the ecosystem compartments and satellite-

derived parameters on time since disturbance and secondary forest age on a plot-

level, per-hectare basis? 

2) How does this uncertainty affect landscape-scale estimates of C balance for a 

tropical forest study area? and 

3) Accounting for classification and change detection error, how does the use of 

different satellite data sets at varying spatial resolution affect these landscape-

scale estimates of C stocks and flux? 

 

Methods 

 

Study Area 

 

 Developing the modeling framework for exploring the research questions outlined 

in this study required detailed landscape-scale land cover maps and LCLUC analyses. 

These data were derived from high spatial and temporal resolution databases developed 
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for a study area located in northern Guatemala, corresponding to Landsat Worldwide 

Reference Scene Path 20 / Row 48. This approximately 2.6 million hectare study area 

covers much the Maya Biosphere Reserve, a complex of delineated management units 

including five national parks, four biological reserves, a multiple use zone, and various 

community-level forest concessions. The Reserve is characterized by mainly lowland 

forest and expansive freshwater wetlands, part of the largest contiguous tropical moist 

forest remaining in Central America (Nations et al., 1998). However, the land within this 

study area has been subjected to widespread LCLUC in the last decade or more as a result 

of human migration and expansion of the agricultural frontier (Sader et al., 1997). The 

resulting land cover pattern consists of a mosaic of mature forest, pasture and croplands, 

and a range of ages of secondary forests (Hayes et al., 2002).  

 

The Conceptual Model 

 

The model framework used here is based on the simple process-based approach of 

tracking the flux of carbon in a conceptualized ecosystem (Figure 1). The model 

aggregates smaller components of the ecosystem to consider the transfer of carbon 

between three pools within the system: live vegetation (CL), logging slash and other dead 

vegetation material (CD), and soil organic matter (CS); and between these pools and the 

atmosphere (CA), as well as off-site transfers of biomass carbon in the form of forest 

products (CP) outside the system. These fluxes are time-dependent and based on carbon 

exchange between the atmosphere and the ecosystem pools according to disturbance and 
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succession processes in tropical forest ecosystems. The model considers the transfer of 

carbon within and outside the system at each successive stage in a typical LCLUC cycle 

for this study area that includes slash-and-burn clearing of mature tropical forest and a 

period of crop cultivation before abandonment of the site. Following abandonment, 

vegetation is allowed to regenerate and will return to mature forest stature if not cleared 

again before that stage. Often this regeneration stage is managed as fallow, and re-cleared 

within 5 to 7 years.  

In terms of carbon exchange, mature tropical forest is assumed here to be in 

balance with the atmosphere, which may or may not be accurate currently or under future 

climate conditions (Clark 2004). At the point of forest clearing, there is an immediate 

redistribution of the CL pool in the previous mature forest to the atmosphere with the 

burning of biomass, to the CD pool from residue and unburned material, and to CP in the 

form of timber products, with no carbon remaining in the CL pool. During the cultivation 

stage, carbon in the CD pool will transfer more slowly to CA through decay processes or 

be incorporated in CS through soil formation. The intra-annual growth and harvest of 

crops is considered to have no effect on the inter-annual cycling of carbon in the system, 

and the CL pool is assumed to be zero during this stage. The CL pool will begin to 

accumulate carbon when the cultivation period ends and the site is abandoned or left 

fallow. The system will become a net carbon sink during this secondary forest stage when 

the amount of carbon sequestered per year in the CL pool offsets the decay from the CD 

and CS pools. If the secondary forest remains undisturbed for a long enough period of 
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time, the pools within the system will approach the steady state conditions of the original 

mature forest stage it replaced, and will return to net carbon balance with the atmosphere. 

 

Mathematical Representation 

 

Based on ecosystem processes, carbon cycling can be quantified by modeling Net 

Ecosystem Carbon Balance (NECB): the balance of gross photosynthesis with both 

autotrophic and heterotrophic respiration processes, and explicitly accounting for C 

release and sequestration as a result of disturbance and land use change. In this model, 

NECB is defined as the flux of carbon between the ecosystem and the atmosphere and 

other off-site transfers, and is estimated as the balance between inputs sequestered by 

regenerating vegetation (CL) following land use change and outputs from the burning of 

biomass at the time of disturbance and the decomposition of the CP, CD and CS pools 

over time. The live C content of mature, undisturbed forest (CLmax) types was calculated 

from land cover specific estimates of above-ground biomass (AGB), 50% of which is 

carbon. In the absence of disturbance, mature forests in this ecosystem are assumed to be 

in C balance with the atmosphere, such that the net change in total C stores per year 

(NECB) is zero. Given a particular set of parameter values, model “spin-up” runs found 

the steady-state values, where NECB = 0, for the CL, CD, and CS pools. These values 

were used as initial conditions in the event of disturbance, defined as CLi, CDi, and CSi, 

respectively. At the time of disturbance, there is a redistribution of CLmax to other 

components according to the following sequence: 



 

 

   

  132 

 

1. CPi = rP * CLi, where CPi represents the initial forest products pool and rP is the 

proportion of initial live biomass C harvested prior to forest clearing. The 

proportion rP is assumed to be the composition of commercially viable species 

per land cover type.  

2. CAi = rA * (CLi – CPi), where CAi is the initial live C released to the atmosphere 

at the time of disturbance from slash-and-burn clearing and rA is the proportional 

burn efficiency of live C remaining after the initial removal of forest products. 

3. CD(0) = CLi – CPi – CAi, where CD(0) represents the input to the dead organic 

material pool from all material remaining on the site after products removal and 

burning. CD(0) is added to CDi to calculate the total CD pool following 

disturbance. 

Following disturbance, stores of C in the CL, CD, and CS pools were modeled 

according to theoretical trajectories of secondary forest succession (Figure 2a). The 

carbon store per hectare (MgC / ha) in the CL pool at each time period, t, was calculated 

with a logistic-type growth model that includes a lag function (Richards 1959), 

represented as: 

CLt = CLmax * (1 – e
-kL * t

)
l
                              (1) 

where kL is the rate of live increase and l is the growth lag, used here to represent the 

difference between the time since disturbance and the onset of vegetation regeneration 

following abandonment or fallow growth (i.e. the cultivation period). The time-dependent 

change in the CD pool was calculated as the balance between inputs from vegetation 

mortality and losses to decomposition and soil formation: 



 

 

   

  133 

 

dCD / dt = kM * CL – kD * CD – kSF * CD                                                                    (2) 

where kM is the natural mortality rate of the above-ground live vegetation, kD is the rate 

of decomposition of detrital material and kSF is the rate of incorporation of this material 

into the soil pool. Finally, the change in CS stores was calculated as: 

dCS / dt = kSF * CD – kSD * CS                                                                                      (3) 

where kSD is the rate of decomposition of soil C material.  

 

Model Parameters and Uncertainty 

 

The model derives landscape-scale estimates of C stores and flux based on land 

cover type and land use change events over the time period of study as detected by an 

historical satellite data record. The spatial distribution and temporal sequences of LCLUC 

events for the study area were mapped using image classification and change detection 

methodology with the satellite data. This information was combined, in the model 

framework described above, with field-based estimates of C stores and flux rates based 

on ground-level studies for this study and other neo-tropical areas. Data sources for both 

the field-based and satellite-derived parameters, along with the uncertainty and error in 

these estimates, are summarized in Table 1 and described below.  

 

Field-based parameters 

 Any assessment of a regional carbon budget requires some level of quantification 

of the biomass pools in each category of forest and land cover identified in the area of 
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study, as well as flux rate parameters that simulate the transfer of carbon between the 

different pools considered in the system. Pools are typically measured as a density of 

carbon mass per unit area for a particular category, commonly derived from field-based 

measurements of forest composition and structure (Brown and Lugo, 1992). 

Measurements of biomass at multiple points in time, or in chronosequences, and the use 

of exponential functions can often provide a good fit of the relationships of carbon 

sequestration and decay over succession in a regenerating forest (Brown and Lugo, 

1990). The equations used in this model used per time rate parameters generated 

according to criteria described below. 

In this study, three forest and land cover types are considered for the El Petén 

region of northern Guatemala: high-stature, mature forest (HF), low-stature and 

seasonally inundated “bajo” forest (LF), and the grassland and scattered tree savannas 

(SV). Carbon density estimates for each land cover type were gathered from ground-level 

data on above-ground biomass carbon collected in and around this study area, defined in 

the model as CLmax. Unpublished carbon inventory data (Castellanos unpub.) for study 

sites in the Maya Biosphere Reserve show an average above-ground live C density of 

114.2 MgC / ha for mature forest types, with a 95% confidence interval of +/- 70 MgC / 

ha in total C stores (199 MgC/ha for all live, dead and soil) from 14 measured plots.  

The range in these estimates contain the results of an extensive carbon inventory 

from Cairns et al. (2000) for tropical forest types for various neighboring states of 

southern Mexico, which share the same Petén-Veracruz tropical moist forest eco-region 

(World Wildlife Fund / World Bank “Terrestrial Ecoregion Map of Central America”). 
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These authors report an average live carbon density of 133 MgC / ha for high-stature 

forest types, with a standard error of 3.8 from 831 measured plots. Combining the 

estimates from the Castellanos and Cairns et al. studies, the model runs in this study used 

a mean value for HF CLmax of 123.6 MgC / ha with uncertainty represented as a normal 

distribution with a standard deviation of 90 MgC / ha. Cairns et al. also report carbon 

density values for two areas of “short selva” forests, combined into a mean estimate of 58 

and a standard deviation of 62 MgC / ha for the LF CLmax parameter estimate in this 

study. The SV CLmax parameter estimate was also taken from the Cairns et al. (2000) 

data, having a mean of 25 and standard deviation of 11 MgC / ha.  

 The reallocation of carbon at the time of disturbance was based on published data 

that could be related to forest product removal (rP) and burn efficiency (rA). For rP, the 

model used the assumption that all commercially valuable timber was removed from a 

site prior to burning. Tree community studies of Tikal National Park (Schulze and 

Whitacre 1999) show that commercial species, specifically from the Swietenia and 

Cedrela genera, make up 1% or less of the overall species abundance across forest types. 

Based on these data, we used a conservative estimate of 0.01 for the mean rP for all 

forest types. The mean rA value of 0.5 used here is based on a 50% burn efficiency for 

deforestation process in the Amazon region (Fearnside 1996). 

Calculating carbon flux of the various live and dead, and above- and below-

ground carbon pools requires some approximation of the rates of increase and 

decomposition of organic material in these pools. For less well-studied systems, such as 

the large and remote tropical forest in this study area, the necessary sequestration and 
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decay rate data to parameterize even the simple carbon dynamics model used here were 

not readily available. As such, mean values and uncertainty estimates for the rate 

parameters in this model were generated through a combination of 2 steps: 1) applying a 

range of growth and decay results of repeated measurements and chronosequence 

investigations in similar, but better studied tropical ecosystems, and 2) fitting the model 

output state variables to data on the relative C stocks between the live, dead and soil 

components of mature forests measured in this (Castellanos unpub. data) and other 

tropical study areas (Olson et al. 1983, Uhl and Kaufmann 1990, Houghton et al. 1991). 

According to unpublished data from the Castellanos study in Petén tropical moist forests, 

the CD and CS pools were calculated at 3% and 71% C stores relative to live above-

ground biomass C (CL), respectively. A study by Houghton et al. (1991) used an average 

relative proportion of C stores in the CS pool as approximately 57% of CL in neo-tropical 

moist forests. The book-keeping model assessing Brazil’s tropical forest C budget 

reported by Schroeder and Winjum (1995) used values for CS that ranged from 52% to 

76% of CL. 

Parameterization proceeded through a series of 300-year model “spin-up” runs 

using ranges of values for each rate parameter from step 1 that resulted in CD and CS 

output values that were within range of observed proportions, relative to CL, as reported 

in the step 2 data. Measured rates of accumulation in biomass density by tropical 

secondary forests over time range from 5 to 15 MgC / ha / yr, depending on site and 

disturbance history (Uhl et al., 1988; Brown and Lugo, 1990; Nelson et al., 2000). These 

regenerating forests have been found to attain 75% of their pre-disturbance live biomass 
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by 20 years of age (Brown and Lugo, 1992), and essentially 100% in 40 years (Houghton 

et al. 1991). Holding other parameters constant, the model spin-up runs met these criteria 

when using rate of live increase (kL) values that ranged from 0.05 to 0.15 year
-1
. With 

respect to the decompositon rate parameter (kD), studies in other areas of Central 

America (Hall and Detwiler 1985) and the Amazon (Fearnside 1996, Chambers et al. 

2001) suggest that above-ground dead organic material decomposes at a proportional rate 

of approximately 0.10 to 0.15.  

Rate parameter values and uncertainty for mortality (kM), soil formation (kSF) 

and soil organic matter decay (kSD) were not readily available from any previous studies 

in the types of tropical forests considered here. Instead, parameterization relied on model 

spin-up simulations, as described in step 2 with model runs using a range of values for 

each unknown parameter. The results of the simulations showed that the expected range 

in relative proportions of CL, CD, and CS in a mature forest were obtained by using kM 

values ranging from 0.02 to 0.05 year
-1
 coupled with kSF rate values from 0.05 to 1.00 

and kSD from 0.02 to 0.05. The model parameterization runs revealed that all parameters 

resulted in the expected output state variable proportions when tested across a range that 

was +/- 25% of the mean value. For both consistency and a conservative estimate of 

uncertainty, all proportional (i.e. rP and rA) and rate (kL, kM, kD, kSF, and kSD) 

parameters used in the model runs were given an uncertainty distribution with a mean and 

a standard deviation that gave a 95% confidence interval (based on 100 simulations) that 

was +/- 25% of the mean value of that range.  
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Satellite-derived parameters 

Classification of the vegetation and the detection of changes in land cover over 

time were realized through processing of an historical satellite data record. This approach 

combines with the development of a geographic information system to map each sample 

unit (minimum 1 ha polygon) in the study area according to its forest cover type and its 

land cover conversion history (Hayes et al. 2002). The satellite data set was classified to 

derive the initial land cover type, which parameterizes CLmax. Multi-temporal change 

detection techniques were used to derive two key conversion history variables: time since 

disturbance and secondary forest age, which were used to parameterize the time since 

disturbance and lag parameters in the model. The satellite data analyses included high 

spatial resolution, “base-line” parameterization based on Landsat imagery compared with 

more coarse resolution monitoring of LCLUC with MODIS data sets. 

The “base-line”, high spatial resolution (30m) data record in this case consists of 

eleven dates of Landsat imagery for the WRS Path 20 / Row 48 scene, spanning years 

1974 to 2003, which provided the ability to map time since disturbance and secondary 

forest age to a precision of 1 to 7 years. First, initial land cover type was classified into 

several forest and land cover categories, guided by the World Bank’s “Terrestrial 

Ecoregion Map of Central America” classification system and realized through a 

combination of supervised training and unsupervised clustering routines (see Sader et al. 

2001b). For parameterization of the model, in particular the assignment of field-based 

CLmax values for each land cover type, forest and land cover classes were aggregated 

into three categories: 1) mature, high stature forest (HF); 2) low-stature, seasonally 
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inundated “bajo” forests (LF); and 3) open forest, grassland and savanna areas (SV). The 

land cover conversion history data set was created by mapping forest clearing and 

regeneration between each date of Landsat imagery, and tracking these changes for each 

unique map unit (1ha minimum) in a GIS (Hayes et al. 2002). The change detection 

routine was based on unsupervised clustering of mutli-temporal normalized difference 

vegetation index (NDVI) composite imagery, as described in Hayes and Sader (2001). 

Tracking the changes over time for each site allowed for parameterization of the model 

for time and lag (equation 1). Models were run for each time, t, until the satellite-detected 

time since disturbance (TSD). The lag, l, between the time of disturbance and the onset of 

forest regeneration was calculated by subtracting secondary forest age (SFA) from TSD. 

The coarse spatial resolution analysis of carbon dynamics over the study site was 

based on the degradation of the base-line, higher resolution LCLUC classification for the 

year 2000 to match the grid resolution of MODIS data and products at quarter-, half-, and 

one-kilometer cell sizes. The updating of these more coarse resolution LCLUC maps was 

based on predicted proportional change in forest cover (∆FC%) over a time period (2000 

to 2003) for which MODIS data could be acquired concurrently with Landsat data for this 

study site. The ∆FC% predictions were derived from regression models developed by 

Hayes et al (in review) using spectral data and products from three MODIS data sets. The 

data sets used here included the Calibrated Radiances data sets at 250m (MOD02 QKM) 

and 500m (MOD02 HKM) as well as the Nadir-adjusted Bi-directional Reflectance 

Distribution Function Surface Reflectance product at 1km resolution (MOD43 1KM). 

The MOD02 QKM ∆FC% model was based on the ∆NDVI variable, the MOD02 HKM 
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on the ∆NDMI, and the MOD43 1KM on the multivariate change in the MODIS Tasseled 

Cap Indices (Lobser and Cohen 2006) of brightness, greenness and wetness. The model 

structure and reduced major axis regression coefficients are given in Hayes and Cohen 

(2006) for the MOD02 models and in Hayes et al. (in review) for the MOD43.  

 Four sources of error and uncertainty in the output carbon state variables resulting 

from the use of satellite-derived parameters to run the model were considered here: 1) 

classification error for both the initial land cover type and the change detection based on 

high resolution Landsat data; 2) the uncertainty in TSD and SFA (and therefore 

l)associated with varying temporal gaps in the historical Landsat record; 3) error in the 

area estimates of each LCLUC category when degrading pixel size from fine (30m) to 

coarse (250m, 500m and 1km); and 4) error in the ∆FC% predictions for each model, 

MODIS data set and spatial resolution. Sources listed above as numbers 1 and 2 are based 

on the high resolution, model-derived base-line estimates of C stocks and flux while 

sources 3 and 4 deal with the scaling of model results to more coarse resolution data sets.  

Source 2 directly contributed to uncertainty in model parameterization because an 

exact TSD and SFA can not be assigned to a particular site when gaps exist in the 

satellite data record. As such, these parameters were treated as a range of values, defined 

by the length of time between each successive Landsat data acquisitions. In the Monte-

Carlo simulations, each model run used a set of random variates for TSD and SFA with a 

median time / age and a uniform distribution with equal probability across the range 

defined by the acquisition gap.  
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Sources 1, 3 and 4 were treated as errors in the classification resulting in a 

redistribution of the total areas represented by each LCLUC category, as compared with 

“true” area estimates for each category derived from analysis of a classification error 

matrix (Congalton 1991). For a straightforward estimate of overall LCLUC classification 

error, a forest and land cover type error matrix based on expert interpreted validation 

points (Sader et al. 2001b) was combined with change detection error estimates from and 

error matrices for the same methodology published by Hayes and Sader (2001). This 

combined error matrix was used to adjust the areas represented by each LCLUC category 

according to the proportional user’s accuracy of that category (Congalton 1991), which 

served as the observed, “true” area estimates against which all other classification and 

change detection results from the Landsat and MODIS scale analyses were compared. 

Detailed discussions of estimating the magnitude and direction of classification errors 

from standard matrix analyses can be found in other studies (e.g. Prisley and Smith 1987, 

Congalton 1991, Riley et al. 1997). Additionally, the mean error in ∆FC% predictions 

from the MODIS-based models (source 4) can be measured based on cross-validation 

with sample points based on higher resolution reference data (Hayes and Cohen 2006). 

Here, we report this source of error as a range in estimates of C stocks and flux for both 

minimum and maximum ∆FC% estimates corresponding to 95% confidence intervals 

calculated from the published error estimates of these models (Hayes and Cohen 2006, 

Hayes et al. in review).  
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Model Implementation and Analysis 

 

Plot level dynamics and uncertainty 

 A series of model runs using a Monte-Carlo type approach using the various 

parameter distributions defined above were performed to assess the contribution of 

parameter uncertainty and data set error to both the plot-level and landscape-scale C 

budget results. The results presented here can be grouped into three general types of 

Monte-Carlo runs, based on which parameter uncertainty distributions were toggled on or 

off: 1) all field-based parameter uncertainty distributions (above-ground biomass and 

proportion and rate estimates) were toggled on and the satellite-derived parameters off; 2) 

field-based parameter uncertainty was toggled off  while the satellite-derived parameter 

uncertainty (time since disturbance and secondary forest age) distributions were on; and 

3) the Monte-Carlo simulations drew from the uncertainty distributions of all parameters 

in the model. For each Monte-Carlo run, a random variate was generated from the 

corresponding uncertainty distribution (table 1) for each parameter with uncertainty 

toggled on, while parameters that had uncertainty toggled off used either the mean (for 

field-based parameters) or median (for time since disturbance and secondary forest age) 

value of its distribution. 

Essentially, each model run was composed of n number of simulations for each 

unique LCLUC class (defined by the initial cover type and the subsequent disturbance 

history) with a separate set of parameters drawn from each uncertainty distribution, 

where n is equal to 100 times the number of parameters toggled on. Referring to table 1, 



 

 

   

  143 

 

group 1 model runs (field-based uncertainty) used n = 800 simulations (7 proportion and 

rate parameters plus above-ground biomass), group 2 runs (satellite-derived uncertainty) 

used n = 200 simulations, and group 3 runs (combined parameter uncertainty) used 1,000 

simulations for each unique LCLUC class. For each simulation, the model equations 

given above were solved numerically by the first-order Taylor series finite difference 

equation (Euler solution) with a time step equal to 0.5 year to account for the occasions 

when the median time since disturbance and/or secondary forest age contains a “half-

year” value (e.g. a 3-year gap between satellite image acquisitions will result in a uniform 

age distribution that ranges from 3 to 6 years, with a median age of 1.5 years). Each 

Monte-Carlo simulation per LCLUC category is preceded by a model “spin-up” run of 

300 years to generate the initial C stores for CL, CD and CS prior to disturbance. The 300 

year model run was found sufficient in all cases to generate steady-state values for each 

compartment and a net C exchange with the atmosphere (NECB) of 0.  

 

Landscape-scale C budget analysis 

 The plot-level model results that included C stores and flux estimates and 95% 

confidence intervals for each unique LCLUC category was scaled across the whole of the 

study area using a simple “measure and multiply” approach based on satellite-derived 

area estimates for each category. Several different analyses were performed using the 

satellite data record that covered each year of image acquisitions and compared area 

estimates generated from both Landsat and MODIS data sets:  
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1) The LCLUC category-specific per-hectare estimates and uncertainty of year 2003 

total C stores and flux generated by the model runs were extrapolated to the 

landscape-scale. The area represented by each unique LCLUC category over the 

landscape was based on the ecosystem type classification and historical disturbance 

mapping using the Landsat data record.  

2) The time-series Landsat-derived LCLUC data base was used to estimate C budgets 

for each year in the image acquisition record. Model output included estimates of the 

net amount of C released from forest clearing and burning and subsequent decay 

processes, and the net C sequestered by regenerating secondary forests mapped by 

age across the study area. 

3) Base-year 2000 landscape-scale estimates of C stores and flux from the Landsat data 

classification area estimates were compared with revised-area “reference” estimates. 

The reference estimates corrected the original classification area estimates using the 

probabilities of commission error among the LCLUC categories, as calculated from 

the classification error matrix.  

4) The base-year 2000 estimates of C stores and flux from the Landsat classification 

were degraded to coarse resolution matching the swath and grid cells of the different 

MODIS data sets. Estimates were based on revised LCLUC category areas generated 

by assigning the majority Landsat (30m) LCLUC class to each corresponding 

MODIS cell (at 250m, 500m and 1km resolution).  
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5) The estimates of change in total C stores between years 2000 and 2003 over the study 

area were compared for LCLUC area estimates from the original Landsat 

classification against the “reference” revised areas.  

6) The estimates of change in total C stores between years 2000 and 2003 over the study 

area were compared across the three different MODIS data sets: MOD02 QKM, 

MOD02 HKM and MOD43 1KM. Change in stores for each data set were based on 

the majority class for the corresponding resolution at year 2000, and estimates of 

proportional change in forest cover between 2000 and 2003 based on regression 

models developed on the spectral data of each data set. Change was estimated on a 

cell-by-cell basis, and LCLUC areas were reassigned in 2003 based on the majority 

cover in 2000 and the proportion of change between 2000 and 2003. 

 

Results and Discussion 

 

Plot-level Dynamics 

 

 All unique ecosystem type and disturbance history classes (LCLUC categories) 

were modeled through each of the three groups of Monte-Carlo simulations and their 

trajectories of C stores and flux over time were examined on a plot-level, per-hectare 

basis. The model provided output for the means and 95% confidence intervals, based on 

the results of n number of Monte-Carlo simulations for each category, for C stores in the 

CL, CD and CS (and total C stores) compartments at each point in time over that 
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category’s disturbance history. LCLUC categories were examined in terms of the unique 

trajectories of C stores and flux to reveal the expected patterns in C exchange between 

system components over disturbance and succession processes related to land cover and 

land use change. Examination of these patterns also provided insight into the effects of 

the field-based and satellite-derived parameter uncertainty distributions on the 

quantification of these exchanges at the time of disturbance and at different points in time 

over succession. The cumulative effect of the field-based, satellite-derived and full 

combined parameter uncertainty was investigated with summary statistics on year 2003 

modeled per-hectare estimates of C stores and flux for the range of LCLUC categories. 

The trajectories in per-hectare C stores for CL, CD and CS, as well as the flux in 

total C stores, over a 29-year period for a unique LCLUC class were examined as an 

illustration of the effect of parameter uncertainty on time-dependent values and patterns 

of C exchange. The example used a mature, high forest plot that, according to the Landsat 

data record, was detected as cleared for agriculture between 1974 and 1979, and after 

cultivation was abandoned between 1986 and 1990. The trajectories shown in Figure 4 

illustrate the effect of field-based above-ground biomass and proportion and rate 

parameter uncertainty on estimates of C stores and flux when the exact time of 

disturbance and secondary forest age is assumed to be known. The mean values for C 

stores and flux in each compartment follow the theoretical temporal pattern of C 

exchange over time. However, the sizeable error bars (representing the 95% confidence 

intervals for each mean value at each point in time) around the C density and change 

estimates in this example reveal the large range of possible values for each compartment 
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at any point in time. In contrast, Figure 5 shows the resulting uncertainty in C stores at 

any given point in time is much smaller when the model is run under the assumption that 

initial C densities and the proportion and rate parameters are known, and the range in 

output values is solely based on temporal uncertainty stemming from the variable-year 

gaps in the Landsat data record. The difference in this group of simulations is that the 

expected pattern of the trajectories in C stores is not preserved in the model results, which 

causes large uncertainty in estimates of C flux during certain time periods. The causes 

and consequences of field-based and satellite-derived parameter uncertainty, along with 

the cumulative effects over different LCLUC categories and age classes, are discussed 

below. 

 

Field-Based Parameter Uncertainty 

The initial above-ground live biomass C (CL) content has a large uncertainty that 

reflects that of field-based measurements of mature, high-forest types (Figure 4). 

According to the model run based on the Monte-Carlo simulations drawing from the 

field-based parameter uncertainty distributions, this uncertainty decreases (to zero) after 

disturbance and begins to increase each year there-after. This pattern (Figure 5, top) is a 

function of the cumulative uncertainty in the maximum potential live biomass content 

(CLmax) and the rate of live increase (kL) parameters. This suggests that, even at the 

plot-level, the large uncertainty (and lack of data) in estimates of the C content of highly 

diverse mature forest and vegetation types in tropical ecosystems can contribute 
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significantly to uncertainty in estimates of both the amount of C released from 

disturbance as well as the amount sequestered by regenerating vegetation.  

There is also a large initial uncertainty in the amount of C stored below-ground 

(CS) in this example, and that level of uncertainty remains relatively consistent over the 

disturbance, cultivation and vegetation regeneration periods. In this study, the rates of 

soil formation and decay were parameterized within the model spin-ups to simulate the 

expected range of C density values in CS that match the proportions relative to CL that 

were measured in mature, high forest plots in field-based studies in and around this study 

area. The pattern of uncertainty in CS over time, then, is solely a function of these rates 

(kSF and kSD) and, unlike the uncertainty in CL, remains constant over disturbance and 

succession. The resulting large uncertainty in CS confirms the high degree of sensitivity 

of the model to these two parameters, particularly with respect to soil C estimates at all 

points in time. Though the real effects of this parameter uncertainty and model sensitivity 

on other variables, such as estimates of C exchange with the atmosphere for example, is 

unclear because the fate of soil C following disturbance is not well known (Houghton 

1991).  

Stores of C in the dead and detritus organic matter compartment (CD) make up a 

relatively small proportion of the total site C stores over most of succession, as compared 

to that of CL and CS. The period in which CD is a significant portion of the total C 

budget for a given site is that point in time immediately following disturbance, when 

there is a large input of dead material as slash residue following the cutting and 

incomplete burning of the forest cover. This period is also when the amount in the CD 
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compartment is most uncertain, which is primarily a function of the uncertainty in the 

initial C content of the live vegetation that was cleared in the disturbance. While this 

compartment is critically important for internal system C cycling, CD material either 

decomposes (released to the atmosphere through heterotrophic respiration processes) or is 

incorporated into soil relatively rapidly in the tropics, so that the uncertainty in and the 

relative importance of estimates to the total site C stores later in succession is nominal.  

The C balance between mature tropical forests and the atmosphere is not 

completely known, although for this model we consider them to be in balance (NECB) 

over the long term (in the model spin-up).  As is illustrated in this LCLUC category 

example (Figure 4, bottom), the majority of uncertainty in NECB was found at the time 

of disturbance, which is a direct result of the uncertainty in initial live above-ground 

biomass carbon content (CL) on site at the time of clearing. The uncertainty in NECB 

then proceeded to decrease from 1980 to 1985 as the initial slash material begins to decay 

and the timing of the onset of regeneration approaches, which can be observed in the 

trajectories of C stores in CL and CD (Figure 4, top) for the corresponding years. In this 

example, the site turned from a C source (NECB<0) to a sink (NECB>0) at some point 

between 1986 and 1991, according to the 95% confidence intervals around the mean 

NECB. The uncertainty in NECB began to increase again from 1987 to about 1996, a 

result of the uncertainty in the increasing stores of CL in the regenerating secondary 

forest. Uncertainty in flux estimates began to decline after the peak sink was reached and 

NECB began to decline, eventually to approach C balance (NECB=0) as an older forest. 
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Satellite-Derived Parameter Uncertainty 

 At the plot-level, satellite-derived parameters on disturbance history contribute 

uncertainty with respect to the timing of disturbance and the onset of secondary forest 

regeneration. The greater the number of years between successive image acquisitions in a 

time-series, the greater the uncertainty will be when estimating the time since disturbance 

and the secondary forest age, both key parameters in modeling the trajectories of C stores 

over succession. In the example LCLUC category shown in figure 5 (top), the mature, 

high forest cover has an equal chance of having been cleared sometime between 1974 and 

1979 and left to regenerate between 1986 and 1990. The 5 year gap in acquisitions during 

the time that forest clearing was detected resulted in the larger uncertainty in CL stores 

during the those years, as well as a degradation of the theoretical trajectory of immediate 

loss of C in that compartment the year following disturbance (since that year is not 

exactly known). This pattern also translated to some uncertainty in the values and 

temporal patterns of CD and CS for the disturbance period. The uncertainty signal was 

greatly amplified in the estimates of ecosystem C flux (figure 5, bottom) during the 5 

year period when the disturbance was detected between image acquisitions. Again, the 

temporal uncertainty in the timing of the disturbance resulted in a degradation of the 

pattern of NECB following disturbance and created significant uncertainty in the 

estimates of the C release to the atmosphere at a given year during this period.  

The C estimates in the regenerating vegetation are not as sensitive to the 4-year 

gap obscuring the timing of the onset of forest regeneration, with low uncertainty in all 

compartments later in succession. This is due to the function used to calculate CL stores 
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at a given time (Eq. 1), particularly because of the normalizing effect of the lag parameter 

on early regeneration. The small uncertainty in CL from 1995 to 2003 in this example is a 

function of not knowing the exact age of the secondary forest, and it remains constant in 

the later years because of the high temporal frequency (annually) of Landsat image 

acquisitions during years 2000 to 2003 in the data set used here. Similarly, the pattern in 

C flux quickly recovered following the time period of disturbance, and uncertainty in 

NECB remained low through the onset of secondary forest regeneration. Without 

considering classification error at the plot level, the closer the image acquisitions are in 

time, the less the contribution of the satellite-derived age parameters to uncertainty in C 

stores and flux over time, especially around the time of disturbance. 

 

Cumulative Uncertainty across LCLUC Categories 

 The cumulative effects of parameter uncertainty across LCLUC categories, along 

with the relative contributions from field-based and satellite-derived measures, were 

examined by summarizing the mean and 95% confidence intervals for non-forest, forest 

regeneration and unchanged plots in high forest ecosystem types (Table 2). In addition to 

uncertainty from the parameter distributions, non-forest categories show added 

uncertainty from aggregated time since disturbance classes (>5, 5 to 15, and > 15 year 

classes). The same follows for the secondary forest categories, with additional 

uncertainty from varying time since disturbance prior to the onset of regeneration. 

Uncertainty on C stores and flux in the no change high forest category, on the other hand, 
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is solely from parameter uncertainty in the Monte-Carlo simulations of the 300 year 

model spin-up runs.  

The greatest amount of cumulative uncertainty in estimates C stores by LCLUC 

among the different ecosystem compartment modeled here is in the soil carbon (CS). The 

majority of the uncertainty in CS estimates is contributed by the uncertainty in field-

based parameters, particularly the model sensitivity to rate parameters kSF and kSD. The 

wide range of results within the 95% confidence intervals on the mean estimates of CS 

stores does reflect the variability in measures if soil C as a proportion of live, above-

ground biomass C measured in the field and/or used in other tropical ecosystem studies 

(Houghton 1991, Schroeder and Winjum 1995, Castellanos unpub. data). Model 

estimates of CS stores are not as sensitive to uncertainty from aggregated age classes or 

satellite-derived parameters on time since disturbance. Within a particular LCLUC 

category, mean estimates of CS are relatively similar whether drawn from Monte-Carlo 

simulations on field-based, satellite-derived, or the combined set of parameter uncertainty 

distributions.  

Considering the size of the confidence intervals in relation to the mean estimates, 

there is large uncertainty in CL stores, particularly in the non-forest and secondary forest 

age classes. In the youngest non-forest and secondary forest classes (<5 years), most of 

the uncertainty stems from the lack of precision in estimating the time since disturbance 

due to temporal gaps in the satellite data record. This issue appears to significantly affect 

means estimates of CL stores in some categories, with an apparent overestimation in <5 

year old non-forest types and a general underestimation in secondary forests. The 
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variability in CL estimates within the 95% confidence intervals for non-forest and 

secondary forests 5 to 15 years and greater is contributed primarily by uncertainty in 

field-based parameters on above ground biomass and the rate of live increase.  

The combined uncertainty in C flux (NECB) is high relative to that estimated in 

the <5 year old non-forest and secondary forest types, with smaller 95% confidence 

intervals in older age classes.  These younger age classes are the most dynamic in terms 

of C flux, since recently cleared forests will have varying mixtures of C sources (CD) and 

sinks (CL) depending on the timing of the disturbance and the possible onset of 

secondary forest regeneration. As secondary forests get older, the stores in each 

compartment begin to approach less dynamic, more steady-state type conditions and 

NECB is less variable. With CD and CS stores relatively insensitive to age and having 

lower uncertainty in their estimates, much of the uncertainty in NECB comes from that in 

estimating CL stores. The lack of temporal precision when estimating time since 

disturbance and secondary forest age with larger gaps in the satellite record contributes 

directly to this uncertainty. Uncertainty in field-based measurements in above-ground 

biomass also significant affects the estimates of C released to the atmosphere at the time 

of disturbance as well as the amount of C transferred from the CL to the CD, which is 

released more gradually over succession.  

 

Plot-Level C Budget Estimates 

 In lieu of the discussion on uncertainty in C budget estimates over succession, the 

mean estimates of C stores and flux calculated from the model results do follow with 
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many of the theoretical and observed behaviors of tropical forest ecosystems of different 

type and age class (Table 2). The model was constructed and parameterized accordingly 

to result in 300-year spin-up mean estimates of CL for unchanged land cover types that 

matched values for above-ground biomass measured in the field. Model construction and 

parameterization also followed the criteria that CD and CS stores would match relative 

proportions of CL that have been observed in the field. The final criteria was that the 

model spin-up runs and the parameters used here would, over long enough time 

simulations, result in steady-state values for the ecosystem compartments and a balanced 

net C exchange with the atmosphere (NECB=0).  

 The model results also simulated theoretical and observed values for C stores and 

flux at different land cover types and age classes. In terms of live, above-ground biomass 

carbon (CL), the average stores in secondary forests greater than 15 years of age were 

estimated to have attained approximately 73% of the maximum live biomass content 

(CLmax). This result follows with field results that have shown tropical secondary forests 

to sequester 70 to 75% of their original, pre-disturbance live biomass content within 20 

years (Brown and Lugo 1992). The large uncertainty in CL estimates for secondary 

forests covers the variability observed in some field studies (Uhl et al 1988). Estimates of 

CL in non-forest types also matched data used in other C budget analyses that have 

shown 8 to 12 MgC/ha in agricultural areas (Olson et al. 1983, Houghton et al. 1991). 

This model resulted in an average estimate of nearly 9 MgC/ha for non-forests older than 

15 years in terms of the time since disturbance. Although no CLmax value was 

specifically assigned to pasture or cultivated land cover types, the use of a lag parameter 
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in the logistic growth function of CL stores over time is directly responsible for some 

amount of modeled C to be sequestered into non-forest types even if secondary forest 

regeneration was not detected.  

 The modeled transfer of C to and within the dead organic matter compartments 

(CD and CS) also mimicked theoretical behavior and results measured in the field. High 

average estimates of CD stores in the <5 year old age classes are the result of the 

immediate influx of C in the form of slash to this compartment following disturbance. 

The CD stores in young (<5 year old) secondary forests is lower, and more variable, than 

newly established non-forest because of the possibility of varying amounts of time since 

disturbance for secondary forests of similar age. The rapid drop-off of C stores in this 

compartment in older age classes reflects the relatively rapid rate at which this material 

decomposes, or is incorporated into the soil, in tropical ecosystems (Fearnside et al. 1993, 

Chambers et al. 2001). The modeled stores of soil carbon (CS) were highest in the middle 

age class (5 to 15 year old) non-forest and secondary forest types. This result is a function 

of the significant amount of incompletely combusted slash material (CD) that gets 

incorporated into the soil by 5 years after the time of disturbance. Dead organic material 

transferred from above- to below-ground will then decompose more slowly, and so CS 

becomes less dynamic over time than CL or CD.  

 The model estimates of C flux (NECB) gave an indication of which land cover 

types act as sources of C to the atmosphere and which as which act as sinks. On average 

and accounting for the cumulative uncertainty from both field-based and satellite-derive 

parameter uncertainty, non-forest land cover less than 15 years since the time of 
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disturbance are sources of C to the atmosphere (NECB<0) while older non-forests (>15 

years) and secondary forests more than 5 years old are C sinks (NECB>0). The rapid 

decomposition of slash material following tropical forest clearing drives the net release of 

C to the atmosphere in the first years of the non-forest period (cultivation or pasture use). 

When this initial CD material mostly decomposes and the onset of vegetation 

regeneration begins, older non-forests and secondary forests begin to sequester C from 

the atmosphere at rates outpacing the decomposition and release of CD and CS material. 

The low estimates and large confidence interval around the mean NECB of young 

secondary forests (<5 years old) suggests that these types can be either a source or sink of 

C to the atmosphere, depending primarily on the variability and parameter uncertainty in 

time since disturbance, maximum potential live biomass carbon and the rate of live 

increase.  

 

Landscape-scale Carbon Budget Analysis 

 

 Landscape-level analysis of C balance over the study area was carried out through 

the extrapolation of modeled, per-hectare estimates of C stores and flux for each unique 

LCLUC category across the total area represented by each category. Area estimates were 

based on the spatially-explicit land cover type classifications and change detection 

techniques for mapping forest clearing and regeneration at each time period represented 

in the historical Landsat data set. The analysis examined how the per-hectare mean 

estimates and 95% confidence intervals for each category translated to total study area 
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estimates and the propagation of uncertainty of C stores and flux at the landscape scale 

for year 2003. The annual dynamics and cumulative effects of C sources from 

deforestation and sinks from secondary forest regeneration were illustrated by time-series 

plots of total C release and sequestration for each time period in the Landsat data record.  

 

Total Study Area C Stores and Flux Estimates 

 The total C stored in this 2.6 million hectare study area in year 2003 was 

estimated at 391 +/- 89 TgC with a net flux (NECB) of -0.3 +/- 0.7 TgC / year (Table 3). 

Because of its larger C storage potential and its proportionally large area represented in 

this study area relative to the other types, the mean and uncertainty estimates for total 

study area C stores and flux are primarily controlled by the signal from high-forest types. 

Approximately 70% of the total estimated C is stored in the undisturbed mature, high-

forest cover types (HF, NC) that dominate the region. This cover type also contributed 

more than 70% of the uncertainty in the study area estimate. With the model framework 

used here, total C uncertainty in undisturbed types is entirely from variability in field-

based estimates of live above-ground biomass C in mature forests.  

The majority of the uncertainty in the 2003 estimate of NECB for the study area, 

on the other hand, is a result of variability in estimates of C flux for recently cleared (< 5 

years time since disturbance) non-forests  and young (<15 year old) secondary forests. 

Although the mean estimates for NECB suggest that the study area as a whole was a 

small source of C to the atmosphere in 2003, the uncertainty around the mean represents 

a 95% confidence interval on this modeled estimate that ranges from a source of 1.0 TgC 
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/ year to a sink of 0.4 TgC/ year. This variability in results is reflected in a comparison of 

the NECB estimates between the Monte-Carlo simulations that drew from the uncertainty 

distributions of the field-based parameters against that from the satellite-derived 

uncertainty. The two sets of parameters contributed about equally to the cumulative 

uncertainty in study area NECB, but each set gave very different results.  

With the mean values of the field-based parameters held constant, the Monte-

Carlo simulations drawing from the satellite-derived parameter uncertainty gave model 

results that, when extrapolated over the study area, indicate the study area had an NECB 

of -0.64 +/- 0.5 TgC / year in 2003. When the exact time since disturbance and secondary 

forest age of all LCLUC types were assumed to be known, model simulations accounting 

for field-based parameter uncertainty resulted in an estimate of +0.04 +/- 0.5 TgC / year. 

The two estimates are significantly different in that their 95% confidence intervals do not 

overlap. The discrepancy in estimates can be found in the estimates of NECB for <5 year 

old non-forests, which are estimated to be a stronger source in the satellite-derived 

parameter uncertainty runs than in the field-based runs, and in young secondary forests 

estimated to be a stronger sink by the field-based parameter uncertainty runs.  

 

Annual Variability and Cumulative Effects of C Release and Sequestration 

 The plot-level model was run for all unique LCLUC types that existed in each 

year of the historical Landsat data record, and the results extrapolated by the area 

estimates of the ecosystem and LCLUC category classification at each date. The model 

runs in this exercise were based on Monte-Carlo simulations drawing from the 
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uncertainty distributions of all model parameters, both field-based and satellite-derived. 

To analyze the interannual and cumulative patterns in the landscape-level C budget over 

this 29 year period, the model runs were used to calculate both the total amount of C 

released from forest conversion along with the amount of C sequestered from forest 

regeneration during each time period, divided by the number of years in that time period 

to estimate the annual fluxes (TgC / year) in and out of the terrestrial ecosystem. 

Estimates of C release during each time period include the initial release due to forest 

burning as well as the delayed release due to decay processes in dead organic matter of 

the CD and CS pools. Sequestration was calculated from the total increase in live, above-

ground biomass carbon (CL) of regenerating secondary forests during each time period. 

 This analysis differs from the above extrapolation of C stores and fluxes at one 

point in time for aggregated LCLUC categories in that it more explicitly accounts for the 

balance between the total amount of C released from deforestation process and the 

subsequent sequestration of C from the atmosphere into regenerating secondary forests. 

Figure 6 displays the temporal trend in the annual exchange of C between the ecosystem 

and the atmosphere as a result of land cover and land use change within the study area, 

from 1974 to 2003. The time-series plot (figure 6, top) illustrates that net balance 

between C release from forest clearing and sequestration from regeneration can vary from 

year to year. For example, the study area as a whole was estimated to have acted as a C 

source as high as 3.0 +/- 2.0 TgC / year in 2000, and as a sink of 0.7 +/- 0.9 TgC / year in 

2002.  
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Despite the annual fluctuation in C balance, the overall effect of land cover and 

land use change in this ecosystem has been the net release of nearly 40 TgC over the past 

three decades (figure 6, bottom). In time periods where C sequestration from forest 

regeneration approaches a balance with that released by forest clearing, such as 1990 to 

1995 and 2000 to 2002, the cumulative net release of C from land use change was slowed 

from an otherwise accelerating trend since 1974. Even with the propagation of 

uncertainty in the cumulative net effect over time, the study area clearly has a legacy as a 

net source of C to the atmosphere as a result of land cover conversion process over the 

29-year period of this study. Unless a dramatic shift in the clearing versus regeneration 

ratios over this landscape were to occur, and be sustained for several years, it is apparent 

that study area will continue to act as an overall source of C to the atmosphere from the 

land use sector for the coming decades. 

 

Satellite Data Classification Error and Spatial Resolution Effects 

 

The previous analyses were based on per-hectare results of model runs for each 

LCLUC category that were extrapolated across the study area according to spatially-

explicit Landsat-based classifications of land cover and land cover change. The per-

hectare model runs accounted for the uncertainty in field-based measures of biomass C 

density and rates and proportions of C exchange as well as in satellite-derived parameters 

on time since disturbance and secondary forest age for each unique LCLUC category. 

However, when extrapolating these results at the landscape-scale, there will be additional 
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sources of error including classification error in mapping ecosystem type, change 

detection error in mapping disturbance and error when scaling these data to more coarse 

resolution data sets. Here, we considered the following specific sources of error and their 

effects on landscape-level C budget estimates: 1) the probability of misclassification of 

each land cover and LCLUC category in year 2000 from the 30m Landsat data record, 2) 

the loss of information when scaling year 2000 Landsat-level 30m resolution LCLUC 

categories to more coarse resolution data at 250m, 500m and 1km cells that match 

MODIS data and products, and 3) the mean error in C budget variables based on 

proportional change in forest cover estimates between years 2000 and 2003 using 

regression modeling on MODIS spectral data and vegetation indices.  

 

Land Cover and Land Use Change Classification Error 

The error in landscape-level estimates of C stores and flux resulting from 

Landsat-derived classification error was investigated by revising area estimates for all 

LCLUC categories based on an error matrix that compared the original classification 

results with a sample of reference points of known land cover and disturbance category 

(Table 4). The revised area estimates used as “reference” in this analysis were based on 

the probabilities associated with the proportion of each classified category actually 

belonging to each reference category. The error matrix was constructed by combining 

multiple time periods of land cover and change classifications, but treated as a time-

independent estimate of general classification error that can be applied across the time 

periods of this study. As such, non-forest (NF) and secondary forests (SF) were combined 
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across all age classes and essentially represent the misclassification probabilities between 

clearing and regeneration, respectively. For example, 86% of the area classified as 

cleared (i.e. NF) at a given time period were correctly classified. However, according to 

the combined reference sample data set, the remaining 14% of the area actually belonged 

to a different category. Adjusted areas for the disturbance categories were applied equally 

across all unique time since disturbance and secondary forest age LCLUC categories. 

Therefore, 14% of the area classified as NF was removed in equal proportions across all 

NF time since disturbance classes. Then, 1% of the area classified as NF types was 

reassigned to HF, 5% to LF, 4% to SV and 4% was distributed equally across all SF age 

classes. This process was repeated for each classified category, each time the 

classification error (rows) was calculated according to the proportion of sample points at 

which that category was wrongly omitted from each reference category (columns). 

Per-hectare model results (run for the year 2000) based on Monte-Carlo 

simulations drawing from the combined uncertainty distributions of all parameters were 

applied to the revised 30m area estimates. These revised C budget estimates were then 

compared on the basis of year 2000 total C stores and flux with those based on the area 

estimates from the original Landsat LCLUC classification (Table 5). The net effect of 

classification error on C budget estimates is an overestimation of both total C stores and 

NECB as compared to that calculated from the reference LCLUC category areas. The 

error in the estimate of total C stores from the Landsat classification areas is primarily a 

function of misclassification error in the unchanged forest types that dominate the study 

area. The large area representing these cover types, combined with the fact that 
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undisturbed areas have larger C stores than disturbed types, creates most of the 

overestimation in the full study area C stores. Conversely, the omission of land cover 

changes where areas were misclassified as no change underestimates the area represented 

by NF and SF areas. The overall effect of this error was to overestimate NECB, which in 

effect resulted in an underestimate of the true strength of the C source to the atmosphere 

in the year 2000 for the study area as a whole. 

 

Spatial Resolution Effects 

 The error encountered when scaling fine resolution estimates of C stores and flux 

to more coarse resolution data sets was explored by assigning LCLUC categories to cell 

sizes of 250m, 500m, and 1km according to the majority category (from the original 30m 

Landsat classifications) represented in each cell. Area estimates for each class were 

recalculated at each resolution based on the revised spatial extent of each category over 

the full study area. Per-hectare model results (run for the year 2000) based on Monte-

Carlo simulations drawing from the combined uncertainty distributions of all parameters 

were applied to these revised area estimates at each resolution. The resulting C budget 

estimates were then compared on the basis of year 2000 total C stores and flux at 250m, 

500m and 1km spatial resolution. 

 The overall effect of an increase in the grain size of analysis is an overestimation 

of the total C stores for the year 2000 over the study site (Table 6). This is an artifact of 

the majority of the study area being covered by large contiguous areas of mature, high-

stature forest cover. While there has been a significant amount of non-forest and 
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secondary forest establishment over the time period of this study, those areas tend to be 

smaller and more fragmented. The net result is that as image resolution was degraded, 

much of the area classified as previously disturbed (NF and SF) was incorporated into 

unchanged types (i.e. HF / NC) by means of the majority class function applied to the 

original classification. Because HF / NC has much higher average total C density than NF 

or SF, the effect on the whole of the study area is an increase in estimates of total C stores 

with a decrease in spatial grain size.  

 The relationship of spatial resolution with NECB estimates is more complex than 

that with total C stores. In fact, the model results showed net NECB for the study area as 

a whole remaining relatively constant over 250m, 500m and 1km spatial grain size (Table 

6). The largest difference with increasing resolution is due to the increasing amount of 

area represented by the HF / NC type. However, this type is assumed to be in net C 

balance with the atmosphere, and so does not have a large effect on overall NECB. 

Rather, study area NECB is more affected by the decrease in area representing disturbed 

cover types (NF and SF) with increasing spatial resolution. As such, a number of factors 

may be influencing the balance between C release and sequestration estimates over the 

study area. First, there is a decrease in the amount of area represented by NF at increasing 

resolution. This tends to decrease the estimate of overall release of C to the atmosphere. 

Also contributing to this is that the NF areas large enough to be included as the majority 

type for a given cell size tend to be of older time since disturbance. Older NF types will 

have higher NECB than more recently established types. Second, there is also a decrease 

in the amount of area represented by SF at increasing resolution, and the larger patches of 
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SF that make up the majority class of cells where they are present also tend to be of older 

age. The less SF area represented on the landscape results in less estimated C 

sequestration overall, and the older SF types that are represented often have a much lower 

NECB than younger types. The result from lower estimates of both C release and 

sequestration actually resulted in consistent estimates of net NECB for the study area at 

all 3 coarse resolution spatial grain sizes. 

 

Estimation Error with Proportional Forest Cover Change Models 

 Forest cover change estimates were made for the 2000 to 2003 time period using 

regression models based on MODIS spectral data and indices at 250m, 500m and 1km. 

The change estimates were used in combination with the majority LCLUC class data 

from year 2000 at each resolution in order to reassign LCLUC category areas in year 

2003. The MODIS-based change data included both high and low estimates of net 

proportional change in forest cover according to mean error in the prediction models 

reported by Hayes and Cohen (2006) and Hayes et al. (in review). The updated area 

estimates were then used to calculate total C stores for the study area from the per-hectare 

model results (run for the year 2003) based on Monte-Carlo simulations drawing from the 

combined uncertainty distributions of all parameters. Estimates of year 2003 total C 

stores were compared with estimates from year 2000 at each spatial resolution to 

calculate a 3 year change in C stores estimated from each MODIS data set. These 

estimates were compared with those based on both the original Landsat estimates and the 

estimates from the revised areas adjusted for classification error.  
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 As with the year 2000 estimates, the estimates of total C stores increases with 

increasing spatial grain size of the MODIS data sets (Table 7). However, the forest cover 

change data from the MODIS models resulted in an overestimation of change at low 

percentages in both the forest clearing and regeneration directions, as discussed in Hayes 

et al. (in review). The net effect is an overestimation of the loss of C through change in 

mature, high-forest areas that were unchanged, according to reference data. The 

increasing uncertainty in estimates of year 2003 C stores and the change in those stores 

from year 2000 is a product of two factors. First, HF / NC types have the highest 

uncertainty attached with their estimates and this uncertainty is propagated by the 

increasing area in these types with estimates from increasing cell size. Second, added 

uncertainty in the MODIS estimates is a direct result of error in the estimates of forest 

cover change between 2000 and 2003. The overall effect is MODIS-based estimates of 

change in total C stores of -2.1 to -2.5 TgC for the three year period, with 95% 

confidence intervals around these estimates that suggest the area could have gained as 

much as 2.6 TgC according to the 1km model. In contrast, the revised area estimates from 

30m Landsat data give total C change estimates that show the study area has released 

between 0.63 and 2.73 TgC over this same time period. 

 

Summary and Conclusions 

 

This study addressed the development and analysis of a modeling framework 

designed to assess the landscape-scale carbon dynamics associated with land cover and 
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land use change for a tropical forest ecosystem in Central America that has been subject 

to rapid agricultural expansion and land use change over the past 20 years. Temporally- 

and spatially-explicit estimates of C stores and flux were generated from a bookkeeping-

type approach to scaling a simple process model, based on measures of carbon stocks and 

flux from field studies, over time and space with an historical satellite data record for this 

study area. Model runs were driven by a series of Monte-Carlo simulations that drew 

from the parameter uncertainty distributions in order to asses the relative and cumulative 

contribution of both field-based and satellite-derived parameters to the uncertainty 

associated with plot-level and landscape scale C budget estimates. Additionally, model 

development considered the significant sources of error involved in extrapolating plot-

level model results to larger areas based on different satellite data sets at varying spatial 

resolution. 

The total landscape-level terrestrial C storage for this 2.6 million hectare study 

area in year 2003 was estimated at 391 +/- 89 TgC with a net flux of -0.3 +/- 0.7 TgC / 

year, based on field-based parameters and land cover and land cover change 

classifications of a 30m historical Landsat data record spanning 1974 to 2003. Over this 

29-year period, the study area as a whole was estimated to have acted as a C source as 

high as 3.0 +/- 2.0 TgC / year in 2000, and as a sink of 0.7 +/- 0.9 TgC / year in 2002. 

Considering the interannual variation in C flux as well as the propagation of uncertainty 

over time, the results of model runs for each date in the Landsat record clearly show that 

the study area has acted as a strong source of C to the atmosphere, with an estimated 

cumulative loss of 39 +/- 29 TgC since 1974. Unless a dramatic shift in the land use 
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sector occurs, the study area appears primed to act as an overall source of C to the 

atmosphere for the coming decades. 

The model analyses and results presented here offered several key findings that 

shed light on some of the issues raised by the research questions posed in this study. At 

the plot-level, the large uncertainty in estimates of the C content of mature forest and 

vegetation types in tropical ecosystems can contribute significantly to uncertainty in 

estimates of both the amount of C released from disturbance as well as the amount 

sequestered by regenerating vegetation. Uncertainty in per-hectare C flux for newly 

established agricultural plots and young secondary forests is affected by the precision 

with which time since disturbance and secondary forest age can be determined from the 

satellite data record. At the landscape scale, 70% of the uncertainty in the estimate of 

total C stores can be attributed directly to variability in field-based estimates of live 

above-ground biomass C in mature forests. The field-based and satellite-derived 

parameters contributed about equally to the cumulative uncertainty in C flux estimates for 

the study area, with most of the uncertainty in younger age classes of non-forest and 

secondary forests.  

The analysis also found the net effect of classification error on C budget estimates 

to be an overestimation of both total C stores and NECB as compared to that calculated 

from area estimates adjusted to reference sample data set from classification error matrix. 

Increasing the spatial grain size of the satellite data from which area estimates are 

generated resulted in an overestimate of  landscape-level total C stores, while NECB 

estimates remained relatively constant across spatial resolutions of 250m, 500m and 1km. 
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Compared to the 30m Landsat-based estimates, using coarse resolution MODIS data to 

calculate the change in total C stores between two dates overestimated the loss of C and 

increased the uncertainty in the estimates as a result of the error in the forest cover 

change prediction models. 

The uncertainty analysis described here represents an estimation of the maximum 

amount of landscape-scale variance in the estimates of C stores and flux. In effect, the 

bookkeeping-type approach to landscape-level scaling of C data and uncertainty simply 

multiplies the plot-level data by the total area of LCLUC type represented over the 

landscape. While this may be an appropriate way of representing the effect of the 

measurement and allometric model error, but may substantially misrepresent the amount 

of natural variation present on the landscape. The key issue in more accurately 

representing this landscape-level uncertainty is how variation measured in small field-

based plots is scaled to satellite-derived maps based on varying grain size. For example, 

the amount of variation measured in a 0.1ha field plot is not linearly related to the 

variation in a 0.09, 6.25, 25, or 100 ha pixel. To more accurately represent the landscape-

level uncertainty, the plot size and sampling intensity needs to be more explicitly 

accounted for when scaling plot-based measures of variation to that at the landscape 

scale. 

Regional case studies of carbon dynamics in tropical forest ecosystems area 

needed, as the uncertainty in efforts to balance the global C budget could be reduced with 

more reliable data on the plot-level carbon dynamics associated with land cover and land 

use change as well as improved data on spatially and temporally detailed estimates of the 
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distribution and rates of changes in terrestrial C stores. The results of this study suggest 

that improved field-based data on live, above-ground C content of mature forest types 

and the rate of sequestration in secondary forests can reduce uncertainty in estimates of C 

dynamics at the plot-level. Expanding these estimates over time and space requires 

accurate land cover and change classifications, which can improve knowledge about the 

distribution of C stores and the identification of sources and sinks over a landscape. The 

best estimates of C flux over the landscape will come from satellite data sets with a 

spatial resolution that matches the scale of land cover changes of interest, and a temporal 

frequency that captures the annual dynamics of C release and sequestration from land 

cover and land use change. 

 

Literature Cited 

 

Achard, F., H. D. Eva, H. J. Stibig, P. Mayaux, J. Gallego, T. Richards, and J. P. 

Malingreau. 2002. Determination of deforestation rates of the world's humid tropical 

forests. Science 297: 999–1002.  

 

Asner, G.P. 2001. Cloud cover in Landsat observations of the Brazilian Amazon. 

International Journal of Remote Sensing 22:3855-3862.  

 

Brown, S. 2002. Measuring carbon in forests: current status and future challenges. 

Environmental Pollution, 116:363-372. 

 

Brown, S. 1997. Estimating biomass and biomass change of tropical forests: a primer. 

FAO Forestry Paper No.134 vii, 55pp. 

 

Brown, S. 1993. Tropical forests and the global carbon cycle: The need for sustainable 

land-use patterns. Agriculture, Ecosystems, and Environment, 46:31-44. 

 

Brown, S., and A. E. Lugo. 1992. Aboveground biomass estimates for tropical moist 

forests of the Brazilian Amazon. Interciencia 17: 8–18. 



 

 

   

  171 

 

 

Brown, S. and A.E. Lugo. 1990. Tropical secondary forests. Journal of Tropical Ecology, 

6:1-32. 

 

Cairns, M.A., P.K. Haggerty, R. Alvarez, B.H.J. De Jong, and I. Olmsted. 2000. Tropical 

Mexico’s recent land-use change: a region’s contribution to the global carbon cycle. 

Ecological Applications, 10:1426-1441. 

 

Chambers, J.Q., Schimel, J.P., Nobre, A.D. 2001. Respiration from coarse wood litter in 

central Amazon forests. Biogeochemistry, 52:115-131. 

 

Clark, D.A. 2004.Tropical forests and global warming: slowing it down or speeding it 

up? Frontiers in Ecology and Environment, 2: 73 – 80. 

 

Clark, D.B. and D.A. Clark. 2000. Landscape-scale variation in forest structure and 

biomass in a tropical rain forest. Forest Ecology and Management, 137:185-198. 

 

Cohen, W.B., M.E. Harmon, D.O. Wallin, and M. Fiorella. 1996. Two decades of carbon 

flux from forests of the Pacific Northwest. Bioscience, 46:836-844. 

 

Congalton, R.G. 1991. A review of assessing the accuracy of classifications of remotely 

sensed data. Remote Sensing of Environment, 37: 35 – 46. 

 

DeFries R, Houghton RA, Hansen M, et al. 2002. Carbon emissions from tropical 

deforestation and regrowth based on satellite observations for the 1980s and 90s. Proc 

Natl Acad Sci 99: 14256 – 61. 

 

[FAO] Food and Agricultural Organization. 1993. Forest Resources Assessment, 1990, 

Tropical Countries. FAO Forestry Paper 112. Rome: Food and Agricultural Organization 

of the United Nations. 

 

Fearnside, P. M. 1997. Greenhouse gases from deforestation in Brazilian Amazonia: net 

committed emissions. Climatic Change, 35: 321–360 

 

Fearnside, P.M. 1996. Amazonian deforestation and global warming: carbon stocks in 

vegetation replacing Brazil's Amazon forest. Forest Ecology and Management, 80: 21-

34. 

 

Fearnside, P. M., N. Leal Filho, and F. M. Fernandes. 1993. Rainforest burning and the 

global carbon budget: biomass, combustion efficiency and charcoal formation in the 

Brazilian Amazon. Journal of Geophysical Research 98: (D9). 16733–16743. 

 

Fearnside, P.M. 1986. Spatial concentration of deforestation in the Brazilian Amazon. 

Ambio, 15:74-81. 



 

 

   

  172 

 

 

Goreau, T.J. 1990. Balancing atmospheric carbon dioxide. Ambio, 19:230-236. 

 

Gurney, K.R., R. M. Law, A. S. Denning, et al. 2001: Towards robust regional estimates 

of CO2 sources and sinks using atmospheric transport models. Nature, 415, 626-630, Feb. 

2002. 

 

Hall, C.A.S. and J. Uhlig. 1991. Refining estimates of carbon released from tropical land-

use change. Canadian Journal of Forest Research, 21: 118 – 131. 

 

Hall, C., and R.P. Detwiler. 1985. Land Use Change and Carbon Exchange in the 

Tropics: I. Detailed Estimates for Costa Rica, Panama, Peru, and Bolivia. Environmental 

Management, 9(4): 313-334. 

 

Harmon, M.E., W.K. Ferrell, and J.F. Franklin. 1990. Effects on carbon storage of 

conversion of old-growth forests to young forests. Science 247: 699-702. 

 

Hayes, D.J. and W.B. Cohen. 2007. Spatial, spectral and temporal patterns of tropical 

forest cover change as observed with multiple scales of optical satellite data. Remote 

Sensing of Environment, In Press. 

 

Hayes, D.J., W.B. Cohen, S.A. Sader and D.E. Irwin. 2007. Estimating Proportional 

Change in Forest Cover as a Continuous Variable from Multi-Year MODIS Data. 

Manuscript in review. 

 

Hayes, D.J., S.A. Sader, and N.B. Schwartz. 2002. Developing a forest conversion 

history database to explore the temporal and spatial characteristics of land cover change 

in the Maya Biosphere Reserve, Guatemala. Landscape Ecology, 17:299-314. 

 

Hayes, D.J. and S.A. Sader. 2001. Change detection techniques for monitoring forest 

clearing and regrowth in a tropical moist forest. Photogrammetric Engineering and 

Remote Sensing, 67(9): 1067-1075. 

 

Houghton, R.A. 2005. Aboveground forest biomass and the global carbon cycle. Global 

Change Biology, 11: 945 – 958. 

 

Houghton, R.A. 2003. Whey are estimates of the terrestrial carbon balance so different? 

Global Change Biology, 9: 500 – 509. 

 

Houghton, R.A., D.L. Skole, C.A. Nobre, J.L. Hackler, K.T. Lawerence and W.H. 

Chomentowski. 2000. Annual fluxes of carbon from deforestation and regrowth in the 

Brazilizan Amazon. Nature, 403:301-304 

 



 

 

   

  173 

 

Houghton, J. T., L. G. M. Filho, B. A. Callander, N. Harris, A. Kattenberg, and K. 

Maskell (eds.), 1996. Climate Change 1995: The Science of Climate Change, 

Intergovernmental Panel on Climate Change, pp. 572, Cambridge University Press, 

Cambridge, GB.  

 

Houghton, R.A. 1995. Land-use change and the carbon cycle. Global Change Biology, 

1:275 – 287.  

 

Houghton, R.A., D.L. Skole, and D.S. Lefkowitz. 1991. Changes in the landscape of 

Latin America between 1850 and 1980. II. A net release of CO2 to the atmosphere. Forest 

Ecology and Management, 38:173-199. 

 

Houghton, R. A., J. E. Hobbie, J. M. Melillo, B. Moore, B. J. Peterson, G. R. Shaver, and 

G. M. Woodwell. 1983. Changes in the carbon content of terrestrial biota and soils 

between 1860 and 1980: a net release of CO2 to the atmosphere. Ecological Monographs 

53: 235–262.  

 

Kicklighter, D. W., J. M. Melillo, W. T. Peterjohn, E. B. Rastetter, A. D. McGuire, P. A. 

Steudler, and J. D. Aber. 1994. Aspects of spatial and temporal aggregation in estimating 

regional carbon dioxide fluxes from temperate forest soils, J. Geophys. Res., 99: 1303–

1316. 

 

Kimes DS, Nelson RF, Skole DL, Salas WA. 1998a.. Accuracies in mapping secondary 

tropical forest age from sequential satellite imagery. Remote Sensing of Environment. 

65:112–120 

 

Lobser, S.E. & Cohen, W.B. (2006). The MODIS Tasseled cap: Land Cover 

Characteristics Expressed Through Transformed MODIS Data. Submitted to 

International Journal of Remote Sensing, submitted June 2006. 

 

Meyer, W.B. and B.L. Turner II, eds. 1994.  Changes in Land Use and Land Cover: A 

Global Perspective. Press Syndicate of the University of Cambridge. 537p.  

 

Moran, E.F., E. Brondizio, P. Mausel, and W. You. 1994.  Integrating Amazon 

vegetation, land-use, and satellite data. BioScience 44:329-338. 

 

Nations, J.D., R.B. Primack, and D. Bray. 1998.  Introdcution: the Maya Forest. In 

Timber, Tourists, and Temples. Primack, R.B., D. Bray, H.A. Galleti, and I. Ponciano 

(eds.). Washington, D.C.: Island Press. 

 

Nelson, R.F., D.S. Kimes, W.A. Salas, and M. Routhier. 2000. Secondary forest age and 

tropical forest biomass estimation using Thematic Mapper imagery. Bioscience, 50:419-

431. 

 



 

 

   

  174 

 

Olson, J. S., J. A. Watts, and L. J. Allison, 1985. Major World Ecosystem Complexes 

Ranked by Carbon in Live Vegetation (NDP-017). Carbon Dioxide Information Center, 

Oak Ridge National Laboratory, Oak Ridge, Tennessee  

 

O’Neill, R.V. and R.H. Gardner. 1979. Sources of uncertainty in ecological models. In: 

B.P. Zeigler, M.S. Elizas, G.J. Klir and T.I. Oren (eds). Methodology in Systems 

Modelling and Simulation. North Holland Publishing Co., Amsterdam. Pages 447-463.  

 

O’Neill, R.V. and B. Rust. 1979. Aggregation error in ecological models. Ecological 

Modelling, 8:297-311.  

 

Parson, E.A., P.M. Hass, and M.A. Levy. 1992. A summary of the major documents 

signed at the Earth Summit and the Global Forum. Environment, 34:12-15. 

 

Prisley, S.P. and Smith, J.L. (1987). Using classification error matrices to improve the 

accuracy of weighted land cover models. Photogrammetric Engineering and Remote 

Sensing, 53: 1259 – 1263. 

 

Richards, T., J. Gallego, and F. Achard. 2000. Sampling for forest cover change 

assessment at the pan-tropical scale. International Journal of Remote Sensing, 21:1473-

1490. 

 

Riley, R.H., Phillips, D.L., Schuft, M.J. and Garcia, M.C. (1997). Resolution and error in 

measuring land-cover change: effects on estimating net carbon release from Mexican 

terrestrial ecosystems. International Journal of Remote Sensing, 18(1): 121 – 137. 

 

Rodenbeck C., S. Houweling, M. Gloor, and M. Heimann. 2003. CO2 Flux History 1982-

2001 Inferred From Atmospheric Data Using A Global Inversion of Atmospheric 

Transport. Atmos. Chem. Phys. 2003, 3, 1919-1964. 

 

Running, S.W. 1994. Testing Forest-BGC ecosystem process simulations across a 

climatic gradient in Oregon. Ecological Applications, 4:238-247. 

 

Sader, S.A., D.J. Hayes, J.A. Hepinstall, M. Coan, and C. Soza. 2001a. Forest change 

monitoring of a remote biosphere reserve. International Journal of Remote Sensing, 

22:1937-1950. 

 

Sader, S.A., C. Reining, T. Sever, and C. Soza. 1997.  Human migration and agricultural 

expansion: a threat to the Maya tropical forests.  Journal of Forestry, December 1997:27-

32. 

 

Sader, S.A., T.A. Stone, and A.T. Joyce. 1990.  Remote sensing of tropical forests: an 

overview of research and applications using non-photographic sensors. Photogrammetric 

Engineering and Remote Sensing, 56:1343-1351. 



 

 

   

  175 

 

 

Sader, S.A., D.J. Hayes, D.E. Irwin and S.S. Saatchi. 2001b. Preliminary forest cover 

estimates for Central America (1990’s) with reference to the proposed Mesoamerican 

Biological Corridor. American Society for Photogrammetry and Remote Sensing 

(ASPRS), 2001 Annual Meeting, St. Louis, Missouri, April 23-26. ASPRS, Bethesda, 

Maryland USA. 

 

Schimel, DS et al. 2001. Recent patterns and mechanisms of carbon exchange by 

terrestrial ecosystems. Nature, 414: 169 – 172. 

 

Schulze, E.D., C. Wirth, and M. Heimann. 2000. Managing forests after Kyoto. Science, 

289:2058-2059. 

 

Schulze, M.D. and D.F. Whitacre. 1999. A classification and ordination of the tree 

community of Tikal National Park, Petén, Guatemala. Bulletin of the Florida Museum of 

Natural History, 41: 169-297. 

 

Schroeder, P.E. and J.K. Winjum. 1995. Assessing Brazil’s carbon budget: II. Net carbon 

balance. Forest Ecology and Management, 75:87-99. 

 

Skole, D. and C. Tucker. 1993.  Tropical deforestation and habitat fragmentation in the 

Amazon: satellite data from 1978 to 1988. Science, 260:1905-1910. 

 

Townshend, J.R.G. and C.O. Justice. 2002. Towards operational monitoring of terrestrial 

systems by moderate-resolution remote sensing. Remote Sensing of Environment, 83:351-

359. 

 

Tucker, C.J. and J.R.G. Townshend. 2000. Strategies for monitoring tropical 

deforestation using satellite data. International Journal of Remote Sensing, 21:1461-

1471. 

 

Turner, D.P., M. Guzy, M.A. Lefsky, S. Van Tuyl, O. Sun, C. Daly, and B.E. Law. 2002. 

Effects of land use and fine scale heterogeneity on net ecosystem production over a 

temperate coniferous forest landscape. Tellus B, 55: 657 – 668. 

 

Turner, D.P., J.K. Winjum, T.P. Kolchugina, T.S. Vinson, P.E. Schroeder, D.L. Phillips, 

and M.A. Cairns. 1998. Estimating the terrestrial carbon pools of the former Soviet 

Union, conterminous US and Brazil. Climate Res. 9:183–196 

 

Uhl C, Kauffman JB (1990) Deforestation, fire susceptibility and potential tree responses 

to fire in the eastern Amazon. Ecology, 71, 437–449. 

 

Uhl, C., R. Buschbacher, and E.A.S. Serrao. 1988. Abandoned pastures in eastern 

Amazonia. I. Patterns of plant succession. Journal of Ecology, 76:663-681. 



 

 

   

  176 

 

 

 

Tables 

 



 

 

   

  177 

 

 

 



 

 

   

  178 

 

 



 

 

   

  179 

 

 

Table 4

The proportion of sample points (total n = 414) in each classified category that were 

committed to each reference category in the combined land cover type and land

 cover change error matrix.

Same Different Reference No Change

Classified LCLUC LCLUC HF LF SV

Same LCLUC 85.9% 3.7% 1.2% 4.9% 4.3%

Different LCLUC 8.9% 78.9% 3.3% 4.1% 4.9%

HF 0.8% 0.8% 94.9% 2.5% 0.8%

LF 9.8% 9.8% 4.9% 70.7% 4.9%

SV 15.0% 15.0% 0.0% 5.0% 65.0%

 

 

     

Table 5

The effect of Landsat-level classification error on model results for the mean and 

95% confidence interval on the full study area estimates of total C stocks (TgC)

and C flux (NEP, TgC/yr) for 3 ecosystem types (HF, LF, SV) that in year 2000

have been converted to non-forest (NF) or secondary forest (SF) types, or have 

not changed (NC). LCLUC class areas used in the calculations are based on

the original multi-year 30m Landsat classification estimates and the 30m 

estimates adjusted for classification error ("Reference").

Cover Type / 30m Reference 30m Classified

LCLUC Class C total NEP C total NEP

All / NF 22.7 -1.07 20.8 -0.95

All / SF 27.4 0.54 26.3 0.52

HF / NC 278.1 0.00 280.1 0.00

LF / NC 45.3 0.00 61.0 0.00

SV / NC 5.6 0.00 3.8 0.00

Totals 379.0 -0.53 392.0 -0.43
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Table 6

The effect of the spatial resolution and forest change accuracy of the satellite data sets on

the mean and 95% confidence intervals around year 2003 total C stores (TgC) and change in total 

C stores between 2000 and 2003 (TgC), summarizing live, dead, and soil compartments

across all 3 ecosystem types.

Total C Stores Change in Total C Stores

Satellite Data Set Year 2003 2000 - 2003

30m Landsat Classification 390.46 +/- 88.74 -1.50 +/- 1.33

30m Area-Adjusted Reference 377.30 +/- 70.76 -1.68 +/- 1.05

250m MOD02QKM 402.88 +/- 95.68 -2.14 +/- 3.12

500m MOD02HKM 410.05 +/- 103.20 -2.33 +/- 4.20

1km MOD43 425.91 +/- 110.27 -2.46 +/- 5.03
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Figures 

 

 
 

Figure 4.1. A conceptual diagram of carbon loss and accumulation over time from 

tropical forest cover conversion and land use change. 
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Figure 4.2. Generalized ecoregion designations in Central America (adapted from World 

Wildlife Fund / World Bank “Terrestrial Ecoregion Map of Central America”), shown 

over a shaded relief map created from digital elevation data acquired by NASA’s Shuttle 

Radar Topography Mission. The inset map shows an example of a Landsat-level land 

cover and disturbance stage classification for generating the base-line carbon stocks 

dataset. The example illustrates a mixed shifting cultivation agricultural and mature forest 

landscape near the village of El Cruce Dos Aguadas in the northern Guatemalan 

department of El Petén.  
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Figure 4.3. Theoretical response curves for carbon stores among the different pools (top) 

and the time-dependent flux (bottom) following deforestation (at time zero), annual 

cropping (yr 1) and abandonment (yr 5). 
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Figure 4.4. Modeled plot-level C stores (MgC/ha, top) and flux (MgC/ha/yr, bottom) over 

time, showing mean values and the 95% confidence intervals calculated from 800 Monte-

Carlo simulations drawing from the uncertainty distributions of the field-based 

parameters. The example shows a unique class land cover type and disturbance history 

(High Forest Cleared 1974-79, Regenerated 1986-90). 
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Figure 4.5. Modeled plot-level C stores (MgC/ha, top) and flux (MgC/ha/yr, bottom) over 

time, showing mean values and the 95% confidence intervals calculated from 800 Monte-

Carlo simulations drawing from the uncertainty distributions of the satellite-derived 

parameters. The example shows a unique class land cover type and disturbance history 

(High Forest Cleared 1974-79, Regenerated 1986-90). 
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Figure 4.6a.Trends in the annual exchange of C between the atmosphere and the 

ecosystem as a result of land cover and land use change within the study area, 

from 1974 to 2003. 
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Figure 4.6b. The net effect of land cover and land use change on the exchange of C 

between the atmosphere and the ecosystem within the study area, as a function 

of the cumulative release of C (from deforestation) and the cumulative 

sequestration (from vegetation regeneration) from 1974 to 2003. 
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Summary 

 

 Human activities are causing profound changes to the global environment, yet the 

potential consequences of these changes on rising atmospheric carbon dioxide and 

climate change are not well understood. Deforestation in tropical regions can account for 

a significant source of carbon to the atmosphere and the role of secondary forest growth 

in sequestering carbon is unknown. Uncertainty associated with the C dynamics of 

tropical ecosystems has hampered efforts to balance the global C budget. This is in large 

part due to the lack of data on the location, rates and extent of land cover changes in 

tropical regions. Remote sensing technology provides a key source of data and 

methodology for measuring and monitoring tropical forest cover and change 
 
.  

This project was designed as a key regional case study toward developing 

methodologies to characterize tropical land cover and land use change from remotely 

sensed data sets; and for the implementation of a carbon flux model to analyze the effects 

of these changes on terrestrial carbon cycles. An important goal of this project, with 

expected significance for other regional and global efforts to understand global change, 

has been to assess the utility of, and develop an accurate and efficient methodology for, 

employing multi-temporal data from NASA’s Moderate Resolution Imaging 

Spectroradiometer (MODIS) for characterizing tropical forest clearing and regrowth.  

A modeling framework for exploring the spatial, spectral and temporal 

characteristics of MODIS data has been developed, and some of the important initial 

findings-to-date are presented here. This dataset is being used to drive models of 
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terrestrial carbon flux over the study region. A simple process-based ecosystem carbon 

model has been employed as the means for directly assessing the impact of these changes 

on the carbon budget of this tropical forest ecosystem and for comparison of results with 

on-going and proposed research with atmospheric and terrestrial process models of 

carbon flux from land cover and land use change in Central America. 

 

Key Findings 

 

Patterns of Forest Cover Change 

 

The study area corresponding to Landsat Worldwide Reference System Path 20 

Row 48 (WRS 20/48) over the tropical moist forest of Guatemala’s Maya Biosphere 

Reserve (MBR) served as a prototype analysis in a wider effort to determine the 

feasibility of using MODIS as the principal sensor system for monitoring the regional 

carbon budget of Central America. Change detection techniques were employed to 

produce spatially and temporally detailed estimates of land cover and land use change for 

this study site. The availability of annual, 30m Landsat data at this study site for a time 

period concurrent with the collection of MODIS data products (2000, 2001, 2002 and 

2003) allowed for the development and testing of MODIS models of forest cover change 

against a reference change set derived from Landsat data. Using MODIS to extract annual 

change information was based on regression and multivariate analysis techniques in 
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which the percent net change in forest cover (∆FC%) was modeled directly from a linear 

combination of the digital numbers of a multi-temporal, multi-spectral MODIS dataset. 

The analyses described in Chapter 2 highlighted the distinct spectral change 

patterns from year-to-year in response to the possible land cover trajectories of forest 

clearing, regeneration and changes in climatic and land cover conditions. A significant 

finding in the preliminary analyses of the various MODIS data sets related to land and 

biophysical variables was the difference in the performance of the original, uncorrected 

swath data (MOD02 Calibrated Radiances) as compared to gridded atmospherically 

corrected (MOD09 Surface Reflectance). The observed differences in performance 

between the MOD02 data and the higher-order MODIS land is likely related to 

geolocation offsets between actual observations (i.e. swath data) and predefined storage 

bins (i.e. gridded data) and the subsequent spectral compositing of multi-date data (Tan et 

al., 2005). With forest cover change patterns relatively invariant to the spatial grain size 

of the analysis, the model results indicate that the best spectral metrics for detecting 

tropical forest clearing and regeneration are those that incorporate shortwave infrared 

information. 

 

Forest Cover Change Models 

 

This study outlined in Chapter 2 demonstrated the improved ability to model 

forest cover change with MOD02 data over MOD09 product. However, these at-satellite 

calibrated radiance data (MOD02) are more likely to be affected year-to-year variation in 
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atmospheric, seasonal and aerosol conditions than atmospherically-corrected reflectance 

data sets. While the absolute correction of these data to reflectance is not critical to 

modeling spectral patterns over time, the normalization of these time-series data sets and 

the consistency of the model parameters will be essential in the effort to expand these 

models in an operational mode over time and space. Other MODIS products such as the 

EVI and BRDF data sets employ algorithms that may result in more consistent patterns 

over time and allow better discrimination of vegetation parameters. Given that the 

patterns observed in this analysis were relatively invariant to scale (250m and 500m), 

these products were evaluated for their utility in estimating forest cover change over time 

at more coarse resolution (1km), with the idea that they may be more practical for forest 

cover monitoring over larger areas. 

 The results of the analyses presented in Chapter 3 provide a synopsis of the 

important advantages and disadvantages among the various MODIS data and products 

with regard to their use in detection changes in tropical forest cover at different spatial 

and temporal scales. When estimating change in forest cover at landscape to regional 

scales for a particular time interval, the models based on the half-kilometer MOD02 

short-wave infrared information had the best relationship with the reference data and the 

lowest prediction errors. The main advantage of the MOD02 data is its geometric 

locational precision of the Swath observations at 500m native resolution with respect to 

the higher resolution reference data.  

Spectral indices based on atmospherically corrected surface reflectance data, as 

with the MOD13 and MOD43 data sets, produced more consistent model parameters and 
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accurate forest cover change estimates when modeling over multiple time intervals. The 

MOD43 product proved to be the most consistent data set, was practical to implement, 

allowed for the computation of a number of important spectral vegetation indices, and 

models based on these indices showed similar results in terms of predicting forest cover 

change to higher resolution models based on radiance swath data. The most accurate 

estimates of forest cover change resulted from models that included measures of the year-

to-year change in the brightness, greenness and wetness spectral domains of the MOD43 

data. 

 

Modeling Ecosystem Carbon Balance 

 

Chapter 4 addressed the development and analysis of a modeling framework 

designed to assess the landscape-scale carbon dynamics associated with land cover and 

land use change for a tropical forest ecosystem in Central America that has been subject 

to rapid agricultural expansion and land use change over the past 20 years. This research 

was designed as a key regional case study that is developing methodologies to 

characterize tropical land cover and land use change from remotely sensed data sets; and 

for the implementation of a carbon flux model to analyze the effects of these changes on 

terrestrial carbon cycles. The analyses described in Chapters 2 and 3 were used to assess 

the utility of, and develop an accurate and efficient methodology for, employing multi-

temporal data from MODIS for characterizing tropical forest clearing and vegetation 
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regeneration. This dataset was used to drive models of terrestrial carbon flux over the 

study region.  

Temporally- and spatially-explicit estimates of C stores and flux were generated 

from a bookkeeping-type model based on measures of carbon stocks and flux from field 

studies scaled in time and space with a simple process model and an historical satellite 

data record spanning a 29-year period for this study area. Classification of the vegetation 

and the detection of changes in land cover over time were realized through processing of 

the historical satellite data record. This approach combined with the development of a 

geographic information system to map each sample unit in the study area according to its 

base-line land cover type, its land cover conversion history, and its time since 

disturbance. Each sample unit was assigned a density (Mg/ha) and a flux (Mg/ha/year) 

according to the time-dependent response curves of C loss and sequestration following 

disturbance. The model aggregated smaller components of the system to consider the 

transfer of C between three pools (within the system): live, dead, and soil; and between 

these pools and the atmosphere, as well as off-site transfers of biomass (outside the 

system). Model runs were driven by a series of Monte-Carlo simulations that drew from 

the parameter uncertainty distributions in order to assess the relative and cumulative 

contribution of both field-based and satellite-derived parameters to the uncertainty 

associated with plot-level and landscape scale C budget estimates.  

The total landscape-level terrestrial C storage for this 2.6 million hectare study 

area in year 2003 was estimated at 391 +/- 89 TgC with a net flux of -0.3 +/- 0.7 TgC / 

year. The results show that the study area has acted as a source of C to the atmosphere 
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since 1974, with an estimated cumulative net loss of 39 +/- 29 TgC. Much of the 

uncertainty in these estimates of total C storage was contributed by variability in field-

based measures of the live biomass C content of the mature, high-stature forest types that 

dominate the study area. Uncertainty in per-hectare C flux for newly established 

agricultural plots and young secondary forests was affected by the precision with which 

time since disturbance and secondary forest age could be determined from the satellite 

data record. The analyses also quantified the effects of Landsat-level classification error, 

as well as the use of more coarse resolution MODIS data sets, on the estimates of 

landscape scale C budget estimates. 
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