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The array of airborne and satellite sensors deployed
to monitor the biosphere has increased rapidly over the

last decade (Lefsky and Cohen 2003). Land cover can be
readily mapped at a variety of spatial resolutions and degrees
of disaggregation, and biophysical state variables such as leaf
area index (LAI) can also be mapped to reveal spatial patterns
in vegetation distribution and phenology. However, remote
monitoring of carbon cycle process rates, such as net primary
production (NPP) and net ecosystem production (NEP), re-
mains challenging. Quantifying these flux rates is critical to
understanding the role of the biosphere in regulating at-
mospheric carbon dioxide (CO2) concentration.

Ecosystem process models are important tools for apply-
ing the information provided by remote sensing products to
quantify fluxes of carbon and other elements. Physiologi-
cally based process models, applied in a spatially distributed
mode, can assimilate and effectively integrate a diverse as-
semblage of environmental data, including information on
soils, climate, and vegetation. Many of the relevant data on veg-
etation are now available from remote sensing, and the inte-
gration of remote sensing and process modeling is a rapidly
evolving field (Cohen and Goward 2004).

The emerging capabilities for monitoring carbon pools and
fluxes at relatively high spatial and temporal resolution are
finding numerous applications, notably with respect to meet-
ing the requirements of the United Nations Framework Con-
vention on Climate Change to produce carbon emission

inventories that include the effects of land use (e.g., Chen et
al. 2003). At the regional scale, comparison of carbon cycle
processes from years with different seasonal and annual
weather patterns can give an indication of potential regional
responses and biospheric feedbacks to climate change.
Landscape- and regional-scale mapping of carbon fluxes is also
needed to provide local validation of the global measures of
NPP products from coarse-resolution sensors such as MODIS
(Moderate Resolution Imaging Spectroradiometer; Running
et al. 2004) and to evaluate the carbon flux estimates derived
from inverse modeling (Ciais et al. 2000). In this article, we
outline remote sensing capabilities in relation to carbon 
cycle modeling and present examples of studies in three
North American regions to demonstrate specific applica-
tions of an integrated remote sensing and modeling 
approach.
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Integrating Remote Sensing and
Ecosystem Process Models for
Landscape- to Regional-Scale
Analysis of the Carbon Cycle

DAVID P. TURNER, SCOTT V. OLLINGER, AND JOHN S. KIMBALL

A growing body of research has demonstrated the complementary nature of remote sensing and ecosystem modeling in studies of terrestrial carbon
cycling. Whereas remote sensing instruments are designed to capture spatially continuous information on the reflectance properties of landscape
and vegetation, models focus on the underlying biogeochemical processes that regulate carbon transformation, often over longer temporal scales.
Remote sensing capabilities, developed over the past several decades, now provide regular, high-resolution (10-meter to 1-kilometer) mapping and
monitoring of land surface characteristics relevant to modeling, including vegetation type, biomass, stand age class, phenology, leaf area index, and
tree height. Integration of these data sets with ecosystem process models and distributed climate data provides a means for regional assessment of
carbon fluxes and analysis of the underlying processes affecting them. Applications include monitoring of carbon pools and flux in response to the
United Nations Framework Convention on Climate Change.
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Models as platforms for data 
synthesis and integration 
The rapidly proliferating volume of spatial data generated by
remote sensing has created a significant challenge in terms of
designing algorithms that optimally assimilate, integrate, and
distill these data into useful information. A spatially distrib-
uted process model uses spatial data to define initial condi-
tions (e.g., land-cover type) or as primary drivers for
computing biophysical processes (e.g., daily temperature). A
major benefit to using process models for scaling purposes is
that they can estimate many measurable variables; the model
algorithms thus represent hypotheses that can be assessed and
potentially revised after confrontation with observations.

Depending on the scientific objectives or applications,
carbon cycle models have been designed with varying degrees
of aggregation with respect to ecosystem processes, compo-
nents, and time steps. Models also vary widely in how much
they use remotely sensed input. For the purposes of assess-
ing impacts of future climate change, a model must be able
to determine its own biogeography and biogeochemistry
primarily on the basis of climate and edaphic conditions.
However, if the objective is simply monitoring current NPP,
a wide variety of remotely sensed data could potentially be
used.

Because the relatively simple models based on light-use 
efficiency (see Running et al. 2004) focus on current vegeta-
tion condition and do not include ecological and biogeo-
chemical processes, they are generally not suitable for capturing
changes in carbon flux over the course of forest succession.
Since these changes can be a major factor in characterizing 
actual forest carbon flux for a specific area, more complex
models may be needed for some applications. The most com-
plex models, such as ecosys (Grant et al. 2003), are designed
primarily to improve understanding of ecosystem function
and to investigate potential impacts of environmental change
at the site level. These models tend to have input requirements
that are not feasibly generated in a spatial mode. Here we 
focus on ecosystem process models of intermediate com-
plexity, such as PnET-CN and Biome-BGC (table 1). These
models were designed to capture important ecosystem
processes using generalized response functions that can be 
applied across large areas.

Remote sensing of vegetation properties 
in relation to modeling
Prescribing initial conditions for a spatially distributed model
run affords important constaints on model behavior. These
initial conditions may include both categorical and contin-
uous variables.

Land cover. Specifying the type of land cover is an important
first step in the implementation of a spatially distributed
carbon cycle model, because vegetation cover types differ
widely in their allometry and physiology. These differences in
morphological and ecophysiological attributes are the result
of adaptations to specific environments (Reich et al. 1997).

Broadleaf deciduous forests, for example, have very different
structural and environmental response characteristics than
grassland or evergreen coniferous forests, even though these
vegetation types often occupy the same physiographic re-
gions. Whereas differences in plant functional attributes can
be observed and quantified at the plot scale, land-cover maps
based on remote sensing provide the means to extrapolate lo-
cal observations across large regions. Although spatial vari-
ation in the attributes of vegetation within a cover type can
also be important, the relative consistency of these func-
tional adaptations within cover types has proved to be enor-
mously useful to modelers when combined with spatial data
for land-cover characteristics. In this way, vegetation param-
eters required by models (e.g., leaf mass per unit area and
maximum stomatal conductance) can be estimated spatially
and allowed to interact with information on climate, soils, or
other environmental factors (Ollinger et al. 1998).

In an effort to standardize land-cover classification at the
global scale, the International Geosphere-Biosphere Pro-
gramme has developed a 15-class scheme based on general
structural characteristics of global vegetation and other land-
cover features. This degree of disaggregation roughly matches
the capability of sensors such as the Landsat Thematic Map-
per to isolate different classes of land cover. An alternative to
vegetation classification is provided by the “continuous fields”
for life form, leaf type, and leaf longevity that are being 
developed from 500-meter (m) MODIS data. These surfaces
make maximum use of multitemporal satellite data and will
be increasingly useful for model initialization in regional 
applications.

Forest stand age class. Change in NPP with stand age is a well-
recognized phenomenon, even though the mechanisms un-
derlying this change remain controversial (Gower et al. 1996).
Temporal patterns in NEP over relatively long-term succes-
sional stages within a cover type are also generally understood
because of the strong carbon source associated with woody
residues in early succession and the accumulation of stem
wood and woody debris in mid to late succession (Janisch and
Harmon 2002). If stand age is specified by remote sensing,
carbon cycle process models can be run over the course of
succession, improving their ability to accurately simulate
NPP and NEP (Thornton et al. 2002, Law et al. forthcoming).

Classification based on remote sensing is the most common
approach to assessing regional patterns of forest stand age,
because it requires only one image and is relatively efficient
compared to field inventory approaches. The changes in 
reflectance with stand age that permit classification are 
associated with differences in the proportion of ground 
surface that is exposed, in the spectral characteristics of the
foliage (including epiphytic lichens), and in the structural
properties of the canopy, which influence patterns of shad-
ing. In moist tropical forests, several stages of succession can
be separated using the Landsat Enhanced Thematic Mapper
Plus (ETM+) sensor by relying on differences in red and
near-infrared reflectances (Moran et al. 1994). In the Pacific
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Northwest, reflectances in the midinfrared wavelengths have
also been included in age-based classification schemes (Co-
hen et al. 1995). Classification accuracies on the order of
80% are generally achieved in these studies. An alternative,
more precise approach to estimating stand age is the analy-
sis of change detection using multiple images (Hall et al.
1991, Cohen et al. 2002). This approach is particularly desirable
for modeling NEP in the first few years of succession, when
heterotrophic respiration is high and NPP is low.

Leaf area index. Specifying LAI from remote sensing is par-
ticularly informative when models include canopy light ex-
tinction and other processes that vary with canopy depth.
There is usually a significant correlation of LAI to spectral
vegetation indexes such as the normalized difference vegeta-
tion index (NDVI) because of the variable red and near-
infrared spectral reflectance properties of photosynthetic
material. However, the relationship tends to be asymptotic,
with saturation at LAI levels on the order of three to five
(Turner et al. 1999). Forest LAI has also been estimated 
using airborne lidar (light detecting and ranging) sensors, and
the relationship of field-measured LAI to lidar data is not 
asymptotic (Lefsky et al. 1999). Lidar, like the combination of
hyperspectral data and interferometric synthetic aperture
radar (InSAR), has the added capability of characterizing
the distribution of foliage with height in the canopy (Lefsky
et al. 2002, Treuhaft et al. 2002, 2004).

Besides the maximum seasonal LAI, some carbon cycle
models also assimilate spatial information on seasonal changes
in LAI (e.g., Liu et al. 1999) or dates for the beginning of leaf-
out and the beginning and end of leaf drop. For Earth-orbiting
sensors with daily coverage, it has been demonstrated that
compositing over intervals of 8 days or more to avoid prob-
lems with cloudiness generally permits reliable monitoring of
leaf phenology. Capturing the seasonal trajectory of LAI in
ecosystems such as grasslands and deciduous forests is now
possible at spatial resolutions as fine as 250 m with MODIS
data (Zhang et al. 2003). Since interannual variation in NPP
and NEP is significantly affected by the length of the grow-
ing season (Kimball et al. forthcoming), knowing the timing
of green-up and leaf drop is of great value.

Foliar nitrogen. The positive relationship between leaf nitrogen
and photosynthetic capacity has become one of the most
enduring results of modern ecophysiology and is at the core

of a number of ecosystem models. The basis of this relation-
ship is that most of the nitrogen in plant foliage is contained
within proteins and carboxylating enzymes that are associated
with photosynthesis (e.g., rubisco [ribulose biphosphate car-
boxylase/oxygenase]).

Evidence supporting the role of canopy nitrogen concen-
trations as a scalar for carbon uptake comes from both theo-
retical and empirical studies. Because nitrogen is often the
limiting nutrient in terrestrial ecosystems, it has been ar-
gued that natural selection should favor individuals that al-
locate nitrogen through the canopy in an efficient manner.
This notion has also been borne out through field studies
showing strong relationships among NPP, canopy-level ni-
trogen concentrations, and rates of nitrogen mineralization
in soils (Reich et al 1997, Smith et al. 2002). Recently, Green
and colleagues (2003) compiled data from a variety of C3 plant
communities and found that most of the variation in canopy
light-use efficiency could be explained by variation in leaf ni-
trogen.

An obvious extension of these results is that methods for
detecting canopy nitrogen concentrations can substantially
improve the accuracy of spatially explicit model applica-
tions. Methods for detecting canopy nitrogen using airborne
remote sensing at high spectral resolution have been available
for some time (see Smith et al. 2002), and one of the authors
of this article (S. V. O., working with Marie-Louise Smith) 
recently showed that this approach increased the prediction
accuracy of a productivity model applied in the White Moun-
tains region of New Hampshire. However, broader applica-
tion of canopy nitrogen detection has thus far been limited
by the availability of hyperspectral data and by the small
spatial coverage of the instruments that are currently avail-
able. Given the critical importance of nitrogen as a rate-
limiting factor in terrestrial carbon cycling, and the contin-
ued development of new hyperspectral sensors (e.g., the
space-based Hyperion instrument, launched in November
2000), expanded application of this approach can be ex-
pected in the future (Ustin et al. 2004).

Biomass. Knowledge of the amount of vegetation biomass is
a strong foundation for simulating local carbon budgets.
The mass of living material is often used to initialize vegeta-
tion carbon pools for regional model simulations (Kimball
et al. 2000) and is particularly important for estimating auto-
trophic respiration. Stem mass is also indicative of the detri-

June 2004 / Vol. 54 No. 6 •  BioScience 575

Articles

Table 1. Comparison of ecosystem models at different levels of aggregation.

Model name Time step Features Reference

TEM Monthly Rate parameters calibrated with observed Raich et al. 1991
net primary production

PnET-CN Monthly Maximum photosynthetic rate determined Aber et al. 1997
by foliar nitrogen concentration

Biome-BGC Daily Photosynthesis and transpiration based on Thornton et al. 2002
stomatal conductance

SPA Hourly Water balance (includes root and stem Williams et al. 2001
resistance and plant capacitance)



tal residues that would support increased heterotrophic 
respiration after a disturbance.

Optical (i.e., visible and infrared) and microwave wave-
lengths have varying sensitivities to aboveground vegetation
biomass. Optical remote sensing methods, such as empirical
and statistical regression models with NDVI, have been used
to estimate the amount and temporal variability in above-
ground biomass (Dong et al. 2003). These techniques are
largely sensitive to green leaves; methods for extracting in-
formation for other biomass components, such as stems and
roots, generally require detailed ancillary information on
vegetation allometry and the relative fraction of photosynthetic
and nonphotosynthetic components of biomass. Optical re-
mote sensing methods also show an asymptotic relationship
to biomass and are increasingly insensitive to biomass levels
above a threshold that varies from 50 to 80 megagrams (Mg)
per hectare, depending on vegetation type and structure
(Dong et al. 2003).

Synthetic aperture radar (SAR) and other remote sensing
systems based on active microwaves are also sensitive to vege-
tation structure and to the amount of biomass, including
both photosynthetic (green) and nonphotosynthetic vegeta-
tion components. Microwave wavelengths penetrate to greater
depths in plant canopies than optical sensors do and gener-
ally show more promise for assessing standing woody biomass
(Kasischke et al. 1997). Radar sensitivity to vegetation biomass
is strongly dependent on wavelength, with longer wavelengths
(L-band) generally able to detect greater vegetation volumes
and biomass levels than shorter wavelengths (C-band). Like
optical remote sensing, radar shows an asymptotic relation-
ship to vegetation biomass, although saturation levels for
longer microwave wavelengths are much higher than those for
optical sensors. Single-band radar can detect aboveground bio-
mass up to approximately 100 Mg per hectare; multiband and
multipolarization radar can extend this range up to approx-
imately 200 Mg per hectare (Dobson et al. 1992, Luckman et
al. 1998). Multiband radar also enables separation of biomass
into component fractions (e.g., stem and canopy) (Saatchi and
Moghaddam 2000). Recent research with lidar and InSAR sen-
sors has shown promise for increasing the maximum biomass
that can be detected through remote sensing (Lefsky et al. 1999,
Treuhaft et al. 2004).

Canopy height. One hypothesis for the decline in forest NPP
with stand age is that hydraulic limitations associated with tree
height, notably the path length of transpired water and the
force of gravity, begin to constrain stomatal conductance
(Hubbard et al. 1999). Canopy height and density are also im-
portant factors regulating wind velocity, surface roughness,
canopy resistance to evapotranspiration, and carbon ex-
change. These mechanisms are beginning to be incorporated
into ecosystem process models (Williams et al. 2001). Lidar
sensors are very effective at determining canopy height (Lef-
sky et al. 2002). InSAR is less accurate, but it has the advan-
tage of more readily covering large areas (Treuhaft et al.
2004). Thus, as extensive mapping of tree height becomes 

possible, the information will be readily used as input for 
models. Canopy height, as a function of stand age, is also a 
traditional indicator of site quality, so the combination of stand
height from remote sensing and stand age from change-
detection analysis (also based on remote sensing) could be used
in validation of modeled bolewood (i.e., stem) production.

Combining models with remote sensing: 
Representative applications
Recent scaling studies have combined remote sensing with
ecosystem process models to evaluate components of the
carbon cycle in three different regions of North America (the
northeastern United States, the Canadian boreal forest, and
the Pacific Northwest). A common feature of these studies is
the strong interdisciplinary nature of their research.

Northeastern studies. The northeastern United States is of
interest to scientists studying the carbon cycle, both because
it is currently an important carbon sink (Turner et al. 1995)
and because it has been heavily influenced by a variety of phys-
ical and chemical stress factors, including historical human
land use and elevated inputs of several atmospheric pollutants.
Carbon cycling in the Northeast (specifically New York and
New England) has been evaluated on a regional scale in a 
variety of contexts. These efforts have required researchers to
develop spatial coverages (geographic data layers, or polygon
maps used for studying geographic relationships) that included
the data on climate, land cover, and vegetation needed to
drive carbon flux models.

In a series of studies using the PnET forest ecosystem
model (e.g., Aber et al. 1995, Ollinger et al. 1998), land-cover
data at 1-kilometer (km) resolution were generated from
AVHRR (Advanced Very High Resolution Radiometer) 
imagery. Coverages for climate, radiation, and atmospheric
nitrogen deposition variables were derived using available 
station data, coupled with a 1-km digital terrain model. Ex-
amination of the patterns in predicted NPP and climate input
variables revealed a difference in the apparent controlling
factors for NPP in deciduous and evergreen forests. Within
areas classified as deciduous forest, patterns of predicted
NPP were strongly correlated with annual precipitation, sug-
gesting that water was an important limitation on regional
growth. Predicted NPP for areas classified as evergreen, how-
ever, was more strongly related to temperature and to the
length of the growing season, suggesting a greater role for en-
ergy limitation and a lesser role for moisture stress (figure 1).

A limitation of this analysis was that data inputs for cer-
tain vegetation parameters, most notably the concentration
of nitrogen in foliage, were not available in a spatially explicit
format and had to be held constant within each vegetation type
that occurred in the land-cover classification (deciduous,
pine, or spruce-fir forest). Although this limitation applies to
most modeling studies, the ability to specify explicit foliar ni-
trogen values is especially important for eastern deciduous
forests, where variation in growth is strongly related to nitrogen
concentrations but poorly related to LAI (Smith et al. 2002).
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Given the absence of data layers for canopy nitrogen at the re-
gional scale, a subsequent investigation was carried out (by
S.V. O. and Marie-Louise Smith) over a smaller landscape sur-
rounding the Bartlett Experimental Forest (BEF) in northern
New Hampshire. A spatial coverage for canopy nitrogen was
derived using remotely sensed data at high spectral resolution
from  the aircraft-based Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) sensor operated by the National
Aeronautics and Space Administration (NASA). In this study,
the PnET model was run at 18-m spatial resolution using
AVIRIS-derived canopy nitrogen inputs. As a means of test-
ing the benefit of canopy nitrogen detection, an additional set
of runs was conducted using mean foliar nitrogen values for
deciduous and evergreen stands, mimicking the approach used
when data at high spectral resolution are not available. Com-
parison of simulated wood growth against field measure-
ments at 38 field validation plots (figure 2) produced a
predicted r2 of 0.74, which was a substantial improvement over
predictions generated using mean foliar nitrogen (r2 = 0.37).

An interesting outcome of this work was that, at the scale
represented by the BEF (approximately 5 by 5 km), the fac-
tor that explained most of the variation in predicted and
observed productivity was foliar nitrogen (figure 2), with
much smaller degrees of variation caused by climatic variables.
This apparent contrast with results observed for the Greater
Northeast reflects the different degrees of variation these
factors exhibit over different spatial scales. At BEF, local vari-
ation in foliar nitrogen is substantial; the range of nitrogen
measurements for the forest is almost as great as the range for
the entire region. In contrast, temperature and precipitation

typically vary more widely at regional and continental scales
than within local landscapes. Although local variation in 
climate can be important, particularly in areas of complex
topography, the range of temperature and precipitation 
experienced at BEF is small compared with the broad gradi-
ents that occur over larger geographical regions.

Boreal Ecosystem-Atmosphere Study. The Boreal Ecosystem-
Atmosphere Study (BOREAS) was an international, multi-
disciplinary effort to improve understanding of the structure
and function of the boreal forest biome (Sellers et al. 1997).
Recent evidence of increased warming in Canada’s boreal
forests—a trend that has been linked to global climate
change—has generated great interest from the scientific com-
munity, particularly in light of the potential for large positive
feedbacks to regional and global weather and carbon cycles.
Thus, researchers have endeavored to clarify the interactions
of boreal forest processes with climate and to examine the role
of these forests in the terrestrial carbon cycle. A major focus
of BOREAS was the development and evaluation of an inte-
grated surface measurement network, along with approaches
based on ecological models and remote sensing, for the tem-
poral and spatial extrapolation of forest biomass, productivity,
and net carbon exchange.

A primary requirement of the regional ecological model-
ing efforts in BOREAS was relevant land-cover classifica-
tion. Biophysical and meteorological measurements, including
tower-based eddy covariance measurements, were made at a
network of sites within the region. These measurements 
revealed marked differences in energy exchange and carbon
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Figure 1. Net primary production, or NPP, in grams of carbon per square meter per year
(1-kilometer resolution), simulated by the PnET model for the northeastern United States
using land-cover data from remote sensing (left). Simulated NPP for three cover types
(right) is strongly related to annual precipitation (for deciduous forests) or to annual
growing degree days (for pine and spruce-fir forests).
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cycle dynamics among needleleaf coniferous and broadleaf de-
ciduous forests, as well as major differences between forests
and wetlands. Initially, many of these critical features were
poorly delineated using optical remote sensing approaches that
had been successfully used for other biomes at relatively
coarse spatial resolution (i.e., > 1 km). Subsequent ecologi-
cal modeling studies revealed that adequate representation of
subgrid-scale land-cover heterogeneity, particularly between
deciduous forests, coniferous forests, and wetlands, is critical
for accurate regional extrapolations of boreal carbon ex-
change dynamics (e.g., Kimball et al. 1999).

BOREAS researchers made a major effort to develop im-
proved remote sensing products for initializing and verifying
model simulations of carbon exchange. A significant lesson
learned during the study was that, at high latitudes, the 
application of satellite-based optical remote sensing methods
for landscape assessment and monitoring was limited by 
frequent cloud cover, smoke, and other atmospheric aerosol
effects, as well as low sun angles and reduced solar illumina-
tion for much of the year. Radar remote sensing, however, was
found to be particularly useful for these environments because
of its sensitivity to surface texture, biomass, and dielectric prop-
erties and its ability to operate by night or day, under virtu-
ally any weather conditions.

Of special interest was the finding that satellite information
on daily radar backscatter from the Ku-band NASA Scat-
terometer, or NSCAT, was sensitive to the timing of primary
spring thaw and fall freeze events, which corresponded with
tower eddy covariance measurements and with ecological
model simulations of seasonal shifts in net CO2 exchange
(Frolking et al. 1999). Results of ecological model simulations
and of studies measuring tower eddy flux showed that annual
NPP and NEP for boreal forests are particularly sensitive to
the timing of spring thaw and to the duration of the grow-
ing season (Kimball et al. 2000). Subsequent analyses of
records from long-term, satellite-based active and passive
microwave remote sensing, and of long-term simulations of
stand carbon exchange, revealed strong linkages between the
timing of the primary spring thaw event and the annual net
carbon exchange for boreal coniferous and deciduous stands
(see figure 3). Airborne and satellite remote sensing based on
SAR was also employed to improve land-cover mapping,
particularly for wetlands, and to quantify spatial and temporal
patterns in vegetation (crown and stem) biomass (Saatchi and
Moghaddam 2000).

As in the northeastern studies, a major factor that BOREAS
did not directly address was the role of disturbance (e.g.,
fire, land management, insects) in shaping the boreal land-
scape and determining the carbon cycle dynamics of the bo-
real forest. Initial land-cover classifications for the region,
derived from NDVI data at 1-km resolution gathered using
AVHRR, indicated that approximately 30% of the region
was directly affected by fire disturbance during the 30- to 35-
year period before 1992 (Steyaert et al. 1997). Disturbances
from insect defoliation, logging, and agriculture-related 
deforestation are also known to play an important role in shap-
ing land cover, the age distribution of forest stands, and 
associated carbon budgets for the region. BOREAS follow-
on investigations have attempted to address some of these 
deficiencies.

Pacific Northwest study. The Pacific Northwest, with its old-
growth temperate rain forests, has some of the highest car-
bon densities on the planet. The rates of NPP and NEP are
also relatively high, depending on stand age and location
(Law et al. forthcoming), and the region has been subject to
intensive logging over the last 100 years (Garman et al. 1999).
Thus, like the Northeast, the Pacific Northwest is of great in-
terest to researchers trying to understand the carbon cycle.

Forest carbon budgets for the Pacific Northwest have been
constructed on landscape to regional scales, using forest in-
ventory data (Turner et al. 1995) and remote sensing of land
cover and disturbance (Cohen et al. 1996). More recent efforts
have included remote sensing of LAI and implementation of
change detection for aging of forest stands (Turner et al.
2003a). The process model used in the recent Pacific North-
west studies is Biome-BGC (Thornton et al. 2002), which es-
timates heterotrophic respiration as well as NPP. To account
for heterotrophic respiration, particularly as it is influenced
by stand age, the model must be “spun up”(i.e., run over 1000
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Figure 2. The relationship between foliar nitrogen (N)
concentration (as a percentage of leaf mass) and wood
growth (in grams of carbon per square meter per year) for
38 growth-inventory plots at the Bartlett Experimental
Forest in north-central New Hampshire. Shaded symbols
show the field-measured relationship; open symbols show
the predicted relationship, generated by combining re-
motely sensed canopy nitrogen estimates (from the Air-
borne Visible/Infrared Imaging Spectrometer, or AVIRIS)
with the PnET ecosystem model.



years or more) to bring the slow-turnover soil 
carbon pools  into near equilibrium with the local 
climate. At the end of the spin-up, a disturbance
such as clear-cut logging is simulated, and the model
is run forward to an age specified by the remote
sensing analysis. Site water balance (in part a func-
tion of soil depth) strongly regulates LAI in the 
Pacific Northwest; thus, the spin-ups are run at a
range of soil depths for each grid cell, to determine
a depth that results in agreement between modeled
and remotely sensed LAI.

At the landscape scale, the implementation of this
combination of remote sensing and modeling (fig-
ure 4) revealed the strong influence of stand age-class
distribution on areawide NEP (Turner et al. 2003a).
Without including the age-class specification, the
simulated landscape-scale NEP was 50 grams (g)
carbon per square meter per year in the central Cas-
cade Mountains in Oregon (a small carbon sink),
compared with more than 200 g carbon per square
meter per year for the same area with the stand age
class specified by the ETM+ sensor. In an application
over a much larger domain, the dominant control on
NPP and NEP was the water balance gradient that ex-
tends inland from the Pacific coast (Law et al. forth-
coming). For all locations, the simulations showed
a strong interannual variation in NPP, associated
primarily with the degree of summer drought.

Validation of model-based carbon flux estimates
in the Pacific Northwest has been approached at
multiple scales (Law et al. forthcoming). Comparing
the daily gross primary production (GPP) and NEP
as simulated by the model with the same measures
as estimated from eddy covariance data made it pos-
sible to assess model sensitivity to daily weather. To
evaluate model behavior over a successional se-
quence, field measurements of NPP and NEP at a
chronosequence of plots in different climatic zones
were compared with model simulations of NPP and
NEP at the stand locations. At the regional scale,
data from the permanent plot network of the USDA
(US Department of Agriculture) Forest Service’s
Forest Inventory and Analysis program provided a
spatially extensive data set for validation of the
Biome-BGC model. However, the inventory data
have considerable limitations in terms of converting
the raw measurements of tree diameters to estimates
of carbon pools and flux (Jenkins et al. 2001). Because
the exact locations of the inventory plots are not re-
leased, comparisons of measured (figure 5) and simulated stem
production were made within age-class bins at the ecozone
scale to examine overall bias and age trends in production.

Selected research challenges
The increasing availability of spatial data and the growing 
interest in quantifying terrestrial carbon flux have driven

rapid progress in the integration of modeling and remote sens-
ing. Some of the key challenges at this point relate to algorithm
development and the interpretation or validation of result-
ing products.

Resolving aggregation issues. There is an unavoidable ten-
sion in carbon flux scaling studies between spatial resolution
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Figure 3. Satellite remote sensing (top) of the 1997 primary spring 
thaw event for the Boreal Ecosystem-Atmosphere Study (BOREAS)
study region, derived from temporal classification of daily radar
backscatter information from the NASA (National Aeronautics and
Space Administration) Scatterometer, or NSCAT. The dates in the leg-
end represent the interval during which thaw occurred. Graph (bottom
panel) shows the relationship between measurements of aboveground
net primary production (NPP) for different forest types by year within
the study region and corresponding estimates of snowpack depletion,
a surrogate measure of spring thaw timing. Years with an early spring
tend to promote greater annual NPP, whereas years with a delayed
spring promote the opposite response. Adapted from Kimball and 
colleagues (2000, forthcoming).
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and spatial extent. Process models tend to be computation-
ally demanding, especially if a long spin-up is required. Thus,
it may not be feasible to scale NPP and NEP over millions of
square kilometers at the 30-m resolution of the ETM+ sen-
sor. Comparisons of pattern and process at coarse and fine
scales over the same domain often reveal scale dependence in
model inputs and outputs (Moody and Woodcock 1995,
Kimball et al. 1999). New strategies are needed to diagnose and,
if need be, compensate for this scale dependence.

Screening algorithms that detect the scale of spatial 
heterogeneity in land cover based on high spatial resolution
spectral reflectance could potentially be used to differentiate
between relatively homogeneous areas and the heterogeneous
areas where a fine spatial resolution (< 1 km) may be needed.
Analysis of spatial autocorrelation with Landsat Thematic

Mapper imagery in the Pacific Northwest suggests that at
resolutions coarser than 250 m, the pattern of dispersed
clear-cuts begins to be lost (Turner et al. 2000).

The potential problems with temporal resolution are anal-
ogous to those with spatial resolution in many respects. Leaf-
level measurements with cuvettes, and ecosystem-level
measurements with eddy covariance flux towers, reveal that
basic physiological processes such as photosynthesis and
plant respiration respond quite rapidly (and often in a non-
linear fashion) to environmental drivers such as temperature
and irradiance. However, running a half-hourly time-step
model over a large area for multiple years is often not feasi-
ble, not only for computational reasons but also because of
the difficulty of providing meteorological data for each grid
cell at each time step. One alternative approach has been to
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Figure 4. Landscape-scale application of the Biome-BGC model with inputs of land cover and leaf area index from remote
sensing: (a) shaded relief, (b) land cover, (c) leaf area index (in square meters of leaf area per square meter of ground), and
(d) net ecosystem production (in grams of carbon per square meter per year). “HJA” refers to the H. J. Andrews Experimental
Forest. Adapted from Turner and colleagues (2003a).
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develop process models using data at fine temporal resolu-
tion for model calibration (e.g., half-hourly eddy covariance
flux data) and to run the models for a wide range of envi-
ronmental conditions, subsequently aggregating results to a
coarser time step to create response surfaces or parameteri-
zations for much simpler model forms (Williams et al. 1997).
The simpler model is then used in scaling applications.

Distinguishing the effects of canopy structure and chemistry
in carbon flux studies. In forested ecosystems, the canopy
properties that have been examined as potential scalars be-
tween remotely sensed imagery and carbon flux simulation
models can be generalized into two groups: (1) structural
properties, such as canopy biomass and LAI, and (2) bio-
chemical variables, such as chlorophyll and nitrogen con-
centrations.Although there is a reasonably firm understanding
of the roles played by each of these variables at specific sites,
the degree to which broadscale patterns of terrestrial carbon
uptake reflect variation in canopy structure rather than chem-
istry is not well understood.

Remote sensing is quite effective in quantifying LAI at 
relatively low levels. When LAI is low, the relationship of LAI
to NPP is strong, because a higher LAI means more 
absorbed photosynthetically active radiation (APAR). How-
ever, when LAI is higher (> 4), the fraction of incident pho-
tosynthetically active radiation that is absorbed by the canopy
is often close to 1, and therefore APAR does not increase ap-
preciably with increasing LAI. At that point, additional struc-
tural, compositional, and biochemical factors gain importance
as determinants of productivity. These include the following:

• The distribution of LAI among different heights in the
canopy (detectable by lidar and InSAR), which affects
the ratio of direct to diffuse light in the canopy and
hence the efficiency of light use.

• The variation among species in shade tolerance and in
corresponding light-use efficiency.

• The variation in foliar nitrogen concentration among
sites, and among species within a site, which strongly
influences productivity (Smith et al. 2002).

It is also evident that decreases in foliar nitrogen concentra-
tion late in the growing season are correlated with decreases
in canopy light-use efficiency that are independent of changes
in LAI (Wilson et al. 2001, Turner et al. 2003b).

Although regional- and continental-scale variation in
foliar nitrogen has been observed empirically and predicted
by optimal nitrogen allocation models (e.g., Haxeltine and
Prentice 1996), detecting nitrogen concentrations at broad
spatial scales has not been accomplished. The successful
launch of the Hyperion sensor, which operates at high spec-
tral resolution (220 channels) and at 30-m spatial resolution
(an effective resolution for vegetation surveys), provides
opportunities for research at a growing number of sites
(Ustin et al. 2004). The technical challenges that must be met
to make optimal use of these data include dealing with 

large volumes of data, improving methods for atmospheric
correction, and developing broadly applicable relation-
ships between spectral data and measured biochemical
constituents.

Validating estimates of carbon flux at coarse spatial resolu-
tions. The successful deployment of the MODIS sensor now
permits estimation of GPP every 8 days, and of NPP on an
annual basis, for every square kilometer of Earth’s terrestrial
surface (Running et al. 2004). A critical scaling issue related
to the task of validating products from coarse-resolution
sensors such as MODIS involves matching the scale of ground
measurements to the scale of the sensor products. NPP is 
typically measured in plots or subplots ranging from 1 to 
100 m2 (Gower et al. 1999); thus, it is not feasible to measure
NPP from wall to wall in a coarse-resolution grid cell. For NPP,
the best alternative may be to use remote sensing and 
modeling at fine spatial resolution (10 to 30 m), in which the
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Figure 5. Aboveground wood net primary production
(NPPAw; grams of carbon per square meter per year) and
stand age (years) at permanent plots managed by the
USDA (US Department of Agriculture) Forest Service’s
Forest Inventory and Analysis Program in two ecozones,
(a) the western Cascades and (b) the eastern Cascades.
Adapted from Law and colleagues (forthcoming).
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size of the grid cells more nearly matches the size of the 
validation plots. For GPP and NEP, validation measurements
can be derived from NEP measurements at the scale of a
flux tower footprint (usually < 1 km2). For these measure-
ments, as for NPP, validation can be accomplished by first 
using fine-scale remote sensing and modeling rather than 
direct comparison to MODIS GPP, which tends to be com-
promised by uncertainty about footprint location and by
data gaps in the tower data. The high-quality meteorological
observations at the tower can be used as model drivers, and
GPP estimates from tower data can be used for validation of
modeled GPP (Turner et al. 2003c).

The regional scaling of NPP or NEP based on remote
sensing and process models will also eventually provide val-
idation of land surface flux estimates derived from inverse
modeling (e.g., Ciais et al. 2000). The inversion approach
currently relies on flask samples, which significantly con-
strains the spatial resolution of the output (i.e., continental
scale). However, new satellite-borne sensors under develop-
ment will have the capability to measure total column and ver-
tical profile abundance of CO2 and thus to monitor spatial and
temporal patterns in CO2 concentration much more com-
prehensively (Engelen et al. 2001). The associated carbon
flux estimates derived from inverse modeling, therefore, will
have higher spatial and temporal resolution and will be
amenable to validation with regional flux estimates generated
from satellite data and process models.

Meeting the commitments of the United Nations Framework
Convention on Climate Change. The UN framework con-
vention, adopted internationally in 1994, calls for partici-
pating countries to deliver periodic inventories of greenhouse
gas emissions, including the sources and sinks of CO2 asso-
ciated with land use. The simplest approach to estimating 
carbon flux is a change-in-stocks approach that relies on
comprehensive inventories of vegetation biomass. Differ-
ences in total carbon storage at two points in time are divided
by the relevant interval to obtain an annual flux estimate 
averaged over the interval. In forested regions at mid latitudes,
this approach usually amounts to repeated surveys of a net-
work of permanent plots maintained by federal agencies for
the purposes of natural resource inventories (Birdsey et al.
1993). There are limitations to the inventory approach, in that
relatively long intervals are required to resurvey all plots,
sampling intensity may be low, and the results tend to reveal
only a net effect (i.e., relatively little about the mechanisms 
accounting for the changes).

An integrated remote sensing and modeling approach can
also produce an estimate of annual changes in carbon stocks.
Such an approach has the benefit of being spatially and tem-
porally explicit and of quantifying the full suite of carbon pools
and fluxes, including changes associated with harvesting
(Chen et al. 2003, Turner et al. 2004). The change-in-stocks
and remote sensing and modeling approaches to estimating
fluxes at a national level require quite different research in-
frastructures, but they are ultimately complementary. Both are

likely to play a role in the emerging US Carbon Cycle Science
Program (within the US Global Change Research Program),
whose primary objectives include producing carbon flux 
estimates relevant to the evolution of policy regarding global
climate change.

Conclusions
Ecosystem process models have become important tools for
scaling NPP and NEP over landscape to regional domains.
Their power is largely derived from their ability to distill a wide
array of diverse data into useful information and to force con-
sistency among numerous discrete observational data sets.
Satellite remote sensing is providing an increasing variety of
spatial data layers that are potentially usable as model input
or for validation of model output. The integration of process
models and remote sensing is particularly effective for mon-
itoring at landscape to regional scales, because at fine spatial
and temporal resolutions it can resolve the major near-term
controls on carbon fluxes, including land use, foliar bio-
physical characteristics, topography, and climatic gradients.
Research challenges in this field include optimizing spatial and
temporal resolution for specific applications, differentiating
the relative influences of structural and chemical variables on
ecosystem carbon fluxes, and systematically validating model-
based flux estimates.
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