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Why data-assimilation?

reports of the Intergovernmental Panel on Climate
Change (IPCC) to guide mitigation efforts by govern-
ments and public (Solomon et al. 2007). At local and
regional scales, ecosystem models have been used to
forecast changes in natural resources for improved
management (Hood et al. 2007, Kirilenko et al. 2007).
Ecological models have also played a role in forecasting
the timing and intensity of infectious diseases and in the
development of control strategies (Smith et al. 2005).
Inference from these types of models has led to successes
in early warning of disease risk and vaccination
strategies (Glass et al. 2000, Ferguson et al. 2001,
Keeling et al. 2001, 2003, Smith et al. 2005, Chaves and
Pascual 2007). Although forecasting has happened in
some areas of ecology, it is generally done without
formally integrating data to constantly improve models
and assess uncertainties of their forecasts.
With the advent of new measurement techniques and

observatory networks over the past decades, experimen-
tal and observational data are increasingly abundant,
offering a tremendous potential to improve ecological
forecasting. For example, FLUXNET is a worldwide
network with over 400 tower sites operating on a long-
term and continuous basis to measure ecosystem gas
exchange, supplemented with data on vegetation, soil,
hydrologic, and meteorological characteristics at the
tower sites (Baldocchi et al. 2001). Satellite observations
provide remote measurements of climate, ocean circu-
lation, terrestrial vegetation and phytoplankton, and
hydrology at multiple scales, which can be used to
inform ecological models about large-scale processes. In
response to the need for long-term data on ecological
responses to changes in land use, biological invasions
and climate, the U.S. National Science Foundation
(NSF) is establishing a National Ecological Observatory
Network (NEON), which is a continental-scale research
platform to gather such data. However, the ultimate
value of the diverse and abundant data will depend on
how well the data can be integrated with the best
available understanding of biological processes.
Integrative analysis that can combine data sources

into models that explicitly acknowledge sources of
uncertainty will be critical to advances in ecological
forecasting (Clark et al. 2004, 2007, 2010, Weng and
Luo 2011). This paper examines the potential to advance
ecological forecasting by combining data with models
using data assimilation (DA) techniques. While it has
been widely used in other scientific disciplines (Evensen
2007), DA has not been often employed in ecology.
Traditionally, DA uses data to constrain a model during

simulation to yield results that approximate reality as
closely as possible before it is applied to forecast the
most likely future state of an ecosystem. This is a more
stringent set of requirements than applied to models for
producing plausible futures generally consistent with
theory. By analogy with weather forecasting, running an
atmospheric model many times, initialized with average
summer conditions, will produce a number of realiza-
tions, but only by chance would one (or the average)
resemble the actual conditions on a particular day.
Initializing the same model with a best estimate of
today’s weather should produce a better forecast of the
next day’s weather than the former experiment.
Ecological models have generally been used in the
former mode, and it is our contention that today’s
environmental management issues also require the latter
capability, to forecast actual ecological futures and their
likelihood.
In this paper, we first review the definition of

ecological forecasting to illustrate key approaches and
major elements of forecasting. We then offer a historical
perspective on uses of data, model, and their integration
toward a predictive understanding of ecological systems.
Research methods have evolved from simple theoretical
models to a point nowadays when improvement of
complex simulation models using advanced optimiza-
tion tools makes ecological forecasting a realizable goal.
We also evaluate the current uses of simulation models
for ecological forecasting and prediction. These models
are useful but, by themselves, not adequate to provide
realistic forecasts. The models have to be iteratively
improved against data using DA techniques before they
can be effectively used for forecasting. We briefly
describe DA techniques and explore their applications
to model improvement and ecological forecasting.
Although DA is promising to improve ecological
forecasting, ecologists are just beginning to use it in
research. In the last section, we offer a vision on future
research opportunities and challenges as we enter a data-
rich era.

DEFINITION OF ECOLOGICAL FORECASTING

Ecological forecasting has several synonyms, includ-
ing prediction, projection, and prognosis (Table 1), all of
which are used to describe a process of estimating future
unknown situations. Prediction may be viewed as a
more general term to anticipate that something is likely
to happen in the future, sometimes under given
conditions, and implies a quantitative result. It is
important to recognize that prediction is not limited to

TABLE 1. Distinguished characteristics of terms: forecasting, prediction, projection, and prognosis

Term Characteristics

Forecasting probabilistic statement on future states of an ecological system after data are assimilated into a model
Prediction future states of an ecological system based on logical consequences of model structure
Projection future states of an ecological system conditioned upon scenarios
Prognosis subjective judgment of future states of an ecological system
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Why data-assimilation?

A data-assimilation system allows for automated 
re-calibration using alterative sets of plots or 
newly collected data 

Accounts for uncertainty in parameters; we no 
longer need a single value 

Easy to re-calibrate after model modifications or 
swapping of models 
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PINEMAP Tier 1, 2, and 3 data
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Region-wide coverage of data
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Monthly weather inputs
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Focusing on the most sensitive 
parameters

0 2 4 6 8 10 12

Sensitivity (%)

MaxAge
rAge

mF
nAge

tgammaF
SWpower2
MaxIntcptn

LAImaxIntcptn
fCg700

Qa
SWconst2

SWpower1
Blcond

mort_rate
LAIgcx
pFS20

m0
StemConst
SWconst1
gammaF0

Qb
mS
kF

Tmin
fCalpha700
StemPower

tSLA
MaxCond

fullCanAge
Tmax
pFS2
Topt

SLA1
gammaFx

SLA0
thinPower

CoeffCond
fNO
pRx

wSx1000
pRn

k
alpha

y
gDM_mol

molPAR_MJ

Relative sensitivity  

Clay Word (PINEMAP Intern) 



Parameter priors
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Climate parameter priors

Fixed physiological parameters in the 3-PG model produced accurate estimates
of loblolly pine growth on sites in different geographic regions
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a b s t r a c t

The goal of this project was to determine if 3-PG could accurately predict growth of loblolly pine (Pinus
taeda) plantations across a range of sites in the Piedmont and Coastal Plain provinces of Georgia using a
fixed physiological parameter set. The model was slightly modified to improve predictions of volume,
mortality and initial biomass growth. We hypothesized that because: (a) many physiological attributes
of loblolly pine including rates of net photosynthesis, dark respiration, stomatal conductance and specific
leaf area tend to be very similar across sites, and (b) leaf area is highly responsive to fertility but less so to
water and other environmental factors, a single physiological parameter set would be suitable for pre-
dicting growth across a range of loblolly pine plantations which differed in soil type, climate, and silvi-
cultural treatments. The parameter set was obtained from a combination of published values in the
literature and model calibrations developed from a single highly productive stand in the Coastal Plain
province in Georgia. Differences in potential productivity among sites were accounted for by only chang-
ing the value of the fertility rating and the soil type. The calibrated model was evaluated using observed
growth data obtained from a slower growing stand at the same Coastal Plain site as the calibration stand,
and three other sites, two in the Piedmont province and one in the Coastal Plain. At each of the four loca-
tions the model was evaluated using growth data from two plantations, one that received minimal silvi-
cultural inputs and another that received a highly intensive silvicultural treatment, including complete
and sustained competition control and annual fertilization.

The model performed well on all stands and treatments, and accurately estimated stem biomass and
diameter growth. The percent average deviation between predicted and observed values was less than
20% on most sites. The model did not accurately predict stand density in some cases and tended to
overestimate volume on sites with low intensity silviculture. The inaccuracy in predicting volume was
attributed to parameterization on a highly fertilized site and an inability to account for fertilization
effects on wood density. Despite the discrepancies in measured and modeled stem density and volume
it is our conclusion that, overall, the 3-PG model provided an accurate description of loblolly pine plan-
tation growth and productivity and was a particularly good predictor of stand biomass in both the Pied-
mont and Coastal Plain provinces of the Southeastern US using a single set of physiological parameters.

! 2012 Elsevier B.V. All rights reserved.

1. Introduction

Loblolly pine is the predominant timber species in the South-
eastern United States and is managed on a variety of site types
using both intensive and extensive silvicultural treatments
(Schultz, 1997). From the 1920s the average productivity of

loblolly pine stands in the region has increased from approxi-
mately 1 tonne ha!1 year!1 in naturally regenerated forests to
9 tonne ha!1 year!1 in intensively managed plantations at the
present time (Stanturf et al., 2003). Increased productivity can be
attributed to changes in silvicultural management regimes includ-
ing increased fertilization, competition control, and more intensive
site preparation, as well as genetic improvement. In addition,
climate change (primarily increased atmospheric [CO2]), increased
nitrogen deposition and changes in the pattern and amount of
precipitation may also lead to changes in productivity of loblolly
pine stands (Groninger et al., 1999; Wertin et al., 2010). For these

0378-1127/$ - see front matter ! 2012 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.foreco.2012.09.031
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Fig. 2. Mean vapour pressure deficit response curves for stomatal conductance of Cercis canadensis, Quercus rubra, Populus deltoides x P. nigra, and
Pinus taeda measured at 360 and 7 2 0 ^ m o l m o r ' CO2 concentration. Growth CO2 concentration did not influence the response to VPD or
measurement CO2 so measurements from seedlings grown in 360 and 720 ^mol mol"1 CO2 were pooled. An asterisk indicates a significant difference
due to measurement CO2 concentration at a particular vapour pressure deficit. Vertical bars represent standard errors.

when measured at 360 /xmol mol ' CO2 concentration
(Fig. 2). Given the significant VPD x measurement CO2
interactions, the proportional decrease in stomatal con-
ductance due to measurement in CO2 enrichment was
calculated at each VPD to determine how the relative
effect of measurement CO2 concentration changed as
VPD changed. Only Cercis showed a large reduction in
the proportional decrease due to CO2 enrichment as VPD
increased (Table 2).

Whole plant water use and stomatal density

In all four species, whole plant water use was lower
(P<0.05) during exposure to 720 ^mol mol"1 CO2 than
during exposure to 360^molmol"' CO2 (Table 3). For
Cercis, Quercus, and Populus, neither the effect of growth
CO2 concentration or the growth CO2 x measurement
CO2 interaction influenced this response. For Pinus, how-
ever, the growth CO2 x measurement CO2 interaction was
significant because whole plant water use of seedlings
grown in 720^molmol"1 CO2 was more sensitive to
measurement CO2 concentration than seedlings grown in
360 ^.mol mol"1 CO2 (P<0.05) (Table 3). Stomatal den-

Table 2. Mean proportional decrease in stomatal conductance
due to measurement in CO2 enrichment [ I — (measurement at
720 fji/nol mol~l CO Jmeasurement in 360 fj/nol mol~x CO2J]

for seedlings of Cercis canadensis, Quercus rubra, Populus
deltoides x P. nigra and Pinus taeda at two vapour pressure
deficits (actual VPDs are listed in Materials and methods)
Growth CO2 concentration did not influence the stomatal response to
CO2 concentration or VPD so measurements of seedlings grown in 360
and 720fimol mol"1 CO2 were pooled. Standard errors are in
parentheses.

VPD
(kPa)

Cercis Quercus Populus Pinus

-1.5
-2.5

0.35(0 039)
0.24(0.035)

0.35 (0.019)
0.34 (0.020)

0.33 (0.048)
0.30(0.091)

0.16 (0.027)
0 10(0.034)

sity was not statistically different between seedlings grown
in 360 and 720 ^mol raol"1 CO2 concentration for any of
the species. Stomatal densities for seedlings grown in 360
and 720 /xmol mol"1 CO2 concentration for Cercis were
225 and 229 mm"2, for Quercus were 436 and 417 mm"2,
for Populus were 140 and 136mm"2 (abaxial), and 90
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the independent variable values.

Data represent the upper 5 percent of dependent variable responses to the entire range over

evaporative demand. As VPD increased, E increased
correspondingly. However, E began to decline with VPDs
exceeding 3.5 KPa,  because gw decreased nearly 50
percent and stomata became partially closed at that time.
Our boundary-line responses of E and gw agreed with the
results reported by Cregg and others (1990) who examined
the water relations of a lo-year-old loblolly pine plantation in
southeastern Oklahoma.

Microclimate variables in forest stands control the growth of
trees through their effects on tree physiological processes
(Teskey and others 1987). These variables will be influenced
by global climate change. One of the predicted climate
change scenarios is global warming (Hansen and others
1988). Current general circulation models of the global
climate have projected that seasonal Ta and VPD will rise 2-
4 OC  and 0.2 KPa,  respectively, in the southern United
States (Cooter 1998). Predictions suggest that there will be
more days with Ta above 33 OC  and VPD above 3.5 KPa in
the summer (Cooter 1998). Our boundary-line response
equations indicate that increases in Ta and VPD may impact
the gas exchange performance of southern pine forests. If
current irradiance and precipitation remain unchanged, and
if foliage of southern pine trees cannot acclimate to elevated
Ta and VPD, the maximum gw, Pn and E will be decreased
significantly with global climate change. Extremely high Ta

(higher than 40 ‘C) and VPD (greater than 3.5 KPa) during
the summer will cause leaf stomata1 closure. Consequently,
Pn and E will be reduced substantially.

Annual precipitation is predicted to decrease and the
frequency and severity of drought are predicted to increase
with global warming (Hansen and others 1988). During a
drought, soil moisture supply and water potential of trees
decrease, causing water stress that reduces leaf expansion,
root growth, and aboveground productivity (Albaugh and
others 1998, Linder and others 1987, Sword and others
1998, Teskey and others 1987). Boundary-line relationships
between XPP and Pn and gw (R2 = 0.88 and 0.74,
respectively) found in our study predict that drought will
restrict foliage gas exchange considerably by the effect of
low XPPs (lower than -2.3 MPa) on gw and Pn. Other
studies have suggested that low XPPs will impact plant
carbon fixation directly by reducing the maximum catalytic
capacity of Rubisco (Wang and others 1985). High VPDs
associated with a drought may also limit gw, Pn. and E
significantly.

In summary, boundary-line analysis is an effective technique
for examining physiological responses of large trees under
field conditions. When PPFD, Ta, and VPD were optimum,
loblolly pine achieved a maximum Pn of 6.0 pmol  m” s-l, gw
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Climate change parameter priors

Fixed physiological parameters in the 3-PG model produced accurate estimates
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Charles Bryars a, Chris Maier b, Dehai Zhao a, Michael Kane a, Bruce Borders a, Rodney Will c,
Robert Teskey a,⇑
a Warnell School of Forestry and Natural Resources, University of Georgia, 180 E. Green St. Athens, GA 30601, USA
b US Forest Service, Southern Research Station, SRS-4160, 3041 Cornwallis Road, Research Triangle Park, NC 27709, USA
c Natural Resource Ecology and Management, Oklahoma State University, 008C Ag Hall, Stillwater, OK 74077, USA

a r t i c l e i n f o

Article history:
Received 17 May 2012
Received in revised form 16 August 2012
Accepted 23 September 2012
Available online 23 December 2012

Keywords:
Hybrid process model
3-PGlob

Loblolly pine
Parameterization

a b s t r a c t

The goal of this project was to determine if 3-PG could accurately predict growth of loblolly pine (Pinus
taeda) plantations across a range of sites in the Piedmont and Coastal Plain provinces of Georgia using a
fixed physiological parameter set. The model was slightly modified to improve predictions of volume,
mortality and initial biomass growth. We hypothesized that because: (a) many physiological attributes
of loblolly pine including rates of net photosynthesis, dark respiration, stomatal conductance and specific
leaf area tend to be very similar across sites, and (b) leaf area is highly responsive to fertility but less so to
water and other environmental factors, a single physiological parameter set would be suitable for pre-
dicting growth across a range of loblolly pine plantations which differed in soil type, climate, and silvi-
cultural treatments. The parameter set was obtained from a combination of published values in the
literature and model calibrations developed from a single highly productive stand in the Coastal Plain
province in Georgia. Differences in potential productivity among sites were accounted for by only chang-
ing the value of the fertility rating and the soil type. The calibrated model was evaluated using observed
growth data obtained from a slower growing stand at the same Coastal Plain site as the calibration stand,
and three other sites, two in the Piedmont province and one in the Coastal Plain. At each of the four loca-
tions the model was evaluated using growth data from two plantations, one that received minimal silvi-
cultural inputs and another that received a highly intensive silvicultural treatment, including complete
and sustained competition control and annual fertilization.

The model performed well on all stands and treatments, and accurately estimated stem biomass and
diameter growth. The percent average deviation between predicted and observed values was less than
20% on most sites. The model did not accurately predict stand density in some cases and tended to
overestimate volume on sites with low intensity silviculture. The inaccuracy in predicting volume was
attributed to parameterization on a highly fertilized site and an inability to account for fertilization
effects on wood density. Despite the discrepancies in measured and modeled stem density and volume
it is our conclusion that, overall, the 3-PG model provided an accurate description of loblolly pine plan-
tation growth and productivity and was a particularly good predictor of stand biomass in both the Pied-
mont and Coastal Plain provinces of the Southeastern US using a single set of physiological parameters.

! 2012 Elsevier B.V. All rights reserved.

1. Introduction

Loblolly pine is the predominant timber species in the South-
eastern United States and is managed on a variety of site types
using both intensive and extensive silvicultural treatments
(Schultz, 1997). From the 1920s the average productivity of

loblolly pine stands in the region has increased from approxi-
mately 1 tonne ha!1 year!1 in naturally regenerated forests to
9 tonne ha!1 year!1 in intensively managed plantations at the
present time (Stanturf et al., 2003). Increased productivity can be
attributed to changes in silvicultural management regimes includ-
ing increased fertilization, competition control, and more intensive
site preparation, as well as genetic improvement. In addition,
climate change (primarily increased atmospheric [CO2]), increased
nitrogen deposition and changes in the pattern and amount of
precipitation may also lead to changes in productivity of loblolly
pine stands (Groninger et al., 1999; Wertin et al., 2010). For these
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Landsberg-Sands version 
•  Added a parameter for density independent 

mortality (previously hardwired in code) 
•  Pulled out soil sensitivity parameters 

(previously hardwired in code) 
•  Fortran sub-routine called from R 
•  R does the modeling fitting 
•  Runs plots on different cores in parallel 

3PG model

3PG	
  Model	
  
in	
  fortran	
  with	
  	
  parallel	
  
compu*ng	
  across	
  plots	
  

(3PG	
  modeling	
  group)	
  

GPP 

Foliage 

Stem 

Root 



Data-assimilation algorithm
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Iteration of parameter  
exploration 

Parameter value 

Widely-used Monte Carlo Markov chain – Metropolis Hastings algorithm 
 
Explores parameter space: 
•  Accepts parameters sets that are better than previous set 
•  Accepts worse parameters proportional to how much worse they are 
•  Millions of iterations are necessary 
•  Runs for a week on VT Center for Environmental Applications of Remote 

Sensing computers 
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Parameter and model uncertainty

• Parameter	
  distribution	
  and	
  their	
  co-­‐variation	
  
–  For	
  example,	
  a	
  low	
  value	
  of	
  parameter	
  X	
  may	
  be	
  always	
  
associated	
  with	
  a	
  high	
  value	
  of	
  parameter	
  Y	
  

• Use	
  bootstrapping	
  methods	
  to	
  
–  Calculate	
  parameter	
  uncertainty:	
  Integrate	
  across	
  
parameter	
  distributions	
  (accounts	
  for	
  co-­‐variation)	
  

–  Calculate	
  model	
  error	
  uncertainty:	
  Integrate	
  across	
  
estimated	
  distribution	
  of	
  model	
  error	
  (based	
  on	
  estimate	
  
standard	
  deviation	
  of	
  error	
  distribution)	
  



Forecasts
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  site	
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Model	
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•  Future climate from 20 different climate models 
•  Two RCP scenarios (4.5 and 8.5) 
•  FR and soils for a site need to be specified by the user 

Forecasts incorporate parameter, model, climate, and scenario uncertainty 



Forecasts

reports of the Intergovernmental Panel on Climate
Change (IPCC) to guide mitigation efforts by govern-
ments and public (Solomon et al. 2007). At local and
regional scales, ecosystem models have been used to
forecast changes in natural resources for improved
management (Hood et al. 2007, Kirilenko et al. 2007).
Ecological models have also played a role in forecasting
the timing and intensity of infectious diseases and in the
development of control strategies (Smith et al. 2005).
Inference from these types of models has led to successes
in early warning of disease risk and vaccination
strategies (Glass et al. 2000, Ferguson et al. 2001,
Keeling et al. 2001, 2003, Smith et al. 2005, Chaves and
Pascual 2007). Although forecasting has happened in
some areas of ecology, it is generally done without
formally integrating data to constantly improve models
and assess uncertainties of their forecasts.
With the advent of new measurement techniques and

observatory networks over the past decades, experimen-
tal and observational data are increasingly abundant,
offering a tremendous potential to improve ecological
forecasting. For example, FLUXNET is a worldwide
network with over 400 tower sites operating on a long-
term and continuous basis to measure ecosystem gas
exchange, supplemented with data on vegetation, soil,
hydrologic, and meteorological characteristics at the
tower sites (Baldocchi et al. 2001). Satellite observations
provide remote measurements of climate, ocean circu-
lation, terrestrial vegetation and phytoplankton, and
hydrology at multiple scales, which can be used to
inform ecological models about large-scale processes. In
response to the need for long-term data on ecological
responses to changes in land use, biological invasions
and climate, the U.S. National Science Foundation
(NSF) is establishing a National Ecological Observatory
Network (NEON), which is a continental-scale research
platform to gather such data. However, the ultimate
value of the diverse and abundant data will depend on
how well the data can be integrated with the best
available understanding of biological processes.
Integrative analysis that can combine data sources

into models that explicitly acknowledge sources of
uncertainty will be critical to advances in ecological
forecasting (Clark et al. 2004, 2007, 2010, Weng and
Luo 2011). This paper examines the potential to advance
ecological forecasting by combining data with models
using data assimilation (DA) techniques. While it has
been widely used in other scientific disciplines (Evensen
2007), DA has not been often employed in ecology.
Traditionally, DA uses data to constrain a model during

simulation to yield results that approximate reality as
closely as possible before it is applied to forecast the
most likely future state of an ecosystem. This is a more
stringent set of requirements than applied to models for
producing plausible futures generally consistent with
theory. By analogy with weather forecasting, running an
atmospheric model many times, initialized with average
summer conditions, will produce a number of realiza-
tions, but only by chance would one (or the average)
resemble the actual conditions on a particular day.
Initializing the same model with a best estimate of
today’s weather should produce a better forecast of the
next day’s weather than the former experiment.
Ecological models have generally been used in the
former mode, and it is our contention that today’s
environmental management issues also require the latter
capability, to forecast actual ecological futures and their
likelihood.
In this paper, we first review the definition of

ecological forecasting to illustrate key approaches and
major elements of forecasting. We then offer a historical
perspective on uses of data, model, and their integration
toward a predictive understanding of ecological systems.
Research methods have evolved from simple theoretical
models to a point nowadays when improvement of
complex simulation models using advanced optimiza-
tion tools makes ecological forecasting a realizable goal.
We also evaluate the current uses of simulation models
for ecological forecasting and prediction. These models
are useful but, by themselves, not adequate to provide
realistic forecasts. The models have to be iteratively
improved against data using DA techniques before they
can be effectively used for forecasting. We briefly
describe DA techniques and explore their applications
to model improvement and ecological forecasting.
Although DA is promising to improve ecological
forecasting, ecologists are just beginning to use it in
research. In the last section, we offer a vision on future
research opportunities and challenges as we enter a data-
rich era.

DEFINITION OF ECOLOGICAL FORECASTING

Ecological forecasting has several synonyms, includ-
ing prediction, projection, and prognosis (Table 1), all of
which are used to describe a process of estimating future
unknown situations. Prediction may be viewed as a
more general term to anticipate that something is likely
to happen in the future, sometimes under given
conditions, and implies a quantitative result. It is
important to recognize that prediction is not limited to

TABLE 1. Distinguished characteristics of terms: forecasting, prediction, projection, and prognosis

Term Characteristics

Forecasting probabilistic statement on future states of an ecological system after data are assimilated into a model
Prediction future states of an ecological system based on logical consequences of model structure
Projection future states of an ecological system conditioned upon scenarios
Prognosis subjective judgment of future states of an ecological system
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Forecasts

reports of the Intergovernmental Panel on Climate
Change (IPCC) to guide mitigation efforts by govern-
ments and public (Solomon et al. 2007). At local and
regional scales, ecosystem models have been used to
forecast changes in natural resources for improved
management (Hood et al. 2007, Kirilenko et al. 2007).
Ecological models have also played a role in forecasting
the timing and intensity of infectious diseases and in the
development of control strategies (Smith et al. 2005).
Inference from these types of models has led to successes
in early warning of disease risk and vaccination
strategies (Glass et al. 2000, Ferguson et al. 2001,
Keeling et al. 2001, 2003, Smith et al. 2005, Chaves and
Pascual 2007). Although forecasting has happened in
some areas of ecology, it is generally done without
formally integrating data to constantly improve models
and assess uncertainties of their forecasts.
With the advent of new measurement techniques and

observatory networks over the past decades, experimen-
tal and observational data are increasingly abundant,
offering a tremendous potential to improve ecological
forecasting. For example, FLUXNET is a worldwide
network with over 400 tower sites operating on a long-
term and continuous basis to measure ecosystem gas
exchange, supplemented with data on vegetation, soil,
hydrologic, and meteorological characteristics at the
tower sites (Baldocchi et al. 2001). Satellite observations
provide remote measurements of climate, ocean circu-
lation, terrestrial vegetation and phytoplankton, and
hydrology at multiple scales, which can be used to
inform ecological models about large-scale processes. In
response to the need for long-term data on ecological
responses to changes in land use, biological invasions
and climate, the U.S. National Science Foundation
(NSF) is establishing a National Ecological Observatory
Network (NEON), which is a continental-scale research
platform to gather such data. However, the ultimate
value of the diverse and abundant data will depend on
how well the data can be integrated with the best
available understanding of biological processes.
Integrative analysis that can combine data sources

into models that explicitly acknowledge sources of
uncertainty will be critical to advances in ecological
forecasting (Clark et al. 2004, 2007, 2010, Weng and
Luo 2011). This paper examines the potential to advance
ecological forecasting by combining data with models
using data assimilation (DA) techniques. While it has
been widely used in other scientific disciplines (Evensen
2007), DA has not been often employed in ecology.
Traditionally, DA uses data to constrain a model during

simulation to yield results that approximate reality as
closely as possible before it is applied to forecast the
most likely future state of an ecosystem. This is a more
stringent set of requirements than applied to models for
producing plausible futures generally consistent with
theory. By analogy with weather forecasting, running an
atmospheric model many times, initialized with average
summer conditions, will produce a number of realiza-
tions, but only by chance would one (or the average)
resemble the actual conditions on a particular day.
Initializing the same model with a best estimate of
today’s weather should produce a better forecast of the
next day’s weather than the former experiment.
Ecological models have generally been used in the
former mode, and it is our contention that today’s
environmental management issues also require the latter
capability, to forecast actual ecological futures and their
likelihood.
In this paper, we first review the definition of

ecological forecasting to illustrate key approaches and
major elements of forecasting. We then offer a historical
perspective on uses of data, model, and their integration
toward a predictive understanding of ecological systems.
Research methods have evolved from simple theoretical
models to a point nowadays when improvement of
complex simulation models using advanced optimiza-
tion tools makes ecological forecasting a realizable goal.
We also evaluate the current uses of simulation models
for ecological forecasting and prediction. These models
are useful but, by themselves, not adequate to provide
realistic forecasts. The models have to be iteratively
improved against data using DA techniques before they
can be effectively used for forecasting. We briefly
describe DA techniques and explore their applications
to model improvement and ecological forecasting.
Although DA is promising to improve ecological
forecasting, ecologists are just beginning to use it in
research. In the last section, we offer a vision on future
research opportunities and challenges as we enter a data-
rich era.

DEFINITION OF ECOLOGICAL FORECASTING

Ecological forecasting has several synonyms, includ-
ing prediction, projection, and prognosis (Table 1), all of
which are used to describe a process of estimating future
unknown situations. Prediction may be viewed as a
more general term to anticipate that something is likely
to happen in the future, sometimes under given
conditions, and implies a quantitative result. It is
important to recognize that prediction is not limited to

TABLE 1. Distinguished characteristics of terms: forecasting, prediction, projection, and prognosis

Term Characteristics

Forecasting probabilistic statement on future states of an ecological system after data are assimilated into a model
Prediction future states of an ecological system based on logical consequences of model structure
Projection future states of an ecological system conditioned upon scenarios
Prognosis subjective judgment of future states of an ecological system
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Forecasts: RCP 8.5
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What are our new capacities?

• As	
  before	
  we	
  can	
  assess	
  the	
  response	
  of	
  a	
  stand	
  to	
  
future	
  climate	
  and	
  CO2	
  

•  In	
  addition	
  we	
  can	
  address	
  the	
  following:	
  
– What	
  is	
  the	
  probability	
  that	
  future	
  climate	
  and	
  CO2	
  will	
  
increase	
  growth?	
  

– What	
  is	
  the	
  probability	
  of	
  stand	
  X	
  having	
  biomass	
  Y	
  at	
  age	
  
25	
  in	
  year	
  2050?	
  

– What	
  is	
  the	
  relative	
  contribution	
  of	
  parameter	
  X	
  to	
  the	
  
total	
  uncertainty?	
  

– What	
  year	
  in	
  the	
  future	
  to	
  we	
  expect	
  the	
  signal	
  of	
  
increased	
  growth	
  to	
  emerge	
  from	
  the	
  noise	
  of	
  uncertainty?	
  	
  	
  



Next steps

• Better	
  water	
  cycle	
  
–  Eric	
  Ward	
  and	
  I	
  are	
  working	
  on	
  building	
  in	
  transpiration	
  
estimates	
  from	
  Tier	
  3,	
  Duke,	
  and	
  NC	
  Flux	
  tower	
  

• Better	
  root	
  dynamics	
  
–  Currently,	
  root	
  parameters	
  are	
  Uixed	
  because	
  region-­‐wide	
  
observations	
  are	
  lacking	
  

• Add	
  additional	
  Tier	
  1	
  and	
  2	
  plots	
  to	
  better	
  constrain	
  key	
  
processes	
  
–  	
  Plots	
  where	
  FR	
  can	
  be	
  assumed	
  to	
  be	
  1	
  are	
  critical.	
  

•  Improve	
  computational	
  efUiciency	
  to	
  allow	
  for	
  more	
  
plots	
  to	
  be	
  added	
  

	
  



Upcoming

• Three	
  AGU	
  oral	
  talks	
  in	
  the	
  session:	
  
–  “Predicting	
  future	
  productivity	
  of	
  Southeastern	
  U.S.	
  pine	
  
ecosystems	
  in	
  a	
  changing	
  climate	
  using	
  data	
  assimilation	
  
with	
  diverse	
  data	
  sources”	
  –	
  Monday	
  December	
  14	
  at	
  5:30	
  
pm	
  –	
  Oral	
  talk	
  by	
  Q.	
  Thomas	
  

–  “Relative	
  role	
  of	
  parameter	
  vs.	
  climate	
  uncertainty	
  for	
  
predictions	
  of	
  future	
  Southeastern	
  U.S.	
  pine	
  carbon	
  
cycling”	
  –	
  Tuesday	
  December	
  15	
  at	
  9:30	
  am	
  –	
  Oral	
  talk	
  by	
  
A.	
  Jersild	
  

–  “Incorporating	
  Ecosystem	
  Experiments	
  and	
  Observations	
  
into	
  Process	
  Models	
  of	
  Forest	
  Carbon	
  and	
  Water	
  Cycles:	
  
Challenges	
  and	
  Solutions”	
  –	
  Tuesday	
  December	
  15	
  at	
  
11:05	
  am	
  –	
  Oral	
  talk	
  by	
  E.	
  Ward	
  


