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ABSTRACT OF DISSERTATION
CHARACTERIZING UNCERTAINTY FOR REGIONAL CARBON CYCLE

MODELING

The discrepancy between current estimates of carbon dioxide emissions from
natural processes, disturbance of the land surface and fossil fuel combustion, and the
magnitude of accumulated CO, in the atmosphere as measured by the global flask
network indicates that there must be a terrestrial and/or oceanic repository for the
unaccounted carbon. The imbalance in estimates has become a major focus of research
during the last two decades, particularly since our ability to predict and manage CO,
concentrations in the future requires a thorough understanding of this disparity. A major
challenge of current carbon cycle research is to reconcile the differences between top-
down (eg. global inversions) and bottom-up (eg. process modeling, inventories)
approaches. The research presented in this dissertation addresses some of the key aspects
of model-data fusion that will be important within the framework of continental scaling
efforts such as the North American Carbon Program.

The geographical locus of the research is the WLEF-TV tower, a very tall tower
located in the Chequamegon National Forest near Park Falls, Wisconsin.
Micrometeorological and eddy covariance measurements have been made since 1995 at

three levels (30, 122, 396 meters) and many additional studies are underway in the
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region, forming the Chequamegon Ecosystem-Atmosphere Study (ChEAS). The
vegetation of the region is heterogeneous, composed of upland Jack and Red Pine, mixed
hardwoods and lowland conifers.

In a series of analyses, sources of error, potential for bias and impacts of model
and data choices in the context of regional carbon cycle modeling of temperate, forested
ecosystems were evaluated. A comprehensive sensitivity analysis was conducted using a
Monte-Carlo style framework to evaluate the sensitivity of a commonly used, complex
biophysical land surface model (Simple Biosphere Model, v.2; SiB2) to its
parameterization through time. The results of the sensitivity analysis were then used
within a Bayesian framework to calculate the uncertainty of land surface fluxes predicted
by the model attributable to the parameterization. Finally the potential for uncertainty
due to the spatial representation of the land surface was evaluated with a version of the
SiB2 model coupled to the Regional Atmospheric Modeling System (RAMS). The results
of this dissertation suggest that: there is a quantifiable level of model-data mismatch that
could be used as a prior uncertainty in regional atmospheric inversions, compensation
among parameters in complex biophysical land surface models complicates model
optimization, uncertainty due to model parameterization was greater than the uncertainty
attributable to mischaracterization of land surface heterogeneity and the potential for
reduction in uncertainty appears to be greatest during the periods of rapid land surface
change surrounding leaf-on in the spring and leaf-off in the autumn.

Lara Prihodko
Graduate Degree Program in Ecology
Colorado State University

Fort Collins, CO 80523
Summer 2004
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CHAPTER 11
INTRODUCTION
1.1 Introduction

Global atmospheric carbon dioxide concentrations ([CO,]) have been increasing
since the Industrial Revolution as a result of anthropogenic emissions. However, the rate
at which measured atmospheric [CO;] is increasing is inconsistent with these emissions,
it is less than expected. This discrepancy between current estimates of carbon dioxide
emissions from natural processes, disturbance of the land surface and fossil fuel
combustion, and the magnitude of accumulated CO; in the atmosphere as measured by
the global flask network (http://www.cmdl.noaa.gov/ccgg/index.html) indicates that there
must be a terrestrial and/or oceanic repository for the unaccounted carbon (Houghton et
al. 1990; Schimel 1995; Tans and White 1998). The imbalance in estimates has become a
major focus of research during the last two decades, particularly since our ability to
predict and manage CO, concentrations in the future requires a thorough understanding
of this disparity.

The current understanding is that about half of the unaccounted for carbon is in
the terrestrial biosphere of the Northern hemisphere. This conclusion was drawn from
the results of atmospheric inyersions which use seasonal and interannual patterns of
[CO,] to infer sources and sinks of CO; in the global biosphere (Tans et al. 1990;

Bousquet et al. 2000; Gurney et al. 2002; Rodenbeck ez al. 2003). Coupled biosphere-
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atmosphere models as well as observations from the global flask network are used in
these inversions to locate areas with source and/or sink activity. The stable isotope
composition of CO, contributes additional information to atmospheric inversions and is
used to distinguish oceanic from terrestrial fluxes (Ciais ef al. 1995; Rayner et al. 1999).
Recent land based modeling and inventory estimates designed to reduce uncertainty in
the calculation of sources and sinks of CO; in the coterminous United States suggest a
land carbon sink ranging from 0.08 Pg C yr'1 to 0.58 Pg C yr'1 (Schimel et al. 2000;
Pacala et al. 2001) consistent with atmospheric inversion studies (Gurney ef al. 2002).
There is, however, persistent uncertainty in the precise magnitude and location of
the sink(s). This uncertainty is the result of an incomplete understanding of how to
observe, model and predict the appropriate processes in space and time. It is also the
result of a limited capacity, both physical and computational, to observe and model what
is understood. The practical consequences are global atmospheric inversions that are
poorly constrained spatially due to a paucity of observations in certain geographic areas
and due to the spatial resolution at which they can be run. Land based modeling and
inventory estimates of sources and sinks of CO, are equally limited by a lack of available
and appropriate data. Theoretically, uncertainties stem from simplified assumptions, such
as those concerning the seasonal and interannual variability of isotope discrimination
within terrestrial ecosystems (Enting et al. 1995; Rayner et al. 1999) and from
incomplete understanding, such as how interannual variability in photosynthesis and
respiration might result from disturbance and climatic variations (Bousquet ez al. 2000).
There is also a lack of understanding of how land surface-atmosphere

interactions and land surface processes scale through space and time (Oechel et al. 2000;
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Vourlitis et al. 2000; Kaminski et al. 2001; Rahman et al. 2001; Geels et al. 2004).
Atmospheric inversion models must specify time-space patterns of flux variations a
priori. Errors in these patterns are inevitably aliased into errors in the estimated fluxes
from these regions (Kaminski ez al. 2001). Thus, an understanding of the uncertainty in
the estimates of these space-time flux patterns and the propagation of this uncertainty
through the inversion is critical (Engelen et al. 2002). Otherwise an accurate estimate of
the uncertainty in the fluxes calculated from the inversions is impossible. Further, any
improvement in these space-time patterns will reduce the uncertainty in the a posteriori
fluxes.

Over the last ten years, large-scale field experiments (e.g. FIFE (Hall and Sellers
1995); HAPEX (Prince et al. 1995); BOREAS (Sellers et al. 1995a); LBA (Avissar et al.
2002)) and the development of international observational networks (FLUXNET;
Baldocchi et al. 2001) have increased our understanding of regional flux patterns
considerably, though the observations are typically limited in either space or time. The
United States, Canada and Mexico have recently embarked on an ambitious, multi-year
program (the North American Carbon Program; NACP) to better understand the role
North American ecosystems play in the global carbon cycle and to reconcile the
differences between top-down (eg. global inversions) and bottom-up (eg. process
modeling, inventories) approaches (Wofsy and Harriss 2002; Denning et al. 2004). The
program consists of long and short-term measurements from plant to continental scale. It
will include process level studies, inventories and atmospheric concentrations for the land
portion. There will also be an oceanic component, looking at the large water bodies that

border North America. The program will include multi-scale, multi-data and multi-model
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integration with the common goal of characterizing the carbon cycle well enough to
reduce the outstanding uncertainties in predictive models so that we will be better able to
predict how biological sinks/sources might operate in the future.

An important component of the NACP will be the integration of ground based and
aircraft measurements with remotely sensed data and biosphere-atmosphere models to
extend results to the continent. There is a great deal of potential in using regional scale
measurements and modeling to link the top down and bottom up approaches. Coupled
regional atmospheric and land surface models preserve the property of spatial integration
that is such an advantage in global atmospheric inversions while incorporating the
explicit process based modeling at higher spatial resolutions that is necessary for
predictive power. Further, regional scale observations from the NACP will permit the
evaluation of the results of such coupled models. Once the strengths and weaknesses of
these models have been assessed, they could be applied in other areas of the world where
development of such a dense observational network is improbable. Thus a major
challenge of the NACP will be to develop ways to integrate the disparate data streams in
such a way that they will be of use to the modeling communities who are attempting to
bridge the top down/bottom up divide; while a concurrent challenge to the modeling
communities will be to determine the most appropriate ways to use the data.

Data assimilation has long been a staple of the atmospheric science community
for weather forecasting and more recently for atmospheric inversion studies (Kalnay
2003). Data assimilation utilizes the concept of model-data fusion, in which observational

data and models are used synergistically, to advance the predictive and explanatory
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power of both. Accordingly, the goal of data assimilation is the optimal combination of
both process based models and observations.

Fundamental to data assimilation are the concepts of sensitivity and uncertainty.
A common objective of data assimilation is the optimization of parameters and states in
process models. As Kaminski et al. (Kaminski et al. 2002) have noted, this can only be
achieved with a level of confidence when the parameter or state is sensitive to the
observations. Further, quantifying the level of uncertainty in the models and observations
is essential for robust results (Rodenbeck ez al. 2003). Quantifiable uncertainty in both
models and observations is used to constrain or relax the freedom of optimizations in
realistic ways and to limit over-interpretation of results.

In the last few years, there have been many developments in the assimilation of
CO, concentration data into atmospheric inversions including recommendations for
reducing spurious interpretations through better data choices (Law ez al. 2003a;
Rodenbeck et al. 2003) and incorporating more highly time-resolved information (Law et
al. 2003b). A relatively new development is that of Carbon Cycle Data Assimilation
(CCDA; Kaminski et al. 2002; Kaminski et al. 2003), in which atmospheric
concentration data and possibly other observational data is used to optimize a terrestrial
biosphere model. In CCDA the goal is to improve the parameterization and predictive
power of process models such that they provide more robust fluxes for atmospheric
inversions, to quantify the uncertainty in the surface fluxes and models better, and to
increase the amount and kinds of data that can be used to constrain atmospheric
inversions (Kaminski et al. 2002). Initial work with a relatively simple terrestrial

biosphere model (two parameters to optimize) has shown that both CO; concentration
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data and flux measurements (as from a tower) can provide powerful constraints on model
parameters and the resulting predictions of fluxes (Kaminski ez al. 2002). Work is in
progress with a much more complex terrestrial biosphere model (Kaminski ez al. 2003).
This dissertation addresses some of the issues likely to be faced in this new and
challenging environment. In Chapter 2 a biophysical land surface model (SiB2.5; Baker
et al. 2003) is introduced and its application to a temperate, forested region in the upper
mid-west U.S. is discussed. SiB2.5 is a complex, non-linear, highly parameterized model
that has been coupled to both a general circulation model and a regional atmospheric
model. Recent work has suggested that when large numbers of parameters are required in
models such as SiB2.5, there may be compensation among parameters which results in
physically reasonable simulations across a wide range of parameter values “equifinality”
(Franks et al. 1997; Franks 1998). Equifinality in land surface models precludes efficient
optimization if indeed optimization is truly possible. In Chapter 3, the sensitivity of
SiB2.5 to its parameterization is examined. Parameter sensitivity 1s assessed with respect
to the ability of SiB2.5 to simulate fluxes of latent and sensible heat as well as the net
ecosystem exchange of carbon as measured on a flux tower at both monthly and annual
time scales. Parameters that do not contribute to the success of the model are identified
and the remaining parameters and resultant distributions of those parameters are
discussed. In Chapter 4, the results of the sensitivity analysis are used to assess the

uncertainty in fluxes simulated with SiB2.5 attributable to the parameterization. Using a

Bayesian framework, uncertainty bounds on the simulated fluxes are calculated at both
the yearly and monthly timescale and the appropriateness of the time varying and time

invariant parameterization of the model is discussed.
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Models such as SiB2.5 often rely on remotely sensed data to represent surface
processes and/or to provide state variables, providing the critical link between local,
regional and global scales. The advantage of using remote sensing in such modeling
efforts is its ability to provide parameter fields not easily measured, either temporally or
spatially, at the ground surface. This advantage, however, can also be seen as a
disadvantage in that the spatial and temporal resolutions of the data are fixed (30m,
250m, 1km, every 2 days, every 10 days, etc...) and may or may not be appropriate to
represent the heterogeneity of the surface accurately. Further complicating matters, the
effects of scale and subgrid scale heterogeneity are likely to be most important where
small changes in parameterization lead to large changes in predictions. In Chapter 5 the
uncertainty in regional simulations of latent and sensible heat flux and net ecosystem
exchange resulting from differing representations of land surface heterogeneity is
evaluated. A version of SiB2 coupled to a regional atmospheric model (RAMS; Cotton
et al. 2003) is parameterized with two different representations of land surface
heterogeneity for the upper mid-west United States. Simulations are conducted for three
phenologically distinct time periods; late spring as soils thawed but before leaf out, the
advent of leaf out and full summer vegetation. Uncertainty in regional flux simulations as
well as local variability are discussed and compared to earlier results.

A central objective of contemporary carbon cycle science is to move from
separate top-down and bottom-up approaches to more comprehensive spatial and
temporal analyses that will both improve prediction and provide a strong foundation for
policy formulation in the future. Thus, it is crucial to understand the sources of error,

potential for bias and impacts of model and data choices as they provide greatly needed
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context. This dissertation addresses aspects of sensitivity and uncertainty in carbon cycle
modeling that will be important for improving methodologies and interpretations of data,

especially when programs such as the NACP come on-line.
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CHAPTER 2
COMMON DATA AND MODEL

2.1 Introduction

Working across time and space scales requires the integration of many types of
datasets. Presented in this chapter are descriptions of data and a model common to the
experiments in this dissertation. These include a description of the site, meteorological
forcing data and surface flux observations for the site, the principal land surface model
and boundary conditions for that model. Together they provide the physical context for
the experimental modeling work. Later chapters present additional data sets and models
relevant to particular experiments.
2.2 Site Description

The WLEF-TV tower (90.28°W, 45.95°N) is located within the Chequamegon
Nicolet National Forest in the northern highlands region of Wisconsin, approximately
100 Kilometers south of Lake Superior. Micrometeorological, eddy covariance and CO,
concentration measurements have been made since 1995 on this tall tower (a 447 m tall
TV tower; Figure 2.1.) (Bakwin et al. 1998; Berger et al. 2001; Davis et al. 2003). The
vegetation of the region is composed of mixed northern hardwoods, upland Jack and Red
pine, lowland conifers, aspen and wetlands (Figure 2.2) (WiDNR 1998; Burrows ef al.
2002). Much of the area was logged from 1860-1920 and has since re-grown (USDAFS

2001). The topography is mild, with a local relief of up to 45 meters, and elevations

9
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reaching to approximately 450 meters above sea—level (Martin 1965; Burrows et al.
2002; Davis et al. 2003). The climate of the area is cool continental with a thirty-year
(1971-2000) annual average mean temperature of 4.9 degrees C (-12.3 °C average in
January; 19.6 °C average in July) and annual precipitation averaging 815 mm yr' (MRCC

2002). The area has mixed recreational usage year-round.

Figure 2.1. The WLEF tall tower and surrounding region.

10
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Studies are being undertaken at the tall tower and in the surrounding region to
assess the exchange of CO; and energy between the forest and the atmosphere and the
processes contributing to these fluxes (Davis et al. 2003). Additional studies address
questions of scale (Burrows et al. 2002; Mackay et al. 2002), measurement of regional
surface processes by remote sensing and the role of atmospheric boundary layer
dynamics in regulating the carbon dioxide concentration near the ground (Yi et al. 2001;
Denning et al. 2003). Collectively, these studies form the Chequamegon Ecosystem
Atmosphere Study (ChEAS) (for details see http://cheas.psu.edu/)
2.3 Observational Data
2.3.1 Meteorological data
Micro-meteorological measurements have been made at the WLEF tall tower
since 1995 (Bakwin ef al. 1998; Berger et al. 2001; Davis et al. 2003). Wind speed and
direction, air temperature and relative humidity are measured at 30m, 122m, and 396m.
Atmospheric pressure, precipitation, photosynthetically active radiation (PAR) and net

radiation are measured at the surface in the clearing surrounding the tower. For this study
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meteorological measurements for the year 1997 at 122m were used. These measurements
were averaged at hourly intervals. Figure 2.3a,b shows the average monthly relative
humidity at 122m and monthly maximum PAR. Incoming long-wave radiation was not
measured, so the method of Idso (Idso 1981) was used to estimate long-wave radiation
from air temperature and humidity.
A hierarchical sequence of methods was used to fill gaps in the meteorological
data due to intermittent instrument or data logger failures (Baker et al. 2003). The filled
meteorological variables used in this dissertation are: air temperature, dew point
temperature and wind speed at 122m, atmospheric pressure, incoming long wave
radiation, incoming short wave radiation and precipitation at the surface.
“The gap filling sequence included, in order of preference: (1) temporal interpolation
within the data stream for gaps of less than 2 hours, (2) use of data from an
alternative height on the WLEF tower, with adjustment for systematic differences
caused by height, (3) use of data from the nearby Willow Springs site, with
adjustment for systematic differences caused by location, (4) use of an average for
the time of day of missing measurements, using data from the previous and
following 15 day period, and (5) use of an average for the time and date of missing
measurements, using data from the previous and following 15 day period, in the
same year and any other available year. In methods (2)-(5) the mean adjustment and
averages were calculated, with standard deviations, using measurements at that time
of day during the 15-day period before and after the time and date of the missing
measurement. Methods (2)-(5) were not used if the variability of the adjustment or
average was more than a threshold value (defined as standard deviation/mean =
2.0).” (Baker et al. 2003).

Figure 2.3d shows monthly average air temperature at 122 meters on the WLEF tower

compared to the thirty-year mean at the Park Falls weather station (MRCC 2002).

Gaps in the precipitation data were filled directly with measurements from the

Willow Springs site from May through November. During the wintertime (December

through April), the WLEF and Willow Springs gauges had problems recording snowfall
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events, a problem typical of tipping bucket type gauges. To produce more accurate
snowfall driver data, snowfall observations from nearby (13.3 km to 91.6 km) national
weather service cooperative stations were used to determine wintertime precipitation.
Substitute stations with available data were chosen in order of proximity to the tall tower.
These daily observations were divided into equal hourly increments under the assumption
that winter precipitation would generally be stratiform in nature (Figure 2.3 c).
2.3.2 Flux Observations

High frequency flux observations of latent (LE) and sensible heat (H) and net
ecosystem exchange of CO, (NEE) have been made on the tall tower at three heights
(30m, 122m and 396m) since 1995 (Bakwin et al. 1998; Berger et al. 2001; Davis et al.
2003). At each of these heights three-dimensional wind speed and direction, sonic
temperature, relative humidity, and the mixing ratios of CO, and H,O are sampled at Shz
and averaged over an hour. In addition, the mixing ratio of CO; and H,O are measured at
three other heights (11m, 76m and 244m). Corrections were applied to the flux data to
account for storage effects and preferred values of NEE, LE and H were selected based
on atmospheric conditions (Davis et al. 2003). The preferred values were selected to best
represent the heterogeneous landscape in the area by maintaining a large, consistent flux
footprint while lessening the influence of the cleared patch (radius 200m) underneath the

tower.
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Figure 2.3. (a) Monthly average relative humidity at 122m, (b) monthly maximum PAR,
(c) monthly total precipitation (d) and monthly average air temperature. Park Falls
historical averages from the Midwestern Regional Climate Center (MRCC 2002).
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Corrections for storage were computed by calculating the rate of change of the
mixing ratio of a gaseous species with height from the 6 levels and adding the change of
storage below a given measurement height to the turbulent flux of the species at that
height. In the case of sensible heat, it is the vertically integrated enthalpy. The net

ecosystem exchange of a gaseous species or air temperature is then:

+ F,

Stb

2.1)

Sst

F=[ %ty W, = F
ot
where s is a mixing ratio of a gaseous species ([CO],[H>O]) or air temperature (T), z is
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the height, z, is the measurement height, w is the vertical velocity, F is the net flux, s¢
indicates storage and ¢b turbulent flux. Perturbations are indicated by primes and the time
average mean by the overbar. Additionally, for LE the covariance of [H,O] is multiplied
by A, where A is the latent heat of vaporization and for H the covariance of T is
multiplied by pC, where p is the density of air and C; is the specific heat of air at
constant pressure.

Preferred values of NEE, LE and H were then chosen based on stability. When
surface fluxes of sensible heat were greater than 100 Wm™, conditions were considered to
be strongly unstable and measurements were taken from 122m, 396m or an average of
the two. When surface fluxes of sensible heat were less than 100 Wm™, conditions were
considered to be slightly unstable to stable and measurements were taken from 30m. If
data were missing from the favored level, data from one or two of the other levels were
used. Short gaps of missing data, one to two hours, were interpolated. A dataset where
larger gaps were filled was not used in this dissertation. See Davis et al.. (Davis et al.
2003) for a complete description of the methodologies used for both storage and stability
corrections.

For the work presented in this dissertation, flux data from the year 1997 were
used. 1997 was chosen because conditions were close to the thirty-year average for
temperature and precipitation and because it was the first full year of flux data collected
at WLEF. The data were also thoroughly analyzed in a paper by Davis et al. (Davis et al.
2003). Approximately twenty-nine percent of the observations of NEE and thirty-three
percent of latent and sensible heat flux observations for May were missing.

Approximately thirty-seven percent of the observations of NEE and forty percent of
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latent and sensible heat flux observations for August were missing. Overall, 90% of NEE
observations and 85% of the possible observations of sensible heat flux and latent heat
flux were available. Figure 2.4 shows a monthly mean diurnal plot of observed latent and
sensible heat flux and NEE plotted with simulations for July 1997. See appendix one for

monthly mean diurnal plots for all 12 months.

Latent and Sensible Heat Flux Net Ecosystem Exchange
Observations and Simulations Observations and Simulations
July, 1997 July, 1997
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Figure 2.4. Monthly mean diurnal cycles of latent and sensible heat flux and net
ecosystem exchange, simulations (-sim) and observations (-dat), for WLEF, July 1997 in
GMT.
2.4 Model Description

The Simple Biosphere Model version 2 (SiB2; Sellers ef al. 1996b) is a single
canopy-layer scheme describing the transfers of heat, water and carbon in the soil-
vegetation-atmosphere continuum. SiB2’s physical model of radiation balance, heat and
water transport conserves mass and energy. SiB2 incorporates leaf-level physiology

controlling photosynthesis (Farquhar et al. 1980; Collatz et al. 1991; Collatz et al. 1992)

and the Ball-Berry (Ball et al. 1987) description of stomatal behavior which links water

loss and carbon assimilation. Canopy scale calculations of carbon and water fluxes are
estimated from leaf level physiology and exchange using a canopy integration factor (] ])
that is related to the extinction of photosynthetically active radiation (PAR) through the

canopy (Sellers et al. 1992a). [] reflects the assumption of continuously varying stomatal
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conductance, carbon assimilation, and rubisco velocity (Vmax) vertically in the canopy in
response to the time-mean distribution of light, with nitrogen allocation responding
accordingly (Field and Mooney 1986). The integration factor allows for a direct
relationship between canopy scale fluxes and larger spatial scales because the fraction of
absorbed photosynthetically active radiation (fpar) by a canopy is near linearly related to
the simple ratio (SR) (Sellers 1985; Sellers 1987):

oo IR _ (1+NDVI)

(2.2)
R (1-NDVI)
npyr =R-R (2.3)
IR+R

where IR is near infrared reflectance and R is red reflectance. Near infrared and red
reflectance, and thus the simple ratio and the normalized difference vegetation index
(NDVT; see eq. 2.3), are commonly observed by remote means.

In SiB2 the annual sum of the respiratory loss of carbon from the soil is assumed
to be equal to the annual sum of the canopy net carbon assimilation. Respiratory losses
are parameterized diurnally and seasonally by partitioning respiration between the six soil
layers and the surface and regulating the respiration rate through temperature, moisture
and soil texture (Raich and Nadelhoffer 1989; Denning ef al. 1996a). Therefore, when
run at an annual time scale with this parameterization of soil respiration there is a net zero
balance of carbon into and out of the system. At shorter time scales, however, carbon is
not conserved. At WLEF in 1997 a net zero balance of carbon into and out of the system
is a reasonable assumption, the NEE of CO, was 16 + 19g C m™ yr'' (Davis et al. 2003).

The use of a single canopy-layer scheme, and in particular the methods used to

scale processes from leaf to canopy, permit SiB2 to be driven by remotely sensed
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estimates of vegetation properties (Sellers e al. 1996a). This in turn simplifies the
parameterization of the model while better representing the variability of vegetation in
space than models that assign uniform properties to all grid cells of a particular
vegetation class. It also allows SiB2 to be run at a wide range of spatial scales. In SiB2,
primary parameters affecting land surface-atmosphere exchanges include canopy and soil
structural and optical properties and physiological parameters controlling photosynthesis
and respiration. The most recent version, SiB2.5 (Baker et al. 2003), includes prognostic
equations describing transfers of heat, water and carbon that also account for canopy air-
space storage. Also incorporated into SiB2.5 was a six-layer soil temperature model, an
update from the three-layer model in previous versions. SiB2 and SiB2.5 can be run as
single point simulations as well as coupled to regional and global atmospheric models
(Denning et al. 1996a; Denning et al. 1996b; Randall et al. 1996; Colello et al. 1998;
Baker et al. 2003; Denning et al. 2003; Nicholls et al. 2004).
2.4.1 Model boundary conditions

Boundary conditions for SiB2 and SiB2.5 characterize land surface conditions at a
location using a combination of land cover type, monthly maximum Normalized
Difference Vegetation Index (NDVI) and soil properties. Two types of parameters
represent the boundary conditions, time invariant biophysical parameters (40) (Table
2.1a) and time-varying biophysical parameters (8) (Table 2.1b). Time invariant
biophysical parameters include quantities such as canopy height, leaf angle distribution,
leaf optical transmittance and the physiological parameters related to photosynthesis and
respiration, as well as soil hydraulic and thermal properties (see Table 2.1a for a full list).

The majority of these parameters are defined through literature values and are assigned

18

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



by biome, of which there are 9 distinct types in SiB2 and SiB2.5 (see Sellers et al.
1996a). In the standard version of SiB2 the time invariant soil hydraulic and thermal
properties are assigned by soil textural class. However, in this study these are calculated
from the percent sand and percent clay of the soil using the equations of Cosby et al
(Cosby et al. 1984) as modified by Bonan (Bonan 1996). This modification permitted
better representation of the spatial variability in soil physical characteristics. The soil
parameters and their equations are listed in Table 2.2. Time invariant parameters which
are used in calculations of heterotrophic respiration from the soil are estimated from the
percent clay of the soil using curves fit to data in Raich et al (Raich et al. 1991) (K.
Schaeffer, Colorado State University, personal communication). These parameters and
their equations are listed in Table 2.3.

Time-varying biophysical parameters include quantities such as leaf area index,
fractional absorbed photosynthetically active radiation and surface roughness length (see
Table 2.1b for a complete list). Most of these parameters are estimated either directly or
indirectly from NDVI data using the methods of Sellers and Los (Sellers et al. 1996a;
Sellers et al. 1996b; Los et al. 2000). GMUDMU, the time mean leaf projection, is not
estimated from NDVI but varies at a monthly time step depending on the solar

declination and latitude.
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Table 2.1a. Standard time invariant boundary conditions for the WLEF site

Parameter | Definition I WLEF
Time invariant parameters

Z2 Canopy top height (m) 20.0
Z1 Canopy base height (m) 10.0
ZC Canopy inflection height (m) 15.0
VCOVER Vegetation cover fraction 0.9875
CHIL Leaf angle distribution factor 0.125
ROOTD Rooting depth (m) 1.5

PH Y critical leaf water potential (m) -200.0
TRANI1 Green leaf transmittance (PAR) 0.05
TRAN21 Green leaf transmittance (NIR) 0.15
TRANI12 Brown leaf transmittance (PAR) 0.001
TRAN22 Brown leaf transmittance (NIR) 0.001
REFI11 Green leaf reflectance (PAR) 0.07
REF21 Green leaf reflectance (NIR) 0.38
REF12 Brown leaf reflectance (PAR) 0.16
REF22 Brown leaf reflectance (NIR) 0.42
VMAXO0 Rubisco velocity of sun leaf (mol m™ s™) 7.5E-5
EFFCON Quantum efficiency (mol mol ™) 0.08
GRADM Conductance-photosynthesis slope parameter 9.0
BINTER Minimum stomatal conductance (mol m”s™) 0.01
ATHETA Light and rubisco coupling parameter 0.98
BTHETA Light, rubisco and CHO sink parameter 0.95
TRDA Respiration temperature response (K™ 1.3
TRDM Respiration inhibition }-point temperature (K) 328.16
TROP Respiration optimum temperature (K) 298.16
RESPCP Leaf respiration fraction of Vmax 0.015
SLTI Photosynthesis low temperature response (K™') 0.2
SHTI Photosynthesis high temperature response (K™') 0.3
HLTI Photosynthesis low temperature inhibition 2-point (K) 280.66
HHTI Photosynthesis high temperature inhibition 2-point (K) 307.16
BEE Slope of the retention curve 5.29
PHSAT Soil water potential at saturation (m) -0.25
SATCO Hydraulic conductivity at saturation (m) 3.4E-6
POROS Water content at saturation (porosity) 0.44
SLOPE Cosine of mean terrain slope 0.1736
WOPT Optimal percent of soil saturation for respiration 62.12
M Skewness exponent of respiration vs. soil water 0.362
WSAT Coefficient for respiration rate at soil water saturation 0.537
SODEP Soil depth (m) 2.0
SOREF1 Soil reflectance (PAR) 0.11
SOREF2 Soil Reflectance (NIR) 0.22
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Table 2.1b. Standard time varying boundary conditions for the WLEEF site, 1997.

Time varying parameters January-December, 1997

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
APAR Fraction of absorbed photosynthetically active radiation | (.42 0.3 0.2 047 0.69 0.94 0.95 0.95 0.95 0.89 0.63 0.51
ZLT Leaf area index 0.58 039 029 078 153 404 742 6.7 497 277 112 071
GREEN Greenness fraction 0.65 065 054 09 095 098 099 088 078 054 053 0.89
Z0D Surface roughness length 0.5 039 032 059 08 102 1.02 103 103 09 071 056
ZP_DISP | Zero plane displacement height 153 151 149 154 157 162 166 166 164 160 156 154
CCl1 Boundary layer resistance coefficient 416 583 786 323 187 92 6.4 6.8 8.1 119 240 351
cc2 Canopy layer resistance coefficient 281.0 269.6 261.6 2922 331.2 4628 6659 619.5 5158 3950 3103 2882
GMUDMU | Time mean leaf projection 1.10 1.03 094 088 08 083 084 087 092 101 109 113




Table 2.2, Equations for time invariant soil hydraulic and thermal parameters.

Name Definition Equation (number)
_l O x 10(1.88—0.0131><Fsand)
PHSAT | Soil water potential at saturation (m) = 2.4
1000
POROS | Water content at saturation (porosity) =0.489-0.00126 x Fsand 2.5

0.0070556 x ] (0 ~0-384+0.0153xFsand)

SATCO | Hydraulic conductivity at saturation (m) (2.6)
1000

BEE Slope of the retention curve =2.91+0.159x Fclay 2.7)

* Fclay and Fsand are the fraction of clay and sand in the soil as a whole number.

Table 2.3. Equations for time invariant heterotrophic respiration parameters.

Name | Definition Equation (number)

wopr |Optimal percent of soil) _ 4 ng. 5752 4 022 felay +0.59)x 100 2.8)

saturation for respiration

Skewness exponent off _ 5. £,00 04491 felay® +0.2101x felay +0.3478 (2.9)

M .. .
respiration vs. soil water
Coefficient for
WSAT |respiration rate at soil|=0.25x fclay +0.5 (2.10)

water saturation

* fclay is the fraction of clay in the soil in percent.

Listed in Table 2.1a,b are the standard boundary conditions for 1997 for the
WLEEF site. Boundary conditions for the single point model characterize the site for a
typical flux footprint of tower measurements at 122m. At 122m, a region of at least 24
km’ would incorporate the primary source region of the measured fluxes, given the
average wind speed (6 ms™) at the site. This dimension was based on simulations of the
tower flux footprint using lagrangian particle dispersion techniques conducted by Marek
Uliasz (Colorado State University, personal communication). For WLEF, the vegetation
was classified as mixed deciduous and coniferous forest (SiB2 class 3), and the soil as
consisting of 37% percent sand and 15% percent clay, which was determined from the

STATSGO soil database (Staff 1994). Time varying boundary conditions are calculated
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from an annual series of monthly mean normalized difference vegetation index
measurements (Los et al. 2000), in this case calculated from 8 km Advanced Very High
Resolution Radiometer (AVHRR) data for 1997.

Estimated SiB2.5 initial conditions for the WLEF site on January 1, 1997 are
listed in Table 2.4. Initial conditions characterize the state of the land surface at the
beginning of a given simulation and include conditions such as soil temperature and
moisture and snow and/or water present on the surface. To create a reasonable soil
moisture profile and deep soil temperatures, we estimated these initial condition values
through a 12 year ‘spin-up’ with SiB2.5, cycling through three years of meteorological
forcing data (1995, 1996 and 1997). Data in the table represent the condition of the
model at midnight on December 31.

Table 2.4 Standard initial conditions for the WLEEF site, 1/1/1997.

Initial Condition Value
Canopy Temperature 257.6K
Ground Temperature 258.5K
Deep Soil Temperature — Level 1 (lower) | 276.8 K
Deep Soil Temperature — Level 2 2742 K
Deep Soil Temperature — Level 3 2734K
Deep Soil Temperature — Level 4 265.6 K
Deep Soil Temperature — Level 5 262.0K
Deep Soil Temperature — Level 6 (upper) | 259.9K
Water on vegetation surface 0.0 m
Water on ground surface 0.0 m
Snow on vegetation surface 0.0 m
Snow on ground surface 0.02m
Soil water percent of saturation level 1 0.71
Soil water percent of saturation level 2 0.71
Soil water percent of saturation level 3 0.73
Stomatal resistance 182572 mol m? s™!
Turbulent kinetic energy 4.17
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2.5 Model Performance

Flux output from SiB2.5 was averaged from the 10-minute model time step to
hourly output, to correspond with the observational time step. Monthly mean diurnal
plots of latent and sensible heat flux and NEE, both simulations and observations for all
twelve months, can be found in Appendix A. These plots represent the capability of the
model to capture the salient features of the diurnal cycle of fluxes at the monthly time
scale using standard model parameter values.

The proficiency with which SiB2.5 simulates fluxes of sensible and latent heat
and NEE at WLEF varies seasonally, monthly and diurnally. In 1997 at WLEF soils
thawed in mid-April, on the 14", and didn’t re-freeze again until November. Leaf out
followed the thaw, occurring around May 30™ and leaf fall preceded the freeze, occurring
around October 10™ (Davis ef al. 2003). The monthly mean diurnal plots show that
sensible heat flux is simulated quite well during those months when leaves are not present
on the canopy from October through May, but the model quickly begins to overestimate
sensible heat flux once leaves are on the canopy in June. The over-estimation persists
through the summer until October, when the leaves fall. For simulations of latent heat
flux, the monthly mean diurnal plots show greater agreement with observations in
January and in May through December, than they do in late winter/early spring (February
through April).

An important consideration to note is that the energy balance estimated from flux
towers rarely closes. A recent analysis of FLUXNET data spanning 22 flux tower sites
and 50 site years estimates that the discrepancy between available energy and turbulent

energy fluxes was 20% on average (Wilson ef al. 2002). SiB2 and SiB2.5 conserve mass
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and energy so it is likely that at least some of the discrepancy between observed and
simulated fluxes is due to the lack of closure in the observations, though probably not all
(Baker et al. 2003). Calculations of the Bowen ratio from the monthly mean diurnal
calculations of LE and H for observations and simulations indicate that May is the only
month where the observations and simulations agree well. In the winter months, the
observations have a higher Bowen ratio than the simulations. In the summer months the
simulations have a higher Bowen ratio than the observations. Thus the imbalance
between the simulations and observations is not consistent with a systematic
measurement problem. Baker et al. (Baker et al. 2003) suggest the lack of representation
of wetlands in SiB2.5, which constitute approximately 30% of the landscape around
WLEF (Mackay et al. 2002), may contribute to the overestimation of sensible heat flux in
the summer months. However, the latent heat is not underestimated. It is possible the
overestimation of latent heat flux in the late winter/early spring by the model is due to
poor representation of snow cover in the model. In SiB2.5, once snowpack is greater than
6mm water equivalent, the entire surface is considered covered with a layer of snow. If
the snow was patchy in the actual footprint, the result could be an overestimation of LE
from evaporation and sublimation from the modeled surface as compared to the
observations.

The monthly mean diurnal plots indicate that simulations of NEE are quite
reasonable during most times of the year, with the exception of May and September. In
May, the model overestimates NEE for daytime fluxes and in September it
underestimates NEE for daytime fluxes. One possible explanation for this is that in

SiB2.5, leaf area is calculated for the mid point of each month based on the maximum
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monthly NDVI. This mid-month value of NDVTI is then interpolated between months to
give daily variation in leaf area. Leaf out occurred at the very end of May so the whole
month of May should have had very low leaf area. However, since leaf area from the
midpoint of May would have been interpolated from a low value to a high value (the mid-
point of June), there would have been an overestimation of leaf area for the second half
of the month. Similarly, since leaf fall was in the beginning of October, leaf area for the
second half of September would have been interpolated from a time of high to low leaf
area perhaps causing an underestimation of NEE. Figure 2.5 shows the time series of
NDVI used to calculate the time varying parameters for the point simulation of WLEF.
A large jump in NDVI is visible between May and June and again between September
and October, which is reflected in the monthly values of absorbed photosynthetically
active radiation and leaf area index reported in Table 2.1b. The midlevel values of NDVI
seen in April, May and October most likely represent the presence of coniferous
vegetation. That the values of NDVI drop in the winter months, despite the presence of
coniferous vegetation, is probably due to the presence of snow on the ground, which has
the effect of reducing NDVI because of it’s bright reflectance in visible wavelengths.

The root mean square difference (RMSD) between observed and simulated fluxes

for all twelve months, where:

RMSD = \/ 2 (‘Z::; 1) @.11)

is presented in Table 2.4. The RMSD errors are calculated on a time step basis, so,

unlike the monthly mean diurnal plots that show the bias between observations and

simulations on a monthly time scale, the RMSD error reflects the average hourly error
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between simulations and observations. The RMSD does not provide information on bias
because the direction of the error is not given. It does, however, give an indication of the
variability of the observations and the model’s ability to capture that variability, which is
smoothed out in the monthly mean diurnal composites. The RMSD errors follow a
somewhat different pattern than those of the monthly mean diurnal plots. The RMSD
error in sensible heat begins to increase earlier in the season, at soil thaw but before leaf
out, and decreases at leaf fall. There are also fairly large errors in January. The RMSD
errors in latent heat show larger errors May through September, when the leaves are on,
and the smallest errors in the winter months. The RMSD errors for NEE begin to
increase in April, reach their peak in June and decrease steadily beginning in August,
resulting in the highest RMSD errors in June, July and August. Larger errors in the
summer months are likely due to more variability in the measurements caused by surface

turbulence.

8Km NDVI
Centered on the WLEF tall tower
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Figure 2.5. Time series of 8km NDVI for 1997 for the WLEF site. NDVI was calculated
from AVHRR by S. Los using the FASIR methodology (Los et al. 2000).
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Table 2.4. Root mean square difference (RMSD) between observed and simulated fluxes
for 1997 for each month and for all months combined. Results are shown in units of flux,
pmol m? s for NEE and W m™ for LE and H.

Month NEE LE H

January 0.90 11.57 49.74
February 1.10 21.48 33.28
March 0.98 29.80 33.54
April 1.93 38.86 47.21
May 3.63 44.14 48.15
June 5.18 66.10 44.39
July 4.89 83.91 59.18
August 4.94 80.82 62.93
September | 3.37 64.02 63.55
October 2.23 43.42 40.58
November 1.47 16.42 30.61
December 0.93 11.80 20.38
All Months | 3.02 48.05 45.37

2.6 Discussion

This chapter presents the physical context for much of the experimental modeling
work in this dissertation. Descriptions of the site, meteorological forcing data and
surface flux observations for the site, the principal land surface model and boundary
conditions for that model were provided as well as an evaluation of the performance of
the model at the WLEF tall tower site in Park Falls, Wisconsin. It is clear that even
given our best effort at observing surface fluxes, formulating models to predict those
fluxes and characterizing the land surface there are inherent errors and biases. If we are
to understand and gauge the predictive power of the models we use, it is necessary to
examine the origins of this uncertainty. The chapters that follow address temporal and
spatial uncertainty in modeling the land surface, building on the framework presented

here.
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CHAPTER 3

SENSITIVITY ANALYSIS

3.1 Introduction

Simulation models of ecosystem processes are powerful tools for gaining insights
about the function and dynamics of ecosystems, for hypothesis testing and for prediction.
With simulation models, one can test hypotheses that would be impractical to test or even
improbable in the real world. Simulation models can also be used to predict what could
happen in the future or why things happened in the past based on current theories and
mechanistic understanding of biological and ecological processes.

However, the process of modeling is imperfect. Models can never fully represent
every component and process in a complex ecosystem (it would be impractical and
unproductive to do so), meaning that approximations and compromise solutions are
always necessary at some level. It is a conundrum, to test hypotheses regarding
ecosystem process with a model that is an imperfect representation of complex physical
and physiological relationships. Yet in the end it is the iteration between model
formulation and testing against observations that moves science forward. Careful
revisiting of model structure, process representation and observations when expectations
are not met contributes to the strength of modeling. Eventually the most critical aspects

of a system present themselves for further investigation.
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An important characteristic of simulation models is that they utilize parameters.
Parameters in models are either measurable terms that are used to define the system and
determine its behavior or are terms that represent important processes which for some
reason (practical or theoretical) cannot be described in detail. Like models, parameters
themselves are imperfect. If a parameter value is poorly defined, if it cannot be accurately
measured or if it is not sufficiently representative it will introduce uncertainty into
modeled results depending on the sensitivity of the model to that parameter. Complex
models with many parameters (e.g. >20) can also be over-parameterized. That is, they
contain parameters that contribute little to the simulation but have a cost associated with
them in terms of computation time or definition. A consequence of over parameterization
in complex models is a tendency towards equifinality. A model exhibits equifinality
when compensation between parameters can result in equally good simulations across a
wide range of parameter sets (Fedra et al. 1981; Spear et al. 1994; Franks et al. 1997,
Franks 1998; Beven and Freer 2001). A tendency towards equifinality leads to increased
uncertainty in predictions as a result of uncertainty in parameterization.

Biophysical land surface models (LSMs), which simulate fluxes of energy and
mass between the atmosphere and the land surface, are used to study land surface
dynamics, to generate surface conditions in atmospheric models and to elucidate the
processes contributing to land surface fluxes. Typically these models are quite complex
and can easily have more than 40 input parameters, putting them at risk of over-
parameterization and equifinality. At present, biophysical LSMs coupled to regional and
global atmospheric models are playing a large role in advancing our understanding of

carbon cycle dynamics and associated changes in weather and climate (Denning et al.
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1995; Pielke et al. 1998; Collatz et al. 2000; Cox et al. 2000; Bounoua ef al. 2002).
Because of their importance in determining potential trajectories for global and regional
climate change, it is important that we understand the strengths and weaknesses of these
models and how they could be improved.

An effective approach for fully exploring a model and its parameter space is the
sensitivity analysis. Analyzing the sensitivity of model simulations and predictions to
model parameterization can lead to insights about model structure and system behavior
that would not ordinarily be evident simply from simulation results (O'Neill ef al. 1982;
Franks et al. 1997). Unexpected significance of a parameter or lack of significance can
lead to questioning of our mechanistic understanding and the relative role of different
processes. Sensitivity analyses are also useful for guiding research priorities. Knowing
which parameters are most influential in a model can help focus research efforts in those
areas where more attention would bring proportionately more benefit in terms of
predictive accuracy (Hornberger and Spear 1981).

This chapter presents a sensitivity analysis of the biophysical land surface model,
SiB2.5. A methodology is presented that examines the ability of SiB2.5 to simulate fluxes
of latent and sensible heat and the net ecosystem CO, exchange for the WLEF tall-tower
site in Park Falls, Wisconsin (described in detail in chapter 2). Utilizing this methodology
we consider the sensitivities of SiB2.5 to parameters that are evaluated using remotely
sensed data, literature values and measurements. The model sensitivities are analyzed
through time, on a monthly basis and for an entire year of simulations. Several questions
regarding the parameterization of SiB2.5 specifically and of models in general are

addressed. They are:
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1. Are there parameters that can be readily identified through sensitivity
analysis that, if more accurately known, would improve the results of the
model?

2. Does model sensitivity to parameterization vary in time? If so what might
tell us about the system we are modeling?

3. Can non-influential parameters be fixed without detriment to model
simulations?

4. Does the simulation of NEE and comparison to flux measurements help to
constrain model parameterization and thus the simulation of energy and
water fluxes as well?

3.2 Background

Simple models of land surface heat fluxes that were once thought adequate for
large-scale weather and climate modeling have grown more complex as it has been
recognized that more realistic representation of land surface hydrology and biophysics
improves predictions of atmospheric phenomena (Sellers ef al. 1997a). The next
generation of models, more focused on long-term predictive power, includes processes
such as competition among plant functional types, the changing biogeography of
vegetation and the biogeochemistry of land surface-atmosphere exchanges. As more and
more phenomena are represented, the structure of models becomes more complicated,
parameterizations more complex and models more vulnerable to equifinality. However,
it is also possible that adding more physical realism to models will help to constrain
model prediction closer to reality because of better representation of the interactions and

feedbacks that in nature constrain ecosystem functions (Xia ef al. 2002). An effective
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way to evaluate the proficiencies and inefficiencies of a model is to use sensitivity
analyses to measure the response of simulated model outputs to changes in
parameterization, initial conditions, environmental driver data and model structure.

A variety of methodologies exist to explore the various sensitivities of a model
and there is considerable debate over the best approach (Saltelli 1999). The choice of
methodologies depends on the balance between the desired outcome, the computational
expense and the limitations of the method. A common approach, especially with LSMs,
is what Saltelli (Saltelli 1999) terms the “one at a time” (or OAT). In this approach, a
baseline scenario of a model is chosen as well as parameters of interest. Each parameter
is then varied independently by a specified deviation from its base value (typically by ten
or twenty percent) and the resulting model outputs are analyzed for differences (e.g.
Potter et al. 2001; El Maayar et al. 2002). Another common approach is to use partial
derivatives where the effect of X on y is calculated for one or many parameters in a
forward model (e.g. Dale et al. 1988). Both of these approaches assume linearity, in the
model or computed outputs, which is rarely the case in LSMs. Thus, the interpretation of
results is limited because non-linear interactions between parameters are not considered
and claims that one parameter is more sensitive than another cannot be sustained (Saltelli
1999).

Factorial methods (Henderson-Sellers 1993) address some of the problems
mentioned above. In a full factorial experiment all combinations of factors/parameters
are used to create an interaction matrix. Some number of perturbation levels is chosen
and the model is run for these perturbation levels for all combinations of factors. In this

way, parameter interactions are directly addressed. However, factorial methods are very
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expensive when a large number of parameters are involved. With two perturbation levels
and a full factorial experiment, the number of runs necessary would be 2", where n is the
number of factors and 2 represents the two perturbation levels. Further, a limited number
of scenarios are possible when the parameters are limited to only high and low values, yet
adding perturbation levels greatly increases the cost and complexity of the method. One
way to get around the number of necessary runs is to use a fractional factorial design,
where only a half or a quarter of the simulations of the full factorial are run, but this
creates other issues regarding the representativeness of the chosen runs and the loss of
higher order interactions. Methodologies such as the factorial, OAT and the forward
partial derivatives, where specified steps determine parameter ranges, are very sensitive
to extreme parameter values because they don’t consider the possibility that different
parameters or factors might be influential over different ranges. The result is that such
techniques look at the influence of specific parameters on the outcome of a particular
simulation rather than at the true sensitivity of the model.

Monte Carlo methodologies allow a more thorough assessment of non-linear
interactions between parameters (Fedra et al. 1981; Hornberger and Spear 1981; O'Neill
et al. 1982; Franks et al. 1997, Franks 1998; Bastidas et al. 1999; Beven and Freer 2001).
In typical Monte Carlo-style analyses, a large number of model simulations are
performed on randomly generated parameter sets and the resulting model outputs are
compared with observations to generate a measure of goodness of fit. This goodness of fit
measure is then used in a variety of ways to analyze the sensitivity of the model. The
parameter sets are drawn from distributions of the parameter that are defined by the

modeler. The distributions can be uniform if there is no a priori knowledge of the
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distribution of the parameter or can take a form such as a normal distribution if there is
information on the mean and variance of a parameter. Realistic parameter ranges prevent
extreme simulations while allowing a large parameter space to be explored. In this way,
the non-linear interactions between parameters become evident in the computed outputs
observed in the many simulations. A further advantage is that these types of analyses can
rather easily be adapted for uncertainty analysis and calibration. However, Monte Carlo
style analyses do have drawbacks. They can be computationally expensive, particularly
for models that contain a large number of parameters, since they can require thousands of
model runs. Further, it can be difficult to obtain an exact measure of variance attributable
to a single parameter when many parameters are being explored, resulting in a more
structural interpretation of model sensitivity than a quantitative assessment of parameter
sensitivity (O'Neill ez al. 1982).

An additional class of sensitivity analyses explicitly accounts for the contribution
to the total variance of the simulation by each parameter simultaneously. Two techniques
that fall into this category are the Fourier Amplitude Sensitivity Test (FAST) (Collins and
Avissar 1994) and adjoint sensitivity analysis. In the FAST technique, as in Monte Carlo
methodologies, sets of input parameters are drawn from predetermined distributions of
parameters. Rather than randomly drawing from these sets, in FAST each parameter is
assigned a frequency that is used to assemble the different parameter sets. Fourier
analysis is then used on the model output to separate model response from parameter
response using the frequencies assigned to the individual parameters. The contribution of
a particular parameter to model output variance is then determined. The FAST technique

requires fewer model runs than Monte Carlo techniques, for example only 411
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simulations for 10 parameters (Collins and Avissar 1994), but requires that the
parameters to be analyzed are independent of each other, which is never the case in
LSMs. Further, interactions and covariance between parameters are not explicitly
handled.

Adjoint sensitivity analysis (Hall ef al. 1982; Errico and Vukicevic 1992;
Margulis and Entekhabi 2001b; Margulis and Entekhabi 2001a) uses differential
operators derived from the equations that constitute a model to calculate the sensitivity of
a scalar quantity, e.g. a model output or model error with respect to observations, to
model parameters. Model parameters are perturbed and sensitivity is measured by the
contribution of each parameter to the total variance of the chosen scalar. Adjoint models
can be a very elegant approach to sensitivity analysis, however there are some
limitations. Adjoint models are in general very sensitive to the choice of scalar (Errico
and Vukicevic 1992). In adjoints of complex LSMs this is made worse because many
parameters covary and interact with each other, making solutions non-unique. Also, the
results of the adjoint model become unreliable if parameters are perturbed too far from
their base state, violating the assumption of linearity in the adjoint, which might limit the
relevance of the results (Gardner et al. 1981). Further, the highly non-linear nature and
the lack of mathematical tractability of complex land surface models can make the
formulation of an adjoint prohibitive.

The strengths and flexibility of Monte Carlo style analyses are well suited to the
problem of analyzing the sensitivity SiB2.5 to its parameterization. SiB2.5 is a complex,
highly non-linear model with a large number of input parameters (46) and therefore

interactions and compensation between parameters are expected to be important. Some of
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these parameters are not decisively known and so a wide range of possible (but realistic)
values for them should be tested. In Monte Carlo style analyses it is straightforward to
evaluate whether a parameter has been specified badly by considering the posterior
distribution of the parameter as it relates to good simulations, using other methods it is
not. Finally, even though Monte Carlo methodologies are computationally expensive,
they are relatively simple to set up and easy to run in a distributed computing system.
3.3 Methods

3.3.1 Parameter set generation

For this experiment forty-six SiB2.5 parameters were randomly varied within
physically reasonable ranges (personal communication J. Collatz, N. Hanan; Sellers et
al. 1996a), assuming a uniform distribution for all parameters (Table 3.1). The full suite
of 40 time invariant parameters was varied. Six transformation parameters, those
parameters that are used to transform the NDVI data into the time-varying boundary
conditions, were also varied. Environmental driver data such as wind speed and
incoming radiation were not varied in this analysis.

The full suite of input parameters was varied, rather than a subset, to ensure that
unexpected parameter interactions were accounted for. Uniform distributions of
parameters were chosen because there was no reliable data on means and variances with
which to calculate other statistical distributions. While there have been criticisms that
choosing uniform distributions might make the results of this style of analysis more
sensitive to the extreme parts of the parameter range, there is also evidence that if the
parameter ranges are sufficiently large yet also reasonable, any negative effects of a

uniform distribution are greatly diminished (O'Neill et al. 1982).
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Table 3.1. List of parameters varied in this experiment. The minimum and maximum
values of the uniform distribution used to assign random parameters values are given.
The WLEF site value typically used for point simulations is also given.

Parameter _| Definition | Minimum ] Maximum l WLEF
Time invariant parameters

Z2 Canopy top height (m) 10.0 30.0 20.0
Z1 Canopy base height (m) 0.2% 0.8, 10.0
ZC Canopy inflection height (m) 0.3% 0.8° 15.0
VCOVER Vegetation cover fraction 0.5 1.0 0.9875
CHIL Leaf angle distribution factor -0.5 0.5 0.125
ROOTD Rooting depth (m) 0.2* 0.9? 1.5
PH Y critical leaf water potential (m) -450.0 -50.0 -200.0
TRANI11 Green leaf transmittance (PAR) 0.0 0.1 0.05
TRAN21 Green leaf transmittance (NIR) 0.05 03 0.15
TRAN12 Brown leaf transmittance (PAR) 0.0 0.1 0.001
TRAN22 Brown leaf transmittance (NIR) 0.0 0.1 0.001
REF11 Green leaf reflectance (PAR) 0.02 0.2 0.07
REF21 Green leaf reflectance (NIR) 0.2 0.5 0.38
REF12 Brown leaf reflectance (PAR) 0.05 0.25 0.16
REF22 Brown leaf reflectance (NIR) 0.2 0.5 0.42
VMAXO0 Rubisco velocity of sun leaf (mol m? s™) 2.5E-5 15E-5 7.5E-5
EFFCON Quantum efficiency (mol mol™) 0.03 0.13 0.08
GRADM Conductance-photosynthesis slope parameter 3.0 18.0 9.0
BINTER Minimum stomatal conductance (mol m? s™) 0.0 0.02 0.01
ATHETA Light and rubisco coupling parameter 0.5 1.0 0.98
BTHETA Light, rubisco and CHO sink parameter 0.5 1.0 0.95
TRDA Respiration temperature response K™ 0.1 1.5 1.3
TRDM Respiration inhibition “-point temperature (K) 1.04° 1.12 328.16
TROP Respiration optimum temperature (K) 283.0 308.0 298.16
RESPCP Leaf respiration fraction of Vmax 0.01 0.1 0.015
SLTI Photosynthesis low temperature response (K™') 0.1 1.5 0.2
SHTI Photosynthesis high temperature response (K™) 0.1 1.5 0.3
HLTI Photosynthesis low temperature inhibition “2-point (K) 270.0 290.0 280.66
HHTI Photosynthesis high temperature inhibition Y2-point (K) 1.04° 1.12 307.16
BEE Soil wetness exponent 4.0 8.5 5.29
PHSAT Soil water potential at saturation (m) -0.05 -0.35 -0.25
SATCO Saturated hydraulic conductivity 2.5E-6 100E-6 3.4E-6
POROS Soil porosity 0.4 0.5 0.44
SLOPE Cosine of mean terrain slope 0.1 0.25 0.1736
WOPT Optimal percent of soil saturation for respiration 30.0 80.0 62.12
M Skewness exponent of respiration vs. soil water -0.2 0.5 0.362
WSAT Respiration rate at soil water saturation coefficient 0.5 0.8 0.537
SODEP Soil depth (m) 0.5 4.0 2.0
SOREF1 Soil reflectance (PAR) 0.01 0.4 0.11
SOREF2 Soil Reflectance (NIR) 1.1° 1.5° 0.22
Transformation Parameters

LWidth Leaf width (m) 0.003 0.1 0.04
LLength Leaf length (m) 0.03 0.4 0.1
LTMAX Maximum leaf area index 4.0 9.0 7.5
STEM Stem area index 0.0 0.25 0.08
ND9g 98" percentile NDVI (over 12 months, by biome) 0.5 1.0 0.686
NDO02 2™ percentile NDVI (over 12 months, by biome) 0.0 0.1 0.034

* Min/max values are multipliers for parameters that depend on others (see text).
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Time invariant parameters, which comprise the bulk of the input parameters, were
for the most part independently randomized. However, in a few situations it was not
physically realistic to vary parameters independently. For example, canopy base height
(Z1) cannot be higher than canopy top height (Z2). In six cases parameters were made
partially dependent on other parameters. For five of the parameters (Z/, ROOTD, TRDM,
HHTI, SOREF?2) a randomization interval was selected (see Table 3.1) and the random
value (R) within this range was multiplied by the independent parameter (/) to give the
new parameter value (P):

P=I*R (3.1)

In this way, parameter Z/ (canopy base height) is partially dependent on Z2 (canopy top
height), ROOTD (rooting depth) is partially dependent on SODEP (soil depth), TRDM
(respiration inhibition Y2 point temperature) is partially dependent on TROP (respiration
optimum temperature), HHTI (photosynthesis high temperature inhibition Y2 point) is
partially dependent on HLTT (photosynthesis low temperature inhibition 2 point) and
SOREF?2 (soil near infrared reflectance) is partially dependent on SOREFI (soil visible
reflectance). In the sixth case, canopy inflection height (ZC) was made partially
dependent on both canopy top height (Z2) and canopy base height (Z/) as follows:

ZC=(Z2-Z)*R+Z1 (3.2)

Six parameters that are used to calculate the time varying parameters
(transformation parameters) were also varied, they are: LWIDTH (leaf width), LLENGTH
(leaf length), LTMAX (maximum leaf area index), STEM (stem area index), ND9§ (98"
percentile NDVI by biome) and ND02 (2™ percentile NDVI by biome). These six

parameters are used to calculate the following time varying parameters: fractional
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absorbed photosynthetically active radiation (fpar), leaf area index (ZLT), greenness
fraction (GREEN), roughness length (Z0D), displacement height (ZP_DISP), a coefficient
for boundary layer resistance (CC!) and a coefficient for canopy layer resistance (CC2).
The transformation parameters were varied, instead of independently adjusting the time
varying parameters, to preserve the gross seasonal changes in the NDVI data while still
altering the range of calculated values. In other words, the land surface will still have
more vegetation in the summer months than in the winter, but the timing of leaf-on and
leaf-off as well as the magnitude of the vegetation changes will be altered. The equations
for the time varying parameters fpar, ZLT, GREEN and GMDMU are given in Appendix
2. These equations have previously been published in Sellers et al. (Sellers et al. 1996a)
and Los et al. (Los et al. 2000) but are reprinted here to aid in interpretation. These
equations use the transformation parameters LTMAX, STEM, ND98, and NDO2. The
transformation parameters LWIDTH and LLENGTH, along with Z2, Z1, ZC, CHILL and
VCOVER, are used to calculate the aerodynamic parameters Z0D, ZP _DISP, CCI and
CC2. The logic and equations for these parameters can be found in Sellers et al. (Sellers
et al. 1996a).

For each set of parameters, the model was run with the same forcing data for six
annual cycles to equilibrium to define soil moisture and soil temperature profiles.
Reasonable soil moisture and soil temperature profiles have been shown to be important
for land surface-atmosphere simulations at a variety of scales. However, they are notably
difficult to initialize. This is due to the variable nature of soil texture and organic content
across the landscape, the interaction with surface cover (vegetation, litter, snow) and the

lack of appropriate data. In this study, modeled flux results are related to observations
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over a large area (at least 24 km?) and, as in other modeling exercises, these variables are
“spun up” with observed weather. The assumption is that the resultant temperature and
moisture profiles should approach some equilibrium between the weather forcing and the
model dynamics. Without a spin up, modeling results are sensitive to the transient. That
is, if initial conditions are poorly specified for a particular model configuration, the effect
will be anomalous results for an undetermined period of time as the model adjusts to the
initial conditions. In this study the focus is on the parameterization of the model as
opposed to dependence on initial conditions and so spin up of the model was considered
beneficial. Further, by not randomly altering the initial conditions and driver data,
common properties of the simulation are preserved and sensitivities to the input
parameters alone are more straightforward to interpret.

The chosen six-year length of the spin up is conservative and was based on three
sets of simulations. In the first case, the model was run with an isothermal (275.5K) and
fully saturated soil replaced the initial soil conditions reported in chapter 2 (Table 2.4;
here Table 3.2). In the second case an isothermal (275.5K) and completely dry soil
replaced the initial soil conditions reported in chapter 2 (Table 2.4; here Table 3.2). The
isothermal soil temperature (275.5) is the average of the two deepest soil layers in Table
2.4. In the third case, the model was initialized with soil temperature and moisture
profiles that were variable but which were not spun-up (Table 3.2) and then run with
three different random parameter sets. In each case, the model was run with the same
forcing data for 6 annual cycles to generate initial conditions. The model was then run
with the updated initial conditions and soil temperatures and soil moisture were compared

between and among the simulations.
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Table 3.2 Spin-up conditions for the WLEF site, 1997.

Initial Condition Wet Spinup Dry Spinup Parameter Spinup
Canopy Temperature 272.6K 272.6K 272.6 K

Ground Temperature 2734K 273.4K 2734K

Deep Soil Temperature — Level 1 (lower) | 275.5K 2755K 2826K

Deep Soil Temperature — Level 2 275.5K 2755K 276.5K

Deep Soil Temperature — Level 3 2755K 275.5K 2745K

Deep Soil Temperature — Level 4 2755K 2755K 272.7K

Deep Soil Temperature — Level 5 2755K 275.5K 2729K

Deep Soil Temperature — Level 6 (upper) | 275.5K 2755K 2755K

Water on vegetation surface 0.0m 0.0m 0.0m

Water on ground surface 0.0 m 0.0m 0.0 m

Snow on vegetation surface 0.0 m 0.0m 0.0 m

Snow on ground surface 0.004 m 0.004 m 0.004 m

Soil water percent of saturation level 1 1.0 0.0 033

Soil water percent of saturation level 2 1.0 0.0 0.20

Soil water percent of saturation level 3 1.0 0.0 0.21

Stomatal resistance 18083 mol m?s" | 18083 mol m>s"' | 18083 mol m?s"
Turbulent kinetic energy 417 4.17 4.17

Figures 3.1 and 3.2 show the results of the spin-up simulations for soil percent
saturation and soil temperature for the deepest represented soil layer, which is also the
slowest to respond to surface inputs. In the first two simulations (Figure 3.1), with
isothermal soils but different initial moisture contents, dry soils took longer to respond
than wet soils. It took approximately seven years for the dry soil conditions to produce
two consecutive years of identical soil temperature profiles. The random parameter spin-
up took fewer years to spin-up to equilibrium (Figure 3.2), most likely because the
original initial conditions were somewhat moist. However, since the soil characteristics
are different in each parameter set, the spin-up times and eventual equilibrated soil
temperature and moisture profiles are different for each parameter set. The conservative
figure of six years was thus chosen so that each simulation would clearly be equilibrated

even if extreme soil characteristics were encountered in the random parameter sets,
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reflecting the true sensitivity of the model to the parameters rather than a transient

sensitivity to the initialization of the parameter set.
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Figure 3.1. Six-year spin-up of the model plus the final model run starting from
isothermal soils and either totally saturated (black) or totally dry soil (grey). The
temperature of the soil for the deepest layer in dry conditions takes the longest to spin up.
The red dots indicate the completion of a year.
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Figure 3.2. Six-year spin-up of the model plus the final model run for three different
randomly generated parameter sets. Each parameter set takes a different amount of time
to equilibrate and reaches a different equilibrium state.
3.3.2 Goodness of fit criteria

Twenty thousand sets of parameters were randomly generated using the above

guidelines. The SiB2.5 model was then spun-up for six years (see above) and run for a

final year (1997), 20,000 times with the randomly generated parameter sets and the

43

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



meteorological driver data described in Chapter 2. In Monte Carlo simulations such as the
one presented here, the preferred number of simulations to conduct to cover all possible
cases is n factorial (n!). Clearly, for large numbers of parameters, this is prohibitive.
Even ten percent of n! for 46 parameters, the number of parameters analyzed here, is
prohibitively large (~5.5E56). Instead, a balance between computational cost and
representation of variability should be the goal. Here we have chosen to simulate 20,000
cases, which gives a satisfactory range of variation in parameter values and combinations
of parameters. This is evident in scatter plots of the simulations which show good
representation across the range of parameter values (e.g. Figure 3.3 below). The cost of
the simulations in terms of computing time was greatly diminished by utilizing a linux
cluster. The Monte Carlo runs were distributed across 20 processors on a cluster of linux
computers and took in total 660 hours to run (~33 hours on each processor).

The choice of goodness of fit or likelihood criteria to measure the performance of
individual simulations is important. It should clearly represent which simulations produce
better results based on given criteria. Goodness of fit measures can be based on a single
objective criterion such as using the root mean square error between a model prediction
and an observation or on multi-objective criteria, which might include minimizing
multiple single objective criteria, weighting single objective criteria and combining them
or normalizing single objective criteria and combining them (Franks 1998; Gupta ef al.
1998; Bastidas ef al. 1999; Franks et al. 1999; Gupta et al. 1999; Meixner et al. 1999;
Schulz et al. 1999; Schulz et al. 2001). Both single and multi-objective criteria are useful

for analyzing model sensitivity, however, when well designed, multi-objective criteria
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add additional constraints on model performance and parameter interactions. On the other
hand, in multi-objective approaches there is no unique, best solution.

Both single objective and multi-objective goodness of fit statistics were calculated
for each of the 20,000 runs, comparing predicted fluxes with the observed fluxes
described in Chapter 2. For the single objective criteria the root mean square difference
(RMSD) between the observed (obs) and predicted (est) values of latent heat (LE),

sensible heat (H) and net ecosystem exchange (NEE) was calculated as follows:

RMSD = \/ Z((Zis__l)e 1) (3.3)

The RMSD was calculated for each month and for all 12 months combined, giving a

goodness of fit statistic in units of flux.

For the multi-objective criteria a likelihood function developed by Franks (Franks
1998) was used (eq. 3.4). This likelihood function utilizes the variance of errors
normalized by the minimum variance of errors and is a variation of the Nash-Sutcliffe
coefficient (Nash and Sutcliffe 1970). Normalizing by the minimum variance of the
errors accounts for any bias that might be caused by errors in the observations or forcing
data that are particular to an individual predicted variable. This formulation also permits

the multi-objective criteria to include variables with disparate units, in this case Watts

@) -

and micromoles.

L(o
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Where:
6 = parameter set
y = observations
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o> = variance of errors for a particular variable

o

32 = minimum of the variance of errors for the time period

N = scaling, shaping factor to impose stringency/leniency

SiB2.5 relies heavily on remotely sensed data for input parameters making it
uniquely dependent on time varying land surface conditions. Therefore, unlike most
analyses of this type, model sensitivities were evaluated monthly as well as annually. A
combined likelihood statistic was calculated for LE and H (eq. 3.5) and for LE, H and
NEE (eq. 3.6) for each month and for all 12 months combined, giving a unitless goodness

of fit statistic.

2 2
L(@Iz,oimz){%—b‘-j(‘f;’] 53

O-LE O-H
0_2 0_2 0_2
L(6]y.075,0%: 0%z ) = (&QE j(—(;’;—] (G’j—”] (3.6)
LE H NEE

The scaling factor N in equation 3.4 is used to weight higher performing
parameter sets more heavily when the likelihood value is used to distinguish good
simulations from bad (Franks 1998). As N becomes more negative the parameter sets
with the smallest variance are given more weight, resulting in a smaller set of acceptable
parameter sets. In this analysis the scaling factor N was set to negative one because a
percentage of the total number of parameter sets were retained as acceptable, negating the
effects of N.

The two multi-objective criteria were calculated (eq. 3.5 and 3.6) to investigate
the differences in model sensitivity to predictions of moisture and energy fluxes versus
moisture, energy and carbon fluxes. It was hypothesized that the extra constraint that

carbon fluxes impose should reduce tendencies towards equifinality. The minimum
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possible likelihood value for the multi-objective criteria is one and likelihood values
close to one represent model runs with the least amount of error in predicted versus
observed fluxes, normalized by the minimum variance. The absolute range in likelihood
values is unique to each parameter/month combination.

Plots of the likelihood statistic versus parameter value for the 20,000 runs show
patterns in sensitivity or equifinality for each parameter/month combination (Franks et al.
1997; Beven and Freer 2001; Schulz ez al. 2001). Figure 3.3 shows an example of the
parameter ND98, which is the biome type specific 98" percentile value of NDVI used to
calculate fractional absorbed photosynthetically active radiation (see Appendix 2). In
Figure 3.3 the multi-objective criteria for LE and H for the months of April and July are
plotted against ND98. Notice in April the density of points at the lower likelihood values
(better simulations), particularly toward the lower range of ND98. This pattern indicates
that in April, the value of the parameter ND98 is important for successful model runs and
that in particular values of ND98 should be in the lower portion of it’s range. In contrast,
in July the scatter of points is more uniform and much less dense, indicating less
sensitivity and a tendency towards equifinality (i.e. equally good simulations can be
found across the full range of ND98 values). The y-axis on both plots is the same for
comparison purposes, however for April this captures approximately 94% of the
calculated likelihood values whereas in July this range captures only 43% of the
likelihood values, the rest of the plot for July is similarly uniform.

3.3.3 Cumulative frequency for parameter sensitivity
To elucidate the patterns that are visible in the scatter plots, the 20,000 runs were

sorted based on the likelihood estimate for each month and for all 12 months and divided
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into performance class groupings of 2000 (10% of the runs), similar to Franks et al.
(Franks et al. 1997). For example, the top performance class consists of the top two
thousand runs for any given parameter/month combination and the lowest two-thousand
runs (ranked runs 18000-20000) represent the worst performance class. The decision to
classify superior parameter sets in this way, as opposed to a combination of the shaping
factor N and a likelihood value cut-off, is both objective and practical. Retaining an
equal number of superior parameter sets across all combinations of month and likelihood
statistics makes further analysis more straightforward and intercomparable. Choosing to
work with the best ten percent of simulations also removes what may be unrealistic

performance expectations.
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Figure 3.3 Plots of LE,H likelihood statistic against ND98 parameter value for April and
July 1997.

The cumulative frequency of parameter values in each month/performance class
combination for both likelihood statistics was calculated. Cumulative frequency gives an
indication of parameter sensitivity when it deviates from an expected distribution
(Horberger and Spear 1981; Franks et al. 1997; Bastidas ez al. 1999; Meixner et al.
1999; Schulz et al. 1999). The range of each parameter was divided into twenty bins of

uniform size. The frequency of occurrence of parameter values in each bin was
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calculated: for each month and for all 12 months combined, for each performance class
and for both multi-objective criteria. Cumulative frequency was computed by totaling the
number of occurrences in each bin range for each combination and cumulatively adding
them together until 2000 was reached. Figure 3.4 shows an example of the results of this
process for ND98 for the multi-objective criteria LE and H for April and July. For both
months the cumulative frequency of the top performance class is plotted in red and the
worst performance class is plotted in blue. Separation between the performance classes is
visible in April, indicating sensitivity. However, in July the performance classes collapse
toward the 1:1 line (black; equivalent to a uniform distribution), indicating a lack of
sensitivity to the parameter across the full range of ND98. When there is good separation
between performance classes, the range of values that produce superior runs versus
inferior runs is visible. The area of steepest slope indicates where the majority of
parameter values fall for any given performance class.

Figure 3.5 shows the cumulative frequencies of the top performance classes
across all months for the parameter ND98 for the LE and H multi-objective criterion.
Here, the most sensitive month, April, is plotted in red and the least sensitive month, July,
is plotted in blue. The cumulative frequency diagram for all twelve months combined is
plotted in green. This figure (3.5) shows visibly how the sensitivity of modeled results to
the parameter ND98 varies, and the importance of looking at model sensitivity through
time. In this case, analyses using only one month of data or even using a full year of data
in a single analysis would not provide a good assessment of the magnitude or seasonal

variability of model sensitivity.
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Figure 3.4 Plots of the cumulative frequency of parameter ND98 values in each
performance class for the multi-objective criterion (LE,H) for the months of April and

July 1997.

Figure 3.5 Plot of the cumulative frequency of the top performance class for the
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parameter ND98, criterion (LE,H) for each month in 1997.

3.3.4 Parameter sensitivity test

The top 2000 runs (top ten percent) for each multi-objective criterion for each

parameter/month combination were further evaluated, 1,196 combinations in all (46

parameters x 12 months + annual x 2 criteria). A Kolmogorov-Smirnov test for goodness

of fit (Sokal and Rohlf 1981) was performed for each cumulative frequency distribution

for every month/parameter/criterion combination. The Kolmogorov—Smirnov test (K-S
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test) compares cumulative frequency distributions for populations that don’t conform to

standard probability models (non-parametric) by testing the difference between an

observed (F ) and an expected (ﬁ' ) distribution. As we have seen above (Figure 3.5)

when any value of a parameter has an equal chance of producing a good simulation, the
shape of the cumulative frequency of that parameter is a straight line. The hypothesis that
is being tested with the Kolmogorov-Smirnov test is that there is no difference from the
expected distribution (1:1), i.e. the specification of a given parameter has no influence on
the results. This is an extrinsic hypothesis because it is external to the data being tested
and was formed from a theoretical assumption and therefore the critical value used here is
for a one-sample Kolmogorov-Smirnov statistic. The Kolmogorov-Smirnov test statistic
has been successfully used in sensitivity tests (Hornberger and Spear 1981; Bastidas et al.
1999; Meixner et al. 1999). The Kolmogorov-Smirnov test statistic is sensitive to the
central tendency and distribution of a given parameter (Hormberger and Spear 1981). It is
flexible because it can be used for one and two sample tests and for extrinsic (external to
the data) and intrinsic (generated from the data) hypotheses. Another desirable property
of the K-S test is that significance can be ranked based on the K-S test statistic value.

In practice, the Kolmogorov-Smirnov (K-S) test for goodness of fit tests the
largest absolute difference between the observed cumulative frequency and the expected
cumulative frequency against critical values, allowing the null hypothesis to be rejected
at a particular significance level (e.g. @=0.01). The Kolmogorov-Smirnov test statistic is
the largest absolute difference between the observed cumulative frequency minus 0.5 and
the expected cumulative frequency (MaxAbs) divided by the sample size (n) (eq. 3.7)

(Sokal and Rohif 1995).
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_ MaxAbs

n

D

max

(3.7)

Table 3.3 shows the cumulative frequency of the theoretical distribution (1:1) and
the cumulative frequencies for the top performance class of ND98 for April and July
1997, LE,H criterion. The last two columns show the absolute difference between the
theoretical distribution and the observed distributions. The maximum difference, which
is highlighted, is used to calculate the K-S statistic.

Table 3.3 Calculation of the K-S test statistic.

ND98 (a) (b) () Absolute Absolute
Bins Theoretical April ND98 July ND98 value (a-b) | value (a-c)
Distribution Distribution - 0.5 | Distribution — 0.5
0.525 100 3255 84.5 225.5 15.5
0.55 200 615.5 185.5 415.5 14.5
0.575 300 864.5 293.5 564.5 6.5
0.6 400 1093.5 396.5 693.5 35
0.625 500 1268.5 493.5 768.5 6.5
0.65 600 1445.5 592.5 845.5 7.5
0.675 700 1576.5 717.5 876.5 17.5
0.7 800 1695.5 809.5 895.5 9.5
0.725 900 1782.5 892.5 882.5 7.5
0.75 1000 1842.5 991.5 842.5 8.5
0.775 1100 1884.5 1093.5 784.5 6.5
0.8 1200 1921.5 1173.5 721.5 26.5
0.825 1300 1945.5 1274.5 645.5 25.5
0.85 1400 1959.5 1381.5 559.5 18.5
0.875 1500 1976.5 1475.5 476.5 24.5
0.9 1600 1981.5 1582.5 381.5 17.5
0.925 1700 1988.5 1692.5 288.5 7.5
0.95 1800 1993.5 1795.5 193.5 4.5
0.975 1900 1997.5 1890.5 97.5 9.5
1 2000 1999.5 1999.5 0.5 0.5

The largest absolute difference between columns (a) and (b) is 896.5, the largest
absolute difference between columns (a) and (¢) is 26.5. The D,,,, values are then:
April Dyq, = (896.5)/2000 = 0.448

July Dpax = (26.5)/2000 = 0.013
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The critical value of D at c=0.01, n=2000 is (Sokal and Rohlf 1995):

“in(a/2
R L C2E) B SR (38)
2n 2n

For April the null hypothesis, that the observed distribution is similar to the expected
distribution, is rejected since 0.448 is greater than 0.03614. For July the null hypothesis is
accepted since 0.013 is less than 0.03614. Therefore simulations of LE and H for the
month of April are sensitive to the specification of the parameter ND98 whereas
simulations of the same quantities in July are not. The total number of sensitive
parameters were calculated in this way for both multi-objective criteria (LE,H and
NEE,LE,H) for all month/parameter combinations.
3.4 Results
3.4.1 Minimum RMSD errors

The root mean square difference (RMSD; eq. 3.3) was calculated between
simulations and observations of net ecosystem exchange, latent heat flux and sensible
heat flux for each month and all months combined for all 20,000 parameter sets. An
interesting result was the minimum level of error between observations and simulations
that could not be surpassed despite the many parameter combinations and thousands of
simulations. Table 3.4 reports the minimum RMSD errors for each simulated flux. The
magnitude of the minimum error varies throughout the year. For net ecosystem exchange
and latent heat flux the largest errors are during the growing season: June, July, August
and September. For sensible heat flux, the largest errors are during the shoulder seasons:
April, May and October as well as in January. In general, the largest errors occur in

times of highest flux.
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Table 3.4. Minimum root mean square difference between observations
and simulations across all 20,000 simulations.

Minimum Root Mean Square Difference
Month Net Ecosystem Exchange Latent Heat Flux  Sensible Heat Flux

(pmol m” s™) (W m?) (W m?)
All 2.68 42.04 36.60
January 0.66 8.05 41.25
February | 0.85 15.00 30.92
March 0.65 19.81 - 31.08
April 1.27 23.20 39.36
May 1.73 37.85 42.69
June 4.56 62.42 35.30
July 444 70.38 28.82
August 4.59 64.21 26.76
September | 3.09 52.50 26.32
October 1.93 32.58 34.16
November | 1.19 14.23 24.76
December | 0.46 11.00 17.82

The minimum possible error reflects a level of variability (or noise) in the
observations, structural problems with the model and/or mismatch between the model and
observations that cannot be overcome by varying parameters. The variability in the
observations may be related to measurement errors; surveys of the FLUXNET data
suggest there is a mean energy imbalance in the measurements of approximately 20%
(Wilson et al. 2002) and other research suggests that errors in NEE are around 7-12%
(Law et al. 2002; Baldocchi 2003). It is also possible that the variability in the
measurements stems from the heterogeneous nature of the surface and the changing
footprint of the measurements, though the data processing techniques were designed to
minimize this. Because it is calculated here on a monthly and annual basis, the minimum
possible error reflects a minimum level of uncertainty that can be associated with
predictions made on those time scales. If the RMSD errors were calculated on a different
time scale, such as weekly or daily, the minimum possible error would be a reflection of
the average uncertainty at that time scale. This is potentially a very helpful number that

might be used, for example, as a prior uncertainty in Bayesian synthesis inversion studies.

54

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



3.4.2 Kolmogorov-Smirnov test statistics: General results

The Kolmogorov-Smirnov (K-S) test statistics for each month/parameter
combination for both the LE,H and the NEE,LE,H multi-objective criteria are reported in
Tables 3.5 and 3.6 respectively. Values of the test statistic which are less than the p=0.01
significance level are shaded yellow, values which are greater than or equal to the p=0.01
significance level are shaded in orange. Parameters are considered influential if they are
significant at the p=0.01 level, however the higher the K-S test statistic, the more
sensitive the model is to the specification of that parameter. Appendix 3 contains a
companion table (Table A3.1) that combines the information in Tables 3.5 and 3.6 to
show which parameters are influential according to the LE,H criterion, the NEE,LE.H
criterion, both criteria or neither. Parameters are grouped by function to elucidate
patterns of sensitivity and insensitivity.

It is apparent, looking at these tables collectively, that model sensitivity varies by
criterion and by the time period considered. For example, the column ‘All Months’
represents the sensitivity of SiB2.5 to any given parameter considering the entire 12
months of simulation and observations. There are many instances, however, where the
model is sensitive to parameters in specific months but not when a whole year is
considered. Thus, if only that one measure was considered, a significant amount of
information would be lost. It is also clear that the types of influential parameters vary by
month. In the growing season, when NEE and LE are tightly coupled, both multi-
objective criterion (which represent energy balance and energy balance plus the addition

of NEE) produce similar results for the photosynthesis parameters. In the dormant
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season, the additional constraint by the photosynthesis parameters does not impact the
prediction of LE and H much.

Table 3.5 Kolmogorov-Smirnov test statistics for the LE,H multi-objective criterion.
Parameters are arranged by usage in the model and shaded to reflect whether the
parameter was found influential. Parameters significant to modeled results at the p=0.01

significance level are shaded orange. Those that are not significant are shaded yellow.

Parameter|Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec All
Aerodynamic

Iwidth 0.03575 - 0.8 . =20 { SRR SR = 0.02825
llength 0.02775 1 . 0. 0.01475
z1

zc
Remote Sensing

ndgs § 4 : 5 o G asaR Gl 5

ndo2 X 0.01275 . 0.02375 0.02425 o 01975

Itmax X A% 0.01275 g 0. AR $AEK  0.01825

stem X B ; R8RS 001275 002275 0.03575 0.02375 0.01625

Energy Balance 3

soref1 0.02525 0.01975 0.01825% 0.03275

soref2 F SEASRTE bl e

vcover . 0. i Sis 0.02425

chil s ) ] _ E 5 f 0.02475 -
ref11 0.01925 0.01475 0.014756  0.0207 ) : . M 003475 001125 0.03025 0.01225
ref21 0.00725  0.03075 SHGRlEHs ; 0.01375 S5 b S 0.02975 ‘S 3NN 0.01325
ref12 0.02775 0.02175 0.02175 0.00725 0.01475 0.01175 0.01325 0.01725 0.01075 002675 0.020256 0.01625 0.02425
ref22 0.02525 0.02125 =% m 0.01175 0.00825 0.01325 0.01975 0.01425 0.02075 0.03075 0.00875 0.02425 0.02725
tran11 0.01025 001075 002275 002725 002725 001375 001525 000825 001825 001325 001275 0.03025 0.02725
tran21 0.02775 - =5;58028 : Gates - H e 0.01725 LB 0NASE - OARRE . 0888 O BT BERY (LTS 0.01925
tran12 0.02225 0.01475 0.01775 0.01025 0.01375 0.01275 0.010756 0.01425 001375 0.01675 0.01525 0.01625 0.01625
tran22 0.01175 0.01875 0.02775 0.00775 0.01625 0.02475 0.00875 0.00675 0.01725 0.02775 0.01575 0.02175 0.01575

Soil Moisture Ava:lab:l:ty

bee L OTaTE . 008878 0.02425 HBEF: 8 0.01575 0.03525 0.02075 & QMRS BONTs SENRE 0.02675
phsat 0.02725 0.01325 0.01375 0.02925 0.02025 0.01725 0.01325 001225 0.01525 0.01525; 0.01575
satco 0.03075 0.01975 0.01475 ! SHIEs 003325 001675 0.02175 &

poros R7%  0.01975  0.02225 K 002725 0.02875 0.03075
sodep 3 0.02775 : ! 0.01825 0.01325 S
rootd ST

Photosynthesis

vmax0 0.01525 0.01325 0.01725 = 0.01575 0.03425 0.01975

effcon 0.02725 0.01825 0.01775 O. 0222 001375 001425 0.02375

gradm 0.01775 0.01425 0.02375 (K % AR 0.01875

binter 0.02625 0.02275 0.01175:: 2 0.02025 0.02575 1

atheta 0.01125 0.01825 001375 0.02825 5 ol X 0.01775 0.01926 0.01525 0.03325
btheta 0.02075 0.01375 0.02475 0.01675 7 0.02725 0.00875 0.02575 0.02625
hiti 0.01175 0.01675  0.02575: 158 b o 0.02275 0.01075 0.02325 S 5RAE
hhti 4% AN SRECED . T SSEEl s A
siti 001275 0.02425 0.01025 O. ) 0.01025 0.02075 0.02225 0.01725 0.01375
shti 0.01425 0.02375 0.01125 0.02175 0. 02225 002325 0.01475 001775 00875
ph 0.00875 0.01525 0.00975 0.03175 : G 0.01425 0.01875 0.01625 ¢

Autotrophic respiration

respcp 0.02375 0.02275 0.01575 % QA8R8& 0.03475 .. 107 AORaY OG0 AeBE 0.02375 0.01726  0.02675

trda 0.01425 001175 0.00875 0.02075 001675 001125 O. 01825 0.01625 0.01525 0.01175 0.01625 0.01475

trdm CANSTE | Dag4as 0 ReTE: . o B R

trop 0.02125 0.01675 0.00925 0.03075 0.03125

Heterotrophic respiration

wopt 0.01875 0.01975 0.01325 0.02175 0.01325 0.01275 0.01325 0.01275 0.01325 001875 0.02475 0.01925 0.01425

zm 0.01375 0.01175 0.01225 0.01675 0.02075 0.00925 0.00625 0.01225 0.01125 0.01875 0.00925 0.02725 0.01475

wsat 0.01675 _ 0.01275_ 0.01575 _ 0.02275 _ 0.01275 _ 0.01475 _ 0.01475  0.01025 0.01775 _0.01425 0.01675__ 0.01175 0.01525
not significant SR at p=0.01
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Table 3.6 Kolmogorov-Smirnov test statistics for the NEE,LE,H multi-objective
criterion. Parameters are arranged by usage in the model and shaded to reflect whether
the parameter was found influential. Parameters significant to modeled resulits at the
p=0.01 significance level are shaded orange. Those that are not significant are shaded

yellow.

Parameter|Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec All

Aerodynamic

Iwidth 0.03275 % 0.02225  0.02925 NAUEIE “DOBRRE. : | 0.01575 e

llength 0.02825 0.01875 0.01525 0.01375 0.00925 0.01675 0.01475 0.01525

z2 3 0.01325 i

z1

zc

Remote Sensing

nde8 { gRu SO ahey; -8k NaTE SRee

ndo2 . 0.01325 0.01125 3 0.02325 0.01525 0.02225

itmax 0.02375  0.02275 S 5880K f 001875 0.03125 0.02375

stem 0.01525 0.01275 400608 0.02525

Energy Balance

soref1 0.03525 5

soref2 | \ :

vcover : : TR =5 - 3 3 §  0.03525

chil : TS T ) B . ; ESl 0.02975 s

ref11 0.02425 0.01425 0.02475 0. . X @EE 000875 001125 0.03175 0.01475

ref21 0.01325 0.02175 0.03525 = HAYEH RS o = et T 0.02925 0.02325 0.03125 0.02275

ref12 001025 001025 002675 0.01275 0.01075 O. 0.02475 0.01625 0.02775 0.01275 0.01075 0.02575

ref22 0.01225 0.02575 = G¢HE 000975 0.01125 0.00975 0.02175 0.00875 0.01025 0.02575 0.01025 0.01325 0.02475

tran11 0.02475 0.02675 0.02575 0.02925 0.01575 000875 0.01225 0.01475 0.01575 0.01575 0.01525 0.01075

tran21 0.01175 - Cllby i ODARIE oSN O lMIZs 002025 - Gi0ME 003475 /{EQNSE 002825 0019256 0.02575 0.03025

tran12 0.02325 001875 0025256 0.01325 0.01825 0.00975 0.00975 0.01375 0.01875 0.00875 0.01825 0.01226 0.01025

tran22 0.01725 000975 001775 0.00725 SIANMRSE 001675 001075 0.01075 001525 0.01475 0.00975 0.02225

Soil Moisture Availabili i}

bee CO0RE S U0MYS 001875 IS GUREYE 002025 0.03075 0.02575 0.03575; RABNHE B3aE 0.01875

phsat 0.02025 0.01825 0.01175 0.02225 0.01475 0.01375 0.02075 0.00875 0.01425 0.03325 0.01625 0.01225

satco 0.02175  0.00975 LHEEY 0.02325 0.01725 0.01275 ? 0.03125

poros 0.00725 f  0.02675 0.03425 75

sodep 0.01575 0.01625  0.01375

rootd B “RABITE o

Photosynthesis

vmax0 |0.GR628 0.02375 B 1SBRE © : i : & 2

effcon 0.02925 * -O06F . . 0.02875  0.02925

gradm 0.02475  0.02425 G008 R i 0.03525 0.02175

binter 0.02275 0.02025 O. - B2 002475 0.02325

atheta 0.02475 0. I . - 0.01325 0.01325 -

btheta 15 5 iR : ) Re%  0.00975 0.01175 0.03025

hiti i g g 5

hhti 5 £l ] ! o Bk L e o

slti 0.01775 0.01575 0.00475 0. 0.00825 0.01175 i 0.03075 0.02675

shti 0.01275 0.00775 0.00775; : ) 01525 0. 0.02375 0.01725 0.01175

ph 0.01125 0.01025 ' S ; 0.00725  0.02925 DREEs

Autotrophic respiration

respcp  FoGg 17828 - DiAHB  0.01775 - GOREN

trda 001225 002425 0.02275 0.01075

trdm 198 T o LA

trop , #

Heterotrophic respiration

wopt 0.02025 0.01375 0.01475 002525 0.01325 0.01475 0.00875 001425 000925 0.01775 0.02425 0.00925 0.01775

zm 0.01975 0.01675 0.00775 0.01575 0.01175 0.01775 0.01425 001475 0.02575 0.01075 0.01175 0.01325 0.00975

wsat 0.03475  0.02275  0.01725 ;KA 0.01775 _0.01225 0.01475__ 0.01475 0.01525  0.02525  0.03025  0.02425 0.01875
not significant S eEn T at p=0.01

The total number of influential parameters varies through time for the two multi-
objective criteria, from a low of 30 percent of the parameters (LE,H criterion in January)
to a high of 63 percent of the parameters (NEE,LE,H criterion in May) (Figure 3.6). At
any given time, model results are independent of nearly half the input parameters. This is
not to say that these parameters are not important at all, but that their specification has

much less of an influence on modeled results than other parameters. In general, the
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model is sensitive to more parameters in the spring and fall than in the summer and
winter. Which criterion produces the highest number of influential parameters also
changes through time: in the summer months the LE,H criterion has the highest number
of influential parameters whereas during the rest of the year the NEE,LE,H criterion does.
The opposite pattern is seen in the number of parameter sets common to both
criteria for the top 2000 runs (Figure 3.7). The highest number of common runs occurs in
the growing season and in the winter, the lowest number of common runs occurs in the
spring and fall. A greater proportion of common runs indicates that the processes
controlling NEE, LE and H are more coupled during those time periods. The pronounced

seasonal difference indicates that the degree of coupling changes through time.

Number of sensitive parameters
Multi-objective functions
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Figure 3.6. Variation in the number of sensitive parameters through time for both multi-
objective criteria.

This result demonstrates the difference between NEE in the growing season,
which is dominated by photosynthesis, and NEE in the dormant months, which is
dominated by heterotrophic respiration. CO, enters and water vapor exits plants through
stomatal apertures, thus the regulation of the assimilation of carbon and water loss by the

plant are inextricably linked. In SiB2.5 this relationship is expressed via the Ball-Berry
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equation (Ball ef al. 1987; Sellers et al. 1992a). In SiB2.5, heterotrophic respiration is
dependant on temperature, moisture, soil texture and the annual uptake of CO, by the
canopy (Raich and Nadelhoffer 1989; Denning et al. 1996a) and as such is less singularly
coupled to sensible heat flux. Since photosynthesis is more tightly coupled to latent heat
flux then heterotrophic respiration is to sensible heat flux, the number of common
parameter sets is greatest in the growing season when latent heat is the more dominant
flux as opposed to the dormant season when sensible heat is more dominant. Further,
fewer common parameter sets indicates that the addition of NEE to the multi-objective
criterion adds a further constraint on overall model performance, which we see expressed
in the number of influential parameters (Figure 3.6). The effect of adding NEE as a
performance constraint is particularly strong in May and October when the soil was
thawed but there were no leaves on the deciduous vegetation.

Runs common to both multiobjective criteria
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Figure 3.7. Number of parameter sets common to both multi-objective criteria for the top
2000 runs. A larger proportion of common runs indicates a stronger degree of coupling
between energy balance and net ecosystem exchange.

As mentioned above, there are a number of parameters to which the model

exhibits little or no sensitivity. There are six parameters that are never influential: brown

leaf reflectance in the visible (REF1,2), green leaf transmittance in the visible (TRAN1, 1),
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brown leaf transmittance in the visible (TRAN1,2), autotrophic respiration temperature
response (TRDA), optimal percent of soil saturation for respiration (WOPT) and the
skewness exponent of respiration versus soil water (ZM). There are also a number of
parameters (7) that are only marginally influential, appearing as significant only in one or
two months, and then just barely. These marginally influential parameters are: leaf
length (LLENGTH), green leaf reflectance in the visible (REF1,1), brown leaf reflectance
in the near infrared (REF2,2), brown leaf transmittance in the near infrared (TRAN2,2),
soil water potential at saturation (PHSAT), soil porosity (POROS) and a coefficient for
respiration rate at soil water saturation (WSAT). It is possible that some of these soil
parameters might have been more influential during a dry year at WLEF.

Of the remaining parameters, some exhibit a remarkably strong influence for brief
periods of time. It appears (and this will be discussed further below) that these strong
represent specific cases of extreme sensitivity related to underlying problems in the
modeling environment. Continuous levels of sensitivity appear to represent the more
general case of model sensitivity to reasonable parameterization. Three main trends are:
1) more sensitivity during the growing season, 2) more sensitivity in winter and 3) more
sensitivity during the shoulder seasons (which are the transitional time periods just
before, during and after leaf-out and leaf-fall).

The following sections, arranged by thematic group, examine in more detail the
annual patterns of sensitivity of some of the most influential parameters. Appendix 4
contains graphs of the Kolmogorov-Smirnov test statistics plotted through time and

arranged by the same thematic groups. These plots represent the information in Tables
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3.5 and 3.6 plotted in graphic form, are visually very instructive and serve as a
companion to the following sections.
3.4.3 Aerodynamic parameters

The “aerodynamic” model parameters are used to calculate aerodynamic
resistances, both within SiB2.5 as well as offline in the generation of other parameters.
The aerodynamic resistances regulate the fluxes of heat, moisture and CO; between the
leaf and soil to the canopy air space and the atmosphere. Canopy base height (Z) and
canopy top height (Z2) are also used to calculate the mass of snow on the canopy, which
is then used in the two-stream radiation approximation that determines the amount of
energy available for heat fluxes, to calculate the amount of water on the canopy available
for evaporation and to update resistances for the presence of snow. The model is
sensitive to the specification of Z/ and canopy inflection height (ZC) for all months and
for Z2 in nearly all months for both criteria. Since the aerodynamic resistances regulate
all of the fluxes, it might be expected that the model would be sensitive to the parameters
that determine their specification year-round. It is particularly sensitive, however, in the
winter months, October through February. An examination of the frequency histograms
for the parameters Z/ and Z2 using the LE,H criterion shows that in the winter months,
parameter sets which produce the best runs have both shorter canopies (Figures 3.8a,b)
and smaller crown depths (Figure 3.9a,b). Clearly, it is not reasonable to expect canopy
height to change a great deal during the year in a mixed deciduous and coniferous forest.
In fact, the histogram of canopy top height for January, which is very asymmetric and
heavily weighted towards the lower range of possibilities, indicates that an even larger

range of values could have been explored. However such a short canopy would not have
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been appropriate given what we know of actual forest height in the WLEF region, which
is around 20m (http://cheas.psu.edu). This result indicates a potential problem in winter

with respect to either aerodynamic resistances or radiative transfer in the presence of

SNow.
Z2-Canopy Top Height Z1- Canopy Bottom Height
Frequency Histogram Frequency Histogram
350 350 R - . . E
(a.) [CD]
300 300 - . P
250 250 —
& 200 & 200 _
) mJenuary 8
3
g 150 | wuly g 150 o |
I w
100 ¢ - N 100 e e ]
| L 5 o
ot Ld,
0
10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 20 TP R4 2200000000 DRP NP
Canopy Top Height (m) Canopy Bottom Height(m)

Figure 3.8. Frequency histograms of fitted parameter values in the “best” 2000
simulation using the LE,H criterion. (a.) Z2 and (b.) Z! for the months January (black)
and July (grey). January is representative of the winter months, July is representative of
the summer months.
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Figure 3.9. Frequency histograms of the difference between fitted parameter values Z2
and Z1 for (a.) January and (b.) July, shown in Figure 3.8.

3.4.4 Remote sensing parameters
The ‘remote sensing’ parameters are used offline to generate other time varying

parameters. Indirectly, the parameters ND98 (98" percentile NDVI), ND02 (2™ percentile
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NDVI), LTMAX (maximum leaf area) and STEM (stem area index) are all used in the
calculation of the available energy and in the calculation of net assimilation of carbon via
such quantities as fpar and leaf area index (Appendix 2). Shifts in these four parameters
affect both the amount of fpag as well as the amount of leaf area.

ND98 is calculated by taking an annual cycle of NDVI for an entire biome and
calculating the 98" percentile value of NDVI. Calculations of fpar from NDVT are then
scaled between 0 and 0.95, where ND98 is equal to an fpag 0f 0.95 . SiB2.5 shows the
greatest sensitivity to ND98 in April and May and then again in October, the shoulder
seasons. Cumulative frequency histograms of the parameter ND98 for both criteria
reflect adjustment of the parameterization to changing sensitivities through time. Lower
values of ND98 effectively increase leaf area and fpar. Higher values of ND98
effectively decrease leaf area and fpagr. For the LE,H criterion and the parameter ND98,
the best performing values in April are in the lower part of its range while the best
performing values in October are in the upper part of its range (Figure 3.10a). For the
NEE,LE,H criterion, the situation is similar to the LE,H criterion, though less extreme, in
April and October (Figure 3.10b). In May however, unlike in the LE,H criterion, the best
performing values for the parameter ND98 are also in the upper part of its range.

In chapter two we saw that in April soils are beginning to thaw but leaf out does
not occur until the end of May. In the standard model configuration for WLEF, monthly
diurnal average plots show that SiB2.5 tends to overestimate net ecosystem exchange
during the daytime in May (Appendix 1). A possible explanation for the overestimation
was a premature greening up of the canopy due to temporal interpolation between

monthly mean NDVI composites. Thus the shift to lower fpar and leaf area index in May
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is understandable in that it would lead to a reduction in net ecosystem exchange and

would reflect the late May leaf out better. A similar explanation is possible for October.

Since leaf fall actually occurred early in the month, a reduction in leaf area would better

match the condition of the actual canopy. Given that the sensitivity is much greater in the

LE,H criterion, the implication is that the adjustment would benefit energy balance. A

higher temporal resolution for the time varying parameters in SiB2.5 would likely solve

the problem in May and October. Instead of linearly ramping quantities such as LAI

from the center points of each month, shorter compositing periods of NDVI could be

used that would more directly relate to the rapidly changing surface properties at such

sensitive times of the year. However, if clouds are a problem in the study area, a shorter

compositing period might not be possible. April is more difficult to interpret. Increasing

fpar and leaf area in April would decrease the albedo of the surface, increasing available

energy. The sensitivity is expressed most strongly in the LE,H criterion, again implying

a stronger relationship with energy balance.
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Figure 3.10. Cumulative frequency diagrams of the top 2000 fitted values for the
parameter ND98 for the months April, May and October. (a.) LE,H criterion and (b.)

NEE,LE,H criterion.
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3.4.5 Energy balance parameters

Of the energy balance parameters, SiB2.5 is most sensitive to soil reflectance
(SOREFI and SOREF?2). In standard SiB2.5 simulations, soil reflectance is assigned by
biome, meaning that all soils for a particular type of biome are considered to have the
same reflectance properties. These reflectance properties do not change with soil texture,
time or the status of the soil. For example, leaf litter on the soil does not change the
reflectance properties nor does water content. Soil reflectances in SiB2.5 are used in the
calculation of surface albedo and consequently available energy. Sensitivity to these
parameters is exhibited year round with the LE,H criterion and in particular in May,
November and December for both criterion. In the months with extreme sensitivity, the
reflectance of the soils is pushed into the lower part of their range, decreasing albedo and
therefore increasing the amount of energy entering the ground and decreasing the amount
of energy scattered back through the canopy (Figure 3.11). The opposite effect occurred

in April.
Cumulative Frequency
Soil Reflectance in the Visible (SOREF1)

2000 January
1800 February
1600 March

b .

& 1400 — April

[

§ 1200 May

4

w 1000# June

- R .~ N BEEEREE July

£ 800

s |\ /o e August

2 600 -

3 September
400 J October
200 November

0 —r— T T T T T T T : December
B O OPDONANDLLDLL DO HNDHDOBHL DONDN

P FTE P AR P S N SR S aP S o

RIS NS W RN A NG AN N

SOREF1

Figure 3.11 Cumulative frequency diagram of the top 2000 fitted values for the
parameter SOREF 1, the LE,H criterion. May, October, November and December exhibit
strong sensitivity and adjustment towards lower reflectance. April exhibits strong
sensitivity as well but adjustment toward higher reflectance.
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SiB2.5 was also found to be sensitive to the specification of the leaf angle
distribution (CHILL), though much less so than to the soil reflectances. CHILL is used to
calculate GMUDMU (Appendix 2), one of the time varying parameters. GMUDMU is
used in the calculation of the distribution factor for radiation and other properties within
the canopy. SiB2.5 appears to be most sensitive to CHILL in the winter and in the
shoulder seasons. In this experiment, CHILL was varied from —0.5 to 0.5, where negative
numbers indicate more vertically oriented leaves and positive numbers indicate more
horizontally oriented leaves. In the shoulder seasons and winter, preferred values of
CHILL tend toward negative values (Figure 3.12), or a more vertical canopy, perhaps

allowing more light to reach the surface.
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Figure 3.12. Frequency histogram of the top 2000 fitted values for the parameter CHILL,
the LE,H criterion. January (Black) and July (grey) are shown as examples for Winter
and Summer respectively.

VCOVER is used off-line in the calculation leaf area index and fpar (Appendix 2)
and in-line to calculate the surface cover weighted proportions for radiative transfer
(visible, near-infrared and thermal). VCOVER shows sensitivity virtually year round

without any extremes. The preferred values of VCOVER change both through the

seasons and between the two criteria, but the changes are not very large.
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3.4.6 Soil moisture availability parameters

The most sensitive parameter in this category is root depth (ROOTD). ROOTD is
used in the calculation of soil layer thickness and therefore has an impact on heat transfer
through the soil as well as soil respiration. ROOTD maintained a near constant level of
sensitivity throughout the year and, in general, shallower depths were favored. SODEP,
which is used to calculate the layer depths for soil moisture, was only sporadically
sensitive (April and the winter months). In those time periods, deeper soil depths were
favored.

The model was also quite sensitive to the parameter BEE, the soil wetness
exponent. BEE is an exponential parameter that is used along with saturated soil water
potential (PHSAT) and soil wetness to determine the unsaturated soil water potential
(Clapp and Hornberger 1978). The water potential of any soil is a measure of how much
work must be done to remove water from the soil. Less negative values of BEE are likely
to be found with sandier soils and indicate easier movement. More negative values of
BEE are likely to be found with more clay-like soils and indicate more difficult
movement of water through the soil.

In this experiment, SiB2.5 is sensitive to the parameter BEE in January, April and
November. The preferred range for BEE in these months is shifted toward the lower part
of the range of BEE, those values that reflect sandier soils and easier water movement.
April and November are months where the soils went through freeze/thaw cycles at
WLEF. Water in the soil has a higher heat capacity than soil does, so wet soil takes
longer to heat up and longer to cool down than dry soil. The effect of water on the

conductivity of heat in the soil is more non-linear, but does serve to increase the
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conductivity of heat. It is possible, then, that this combination of parameter values, BEE
plus the changing soil and root depths, reflects an adjustment for moisture status and the
regulation of soil temperatures in these months.
3.4.7 Photosynthesis parameters

The photosynthesis parameters were quite well behaved. The parameter HHTI,
the photosynthesis high temperature inhibition % point, displayed a very consistent
normal distribution with a peak that shifted between 300 and 310 degrees Kelvin (Figure
3.13a). The stability of the distribution through time suggests that there is a relatively
fixed optimal value for this parameter. The photosynthesis low temperature inhibition 72
point (HLTI), was also consistent in that the favored values were in the upper half of the
range. However, in summer the distribution was pushed even more toward the upper end
of the distribution of HLTI (towards 290 °K ) (Figure 3.13b). One characteristic of
SiB2.5 that has been noted in the past (Baker et al. 2003) is too rapid resumption of CO,
uptake in the morning and too slow cessation of uptake in the evening during the summer
months. This has been attributed to problems with radiative transfer in the canopy at low
sun angles. It is possible that increasing the low temperature inhibition %2 point would

address this issue from a thermodynamic rather than light availability perspective.
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Figure 3.13. Frequency histograms of the top 2000 fitted values of the parameters HHTI
(a) and HLTI (b) for the month of July and the NEE, LE, H criterion.
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Three parameters that control the rates and efficiency of photosynthesis: the
rubisco velocity of a leaf in full sun (VMAX), the slope of the Ball-Berry photosynthesis-
conductance relationship (GRADM) and the minimum stomatal conductance (BIN7ER),
show the same broad patterns. They are all highly sensitive during the growing season
but also show a peak in sensitivity in April. This peak in April appears to be related to
previously described sensitivity peaks in April where anomalous parameter distributions
were identified. The parameter ranges indicated for April suggest that photosynthesis is
being curtailed. Remember that the remote sensing parameters from the top parameter
sets produced more leaf area and higher fpar in April, despite the fact that the only leaves
on the vegetation would have been on evergreens as the growing season had not yet
begun. This result suggests that the changes in the remote sensing parameters in April
were related to energy balance rather than net ecosystem exchange.

During the growing season, the parameters VMAX and GRADM undergo shifts in
their ranges that appear to be ecologically meaningful. At the beginning and the end of
the growing season, best-performing parameter sets have lower parameter values
(indicating reduced photosynthetic capacity and reduced conductance) for these two
parameters than during the height of the growing season. Results from a recent model
data comparison with SiB2 in an agricultural-prairie system indicate that photosynthetic
capacity was overestimated by SiB2 at the beginning and end of the growing season and
that both young and senescing leaves might have a more reduced photosynthetic capacity
than high-season leaves (Hanan ef al. in prep). These results suggest the same (Figure

3.14a.b).
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Figure 3.14. Frequency histograms of the top 2000 fitted values of the parameters
VMAX (a) and GRADM (b) for the growing season and the NEE, LE, H criterion. The
red and blue bars represent the beginning and end of the growing season (June and
October respectively), the gray bars represent the height of the growing season (July,
August, September). Notice the two distinctly different distributions.

The quantum efficiency (EFFCON) parameter also shows sensitivity during the
growing season but, unlike the three parameters mentioned above, has a sensitivity peak
in May. This peak appears to be related to the premature greening up in May and
associated overestimation of NEE since this sensitivity peak is only seen with the
NEE,LE,H criterion. Further, the peak represents an adjustment of EFFCON to lower
quantum efficiencies, unlike during the growing season where the best runs have
quantum efficiencies in the top half of the parameter range. Similarly, the parameter
VMAX in May exhibits a strongly asymmetric distribution favoring the lowest part of the
parameter range and thus lower rates of conductance and assimilation.

3.4.8 Autotrophic respiration parameters

As in the set of photosynthesis parameters, there were some well-behaved

parameters in the autotrophic respiration set. TRDM, the autotrophic respiration

inhibition 2 point temperature, was sensitive across all months and had a normal

distribution centered consistently on 321° K (Figure 3.15a). Interestingly, this
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temperature is about seven degrees lower than the value assigned for a typical WLEF
simulation. The stability of the distribution through time suggests that there is a stable
optimal value for this parameter, much like HHTI. The optimum temperature for
autotrophic respiration (primarily leaf respiration in SiB2.5), TROP, which is used in the
Q10 equation for autotrophic respiration, was sensitive to a variable degree. For the LE,H
criterion, the sensitivity was confined to the growing season, for the NEE, LE, H criterion
the sensitivity extended all year. During the growing season, the distribution of TROP
centered on 298°K, the default value for WLEF. Outside of the growing season however,
the upper half of the distribution, or higher optimum temperatures for autotrophic
respiration, were favored. Since these are generally colder months, these results would

indicate adjustment for less leaf respiration in dormant months (Figure 3.15b).
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Figure 3.15. Frequency histograms of the top 2000 fitted values of the parameters TRDM
and TROP a) TRDM, the autotrophic respiration inhibition Y2 point. Notice how the
normal distribution remains similar across many months with a peak around 321°K. b)
Frequency histogram of the parameter TROP, the optimum temperature for autotrophic
respiration. Notice that during the growing season, the distribution is nearly normal
around 298°K whereas in the dormant season the distribution is pushed towards higher
temperatures.

Like TROP, RESPCP was sensitive during the growing season for the LE,H
criterion, but virtually all year for the NEE,LE,H criterion. RESPCP is the leaf

respiration fraction of VMAX. In general, the favored distribution for RESPCP was the
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lower half of its range, also limiting leaf respiration. The limitation on leaf respiration
could potentially be offsetting too high heterotrophic respiration at these times
3.4.9 Heterotrophic respiration parameters

An unanticipated outcome was that the modeled results were not sensitive to the
parameters that regulate heterotrophic respiration. Heterotrophic respiration in SiB2.5 is
a function of three things, the net annual assimilation of carbon, soil moisture and soil
temperature. In SiB2.5, annual assimilation of carbon is entirely offset by respiratory
losses, leaving a net zero accumulation of carbon in the ecosystem. The respiratory losses
are parameterized diurnally and seasonally by partitioning the annual assimilation
between the six soil layers and the surface and regulating the respiration rate through
temperature and moisture (Raich and Nadelhoffer 1989; Denning et al. 1996a). The
respiration rate is controlled by a simple exponential relationship for temperature
(commonly referred to as Qo) and by three parameters related to soil texture (WOPT —
the optimal percent soil saturation for respiration, WSAT — the heterotrophic respiration
rate at saturation and ZM — the skewness exponent of the soil moisture stress factor),
which partition respiration according to available soil moisture. ZM, the skewness
exponent, is a statistical parameter that adjusts the respiration rate based on clay fraction.
In this experiment, we have varied the values of WOPT, WSAT and ZM but not Qo,
which remained constant at 2.4. In SiB2.5, Q) is constant across soil textures and
biomes and therefore not considered an input parameter, whereas WOPT, WSAT and ZM
vary. One could argue that Q¢ should also have been varied in this experiment, but it is
likely that this would not have changed the result much. Figure 3.16 shows the results of

simulations utilizing the optimal parameter set for each month but varying the Q;o. In
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each case the simulations were conducted as described previously but the Qo was

changed. Figure 3.16 shows that for these sets of parameters, varying the Qo did not

greatly affect the RMSD error. Figure 3.17 shows the actual fluxes used to calculate the

RMSD errors in Figure 3.16 for March and July. The variability in the observations

overwhelms the comparatively small differences the variations in Q;o generate.
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Figure 3.16 RMSD errors for simulations using the optimal parameter set for each month
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Figure 3.17a,b Simulated fluxes using the optimal parameter set for each month but
varying the soil Q. Observations are shown in Grey.
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The insensitivity of the results to the heterotrophic respiration parameters that
were varied in this analysis is likely due to: 1) the requirement that annual net
assimilation and respiration balance 2) the spin-up of the model and 3) compensation by
other parameters. Since the calculation of respiration is based on the net annual
assimilation, it follows that the model has to first be run, the total net annual assimilation
calculated, and then run again with this valued being partitioned into heterotrophic
respiration. The partitioning is done through the terms respfactor and soilscale.
Respfactor is the basic increment of respiration that the temperature and moisture effects
are multiplied by. Soilscale is the integrated effect of temperature and moisture that is
summed through the year and used to adjust the respiration increment in respfactor. In
this analysis, all parameter sets were spun up for six years to equilibrium, with respfactor
and the initial conditions being updated each year, and then run a final time. With a spin-
up, adjustments to respfactor for the different parameter sets are effectively made during
the spin-up each year such that if soil moisture is low or the soil temperature is low,
respfactor is adjusted for this via soilscale. The result is that the model is not sensitive to
the heterotrophic respiration parameters.

A sensitivity analysis conducted in the identical fashion but made without any
model spin-up demonstrates this idea. Figure 3.18a,b shows the heterotrophic respiration
parameters for both the spun up and not spun up version of the sensitivity analysis. Keep

in mind that in the version that was not spun up, the annual heterotrophic respiration

violates the assumption that it must balance with net annual assimilation and the soil
moisture and temperature fields were not equilibrated. When the model has not been

spun up it shows much greater sensitivity to the heterotrophic respiration parameters that
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were varied in this analysis (Figure 3.18b) than it does when it has been spun up (Figure

3.18a).
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Figure 3.18. Kolmogorov-Smirnov test statistics for parameters ZM, WSAT and WOPT
for all twelve months for the NEE,LE,H criterion. a) with a six year spin-up of the model
b) without any spin-up.
3.4.10 A note on the month of April

The month of April appears to be difficult for SiB2.5 to model, even with large
freedom to vary model parameters. Results in April show great sensitivity to a wide
variety of parameters that, taken as a whole, are difficult to interpret. The optimal
parameter sets resulted in high fpag, little photosynthesis and highly reflective, deep,
sandy soils. At the WLEF site, the buds on the deciduous trees had not yet burst, snow
was melting and the soil thawed midway through the month. The strange parameter sets
and extreme sensitivity point to problems with the model structure or logic. One known
problem with SIB2.5 is that when snow first becomes patchy, too much radiation is
absorbed by the small amount of visible ground, producing implausible temperature
spikes. In the standard WLEF run, the first sign of this appears at the very end of March

(reaching 37°C in the standard run) and carries on into the first week of April (persistent

25°C, then settling to 17°C by the end of the month). Since the driver data is the same
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across all simulations (e.g. same precipitation, same air temperatures) it is possible that
the optimal parameter sets for April are compensating for this problem with the
unrealistic adjustments in fpar and soil reflectivity.
3.4.11 Parameter Rankings

An advantage of the Kolmogorov-Smirnov test statistic is that it can be used to
rank the parameters (Tables 3.6 and 3.7). The higher the Kolmogorov-Smirnov test
statistic, the more statistically significant it is (Hornberger and Spear 1981) and the more
sensitive the model is to the specification of that parameter. Many of the top influential
parameters are shared by both criteria and are therefore perhaps the most important to
define well. Considering only the ten most influential parameters in each month, three
parameters stand out as present in this group in each month and for both criteria, these
are: ROOTD, ZI and HHTI. Other parameters in this most influential goup that the two
criteria share at least half the time (e.g. 6 months or more) are: ZC, TRDM, SOREF2, Z2.
It is interesting to note that HHTI and TRDM, which are both photosynthesis parameters,
are highly influential for both criteria, indicating that the addition of CO, is important in
constraining the energy as well as the carbon fluxes. Other parameters are influential to
both criteria, but for shorter periods of time such as the growing season or shoulder
seasons. Depending on the modeling objectives (long or short term, carbon or energy,
predictive or diagnostic) it might be important to improve the accuracy of some

parameters over others.
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Table 3.6. Model parameters from the top 2000 parameter sets ranked for each month by
the Kolmogorov-Smirnov coefficient for the LE, H multiobjective criteria. Parameters
are ranked in descending order of influence. Parameters shaded in orange are significant
at the p=0.01 level.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec All
2 72 rootd nd98 soref2 hhti hhti hhti hhti e 72 173 hhti
zc 20 ndo8 rootd sorefl hiti gradm gradm rootd 22 ¢ z hiti
zl zl 2 gradm zi rootd hiti hiti gradm  {nd98 zl zl rootd
rootd rootd zc sorefl zc z1 rootd rootd zl z1 soref2 soref2 gradm
hhti hhti zl Itmax rootd z¢ vmax( zl vmax0 rootd chil sorefl zl
trdm soref2 stem z1 2 gradm zl vmax0 bl chil sorefl sodep zc
chil trdm nd02 soref2 hhti soref2 respep 2¢ % soref2 sodep rootd 43
soref2 nd98 chil ¢ Iwidth trdm Z0 respep veover hhti bee hhti vmax(
veover  [stem hhti vmax(  [trdm veover  |trdm 2 nd98 trdm rootd trdm |soref2
bee nd02 trdm hhti veover  [binter vcover  |trdm 2 ltmax hhti bee trdm
nd98 chil soref2 trdm gradm respep soref2 vcover  [respep Iwidth trdm nd98 respop
poros sodep ltmax bee ref21 vmax0 binter Iwidth Iwidth sodep vcover poros veover
sodep Itmax vcover chil chil nd98 effcon nd98 trdm sorefl satco Satco |binter
Iwidth Iwidth tran21 stem hlti trop trop soref2 soref2 bee Iwidth tran21 trop
satco tran21 ref22 nd02 nd98 22 22 binter binter ref21 gradm stem Iwidth
tran21 bee ref21 binter tran21 poros sorefl effcon ref21 gradm llength  [ltmax effcon
refl2 ref21 sodep sodep bee effcon ref21 trop effcon tran21 poros ref21 chil
llength llength tran22 ref21 vmax0 Iwidth btheta ref21 btheta binter phsat trop nd98
effeon slti hiti respcp stem shti atheta sorefl sorefl 3atco tran21 tranl] stem
phsat shti btheta satco satco sodep tran21 1tmax Itmax poros vmax0 refll sodep
binter binter bee tran21 binter Itmax ph ph tran21 refl 1 trop slope sorefl
ref22 respep gradm voover refil satco Iwidth btheta refll nd02 nd98 Iwidth Itmax
sorefl ref12 tranll trop sodep sorefl refl1 tran21 ph ref22 ref21 zm nd02
Itmax ref22 poros hiti effcon atheta bee atheta atheta trop wopt respep satco
Tespep sorefl refl2 Iwidth trop ph chil chil stem llength  |nd02 binter ph
tranl2 satco Hlength llength atheta chil poros stem trop tran22 siti btheta atheta
stem poros Iwidth poros respep btheta stem refll bee btheta refl2 chil poros
slope wopt sorefl 22 shti tran22 ref22 bee sodep refl2 binter veover tranll
trop tran22 tranl2 ph slti slti sodep poros chil veover atheta ref22 ref22
btheta effcon effcon phsat btheta tran21 trda nd02 shti respep ph effcon bee
refl1 atheta vmax(0 atheta tranll phsat Itmax shti nd02 stem Itmax hiti btheta
wopt trop respcp tranl poros slope satco satco satco slope slope tran22 refl2
gradm hlti wsat wsat Zm bee tranll refl2 ref22 shti respep phsat tran2!
nd02 slope slope effcon phsat llength wsat trda llength hiti wsat vmax0 trani2
wsat ph refll shti slope wsat slti llength trani 1 siti trda nd02 tran22
vmax0 tranl2 satco wopt trda tranl 1 ref12 tran]2 poros wopt stem wopt phsat
trda refll atheta refl1 tran22 ref21 nd98 ref22 wsat zm tran22 gradm llength
shti gradm phsat trda llength nd02 phsat sodep tran22 atheta ranl2 shti wsat
zm btheta wopt slope ref12 ref22 slope slope siti trani2 shti slti zm
slti vmnax0 zm btheta ph tran]2 wopt wopt trda vmax0 effcon ph trda
tran22 phsat binter zm tranl2 stem nd02 phsat phsat phsat tranll tran2 wopt
hiti wsat shti ref22 wopt wopt shti zm tran12 ph refl1 refl2 siti
atheta veover siti slti ltmax refl2 tran12 slti slope wsat hlti atheta ref2
tranll trda ph tranl2 nd02 trda tran22 wsat wopt effcon zZm trda refl |
ph zm trop tran22 wsat refl | llength tranl | zm tranll ref22 llength slope
ref21 franl 1 trda ref12 ref22 zm zm tran22 refl2 trda btheta wsat shti
77

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 3.7. Model parameters from the top 2000 parameter sets ranked for each month by
the Kolmogorov-Smirnov coefficient for the LE, H, NEE multiobjective criteria.
Parameters are ranked in descending order of influence. Parameters shaded in orange are
significant at the p=0.01 level.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec All
2 ) rootd vmax0  |sore2  [hhti hhti hhti hhti hhti % hiti hhti
zc z¢ hhti nd98 vmax0  |hlti hiti hiti vmax0 |zl 22 hhti hiti
zl hhti stem rootd sorefl rootd gradm gradm  |rootd 2 z1 z1 rootd
rootd z1 hiti gradm rootd 21 vmax( vmax0  |gradm 22 hhti 2¢ vmax0
hhti rootd 2¢ hhti zl vmax0)  [rootd rootd hiti rootd soref2 soref2 z1
trdm hiti 22 z1 nd98 zc zl z1 21 nd98 chil 22 gradm
respep respep z1 sorefl hhti gradm respcp  |Zc zc vmax0  {sodep rootd |ze
soref2 trdm nd98 trop 7c soref2 7 Tespep veover respep trdm sorefl trdm
chil trop trdm hiti trdm trdm trdm trdm trdm soref2 rootd sodep soref2
veover nd98 vmax0 trdm hiti nd98 soref2 soref2 respep trdm respcp trdm respep
trop soref2 trop z¢ effcon binter effcon 22 soref2 chil sorefl trop trop
nd98 stem soref2 stem slti respep binter Iwidth 22 hiti bee vmax0  |binter
hiti chil chil ltmax gradm trop trop veover  |effoon slti trop respep 22
bee effeon respep soref2 22 veover veover effcon Iwidth Iwidth veover stem effcon
sodep ftmax nd02 binter ref21 effcon btheta binter binter bee hiti nd98 veover
poros btheta Itmax bee btheta ph ph trop btheta sodep sitl bee chil
vmax0 nd02 vcover  sodep trop poros atheta btheta ref21 Itmax satco vcover  |nd98
sorefl bee gradm ref21 ltmax sodep ref21 nd98 ph veover Iwidth refll ph
btheta Iwidth tran2| chil shti tran22 sorefl ph nd98 effcon nd98 ref2l Iwidth
wsat tran21 ref22 ph respep shti nd98 atheta sorefl trop vmax( Itmax sodep
lwidth tran!l sodep nd02 atheta btheta tran21 sorefl trop binter llength  |slti atheta
ltmax ref22 ref21 Iwidth veover  |chil 72 ref21 atheta shti gradm chil poros
effcon atheta effcon veover lwidth sorefl refll chil refl 1 satco phsat poros satco
llength gradm refl2 btheta stem atheta bee ltmax tran21 gradm wsat ph tran21
stem vmax0 ph tran21 tran21 ltmax Iwidth tran21 stem stem effcon effcon btheta
tranll wsat tranll satco satco satco poros poros bee pOTOS binter slope slti
gradm ref21 trani2 shti ph slope refl2 refll ltmax ph poros tran21 refl2
refll satco refll wsat bee Iwidth chil stem zm btheta wopt wsat stem
tran12 slope binter tranll chil refl2 Itmax bee chil ref21 shti binter ref22
binter binter trda slti length tran2] ref22 phsat sodep tran2 1 ref21 satco sorefl
phsat veover sorefl atheta refll bee stem trda trant1 refl2 nd02 gradm ltmax
satco tranl2 slope poros nd02 trda trda refl2 poros ref22 tran21 trda ref21
wopt phsat bee 72 sodep Ilength satco shti tran[2 soref] {tmax shti tran22
zm zm tran22 wopt slope refll tran22 trant] shti wsat tran2 phsat nd02
slti sodep wsat refll tran12 zZm sodep zm wsat atheta slope Iwidth slope
tran22 slti llength trda wsat ref21 Ilength wsat slti wopt tranll tranll trda
slope llength Iwidth phsat poros stem wsat wopt slope trda tran22 nd02 bee
ref21 refl 1 poros effcon trani 1 phsat shti sodep refl2 llength trda llength wsat
shti wopt atheta llength binter wopt zm tranl2 satco trani 1 atheta ref22 wopt
ref22 sorefl wopt slope tran22 22 phsat liength  |nd02 tran22 refl2 atheta llength
tran2 | trda btheta respep wopt nd02 tranl1 nd02 tran22 slope stem m refl 1
ph ph phsat zm zm slti nd02 satco ref22 phsat zm tran12 phsat
refl2 refl12 satco tran|2 ref22 wsat tran(2 slope trda Zm refll btheta shti
trda tran22 shti ref12 refl2 tranl2 slope slti wopt nd02 ref22 refl2 tranl 1
atheta shti zm ref22 trda ref22 wopt tran22 liength tranl2 btheta tran22 tran]12
nd02 poros siti tran22 phsat trant | slti ref22 phsat refl ] ph wopt Zm

3.5 Discussion

Analyses such as the one presented here are very sensitive to the observations
against which the model is being tested. The eddy covariance data used in this
dissertation are not raw data; they are corrected for a variety of phenomena. These

corrections include such things as: 1) coordinate rotation, 2) time lag to the sensor, 3)
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frequency response and 4) storage terms (Berger et al. 2001; Davis et al. 2003). When
changes to these corrections occur, the observations change and therefore the results of
any analysis that uses them. In the course of this work, the investigators providing the
observations changed their analyzed fluxes numerous times producing sometimes subtle
and sometimes quite obvious differences. Similarly, simulation results are dependent to a
large extent on the observations used to drive the model (i.e. driver data). Model driver
data must be continuous; observations made in the field never are. Instrument
breakdowns, dropped data and environmental issues (freezing, flooding, fire) all cause
gaps in data that need to be filled. Even though the filling of driver data is done as
rigorously as possible (see Chapter 2 for a description of how the WLEF driver data were
filled), large gaps remain a very difficult problem.

The results of model sensitivity analyses such as this one are also dependent on
both the site that is being modeled and the weather conditions during the simulation,
because the strengths and weaknesses of any model vary with both of these conditions.
Drought or flood conditions that produce anomalous environmental conditions might not
be a good predictor of how well a model does at characterizing a site in more average
years or how sensitive a model is generally to its parameterization. On the other hand, an
anomalous year might help to fine tune parameterizations and/or reveal other deficiencies
in model structure and logic not previously identified. Further, the sensitivity a model
displays in one biogeographical location will probably not translate directly to another.

Despite the many limitations, which oftentimes cannot be avoided, analyses such
as these can be very powerful. This sensitivity analysis identified many parameters

whose specifications had a significant influence on modeled results. Patterns in the
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sensitivity of the parameterization were related to many things: the ecology of the
system, the specification of input data and how they were used, and weakness in the
model structure itself. As aresult, it is difficult to determine in many cases whether
better specification of a parameter or better representation of a process is more essential
to improving model results. Only in a few cases was this clear. For example, the unusual
optimal parameter sets for April made it evident that there were environmental conditions
and processes that the model was struggling to simulate well in that month. In contrast,
the parameters HHTI and TRDM were remarkably consistent and simple adjustment of
the parameter values themselves is all that seems necessary for improvement. For the
rest of the cases, the interpretation is quite complex and some reciprocation between
parameter specification and process representation is probably necessary.

Unlike many sensitivity analyses, which have focused on time invariant
parameterizations, the one presented here investigated how sensitivities change through
time. In SiB2.5 a combination of time varying and time invariant parameters are utilized.
However, the time varying parameters represent only those that relate to vegetation cover
via the normalized difference vegetation index. The results presented here show that
model sensitivity clearly varies through time for a much larger set of parameters. In
some cases, as in the month of April, the sensitivity may not be ecologically meaningful
but may serve to improve model results by pointing out model structural deficiencies. In
other cases, the results were both affirming and meaningful. One would expect
parameter dominance for different land surface processes in different seasons, and this
was evident in the parameter rankings that showed parameters related to photosynthesis

more influential in the growing season and parameters related to energy balance more
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influential at other times of the year. The variability of the top parameter sets within those
seasons provided additional useful information. In particular, the within season
variability of the top parameter sets for the photosynthesis parameters VMAX, GRADM,
HLTI drew attention to biophysical characteristics that behave quite differently than
expected. It has generally been assumed that properties of photosynthesizing vegetation
such as VMAX, GRADM and HLTI don’t vary with the age or stage of the vegetation; the
results presented here suggest an interesting topic for further research. Similarly, it has
long been felt that the mapping of soil reflectance by biome was a weak point in the
parameterization of SiB. The sensitivity to soil reflectance that the model exhibits
reinforces this sentiment.

Given the number of parameters investigated, it was not altogether surprising to
find that SiB2.5 exhibited signs of equifinality. At any given time, half of the parameters
were found to be non-influential. It is encouraging that if reasonable values are known,
we may not need to worry too greatly about some parameters. However, the influential
and non-influential parameters varied by month and would also most likely vary at
shorter and longer time scales and for different vegetation types or different
environmental conditions. Further, non-influential does not mean that parameters are
unimportant. If the non-influential parameters contribute to the mechanistic
underpinnings of the model, even if only in a minor way, they are still important,
particularly when natural conditions change in unpredictable ways.

The addition of net ecosystem exchange (NEE) does appear to help constrain the
model parameterization and thus the prediction of energy and water fluxes. In the single

point version of SiB2.5, energy is conserved at that point. If either the heat or water flux
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is over or under predicted, the remainder of the available energy is committed to the other
flux. In the formulation of SiB2.5, NEE directly influences latent heat flux and indirectly
influences sensible heat flux. The high ranking of photosynthesis parameters for the LE,H
criterion in the growing season (Table 3.6) are evidence of the additional, positive
constraints NEE places on the fluxes of latent and sensible heat in SiB2.5.

The results of this sensitivity analysis also emphasize the risk involved in
undirected model optimization. Taken one step further, the results presented here could
be used to optimize SiB2.5. Yet, after careful analysis it is clear that optimization of all
the parameters would not be entirely biologically correct. Parameter interactions are very
non-linear and complex and besides compensating for one another, they compensate for
imperfect driver data and model structural problems. An analysis such as this can help
pare down the parameters for which optimization is reasonable, which is important
because a good fit to data for the wrong reasons would strip a model of its predictive
power.

In the next chapter, the results of this sensitivity analysis are used to examine the
uncertainty in simulations of surface fluxes that are a direct result of the parameterization.
With knowledge of model sensitivity, we should be better able to interpret the origin of

the uncertainty and in particular how and why uncertainty varies in time.
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CHAPTER 4

UNCERTAINTY ANALYSIS

4.1 Introduction

Scientists use models of natural systems to make decisions about the accuracy of
hypotheses, to recommend a course of action or simply to learn about how the system
works. Uncertainty is an intrinsic part of this decision making process. Models can never
reflect absolute reality; therefore interpretation of modeled results must incorporate some
level of uncertainty, some acknowledgment of the probable versus the unknown.

In a recent special section of the journal Ecology, Brewer and Gross (Brewer and
Gross 2003) argue that ecologists need to be trained to “think with uncertainty in mind”.
They suggest that as scientists who are expected to play a large role in determining the
consequences of global climate change, ecologists must be able to understand how the
various kinds of uncertainty impact our models and forecasts and ultimately the decisions
that will be made from them. There is also a growing body of literature in ecology that
suggests that actually incorporating uncertainty into deterministic models by allowing for
some stochastic or unknown effects produces more realistic and robust predictions (Clark
2003; Clark ez al. 2003).

However, uncertainty is a difficult and challenging concept. The stochastic

processes that play such a large part in the functioning of natural systems are difficult to
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quantify because random occurrences can cause cascading effects that might not be fully
imaginable. In deterministic models, space, time and rate limits are set to efficiently
characterize processes; this curtails our ability to incorporate uncertainty and
paradoxically engenders uncertainty (Kremer, 83). Further, the motivation for ecologists
to add uncertainty to already complex models and interpretations is often just not there.
As Fedra et al. (Fedra et al. 1981) eloquently stated, “what choice would any of us make
between an honest but depressingly ambiguous prediction and a faithfully promoted,
complex and seemingly accurate prediction?”

Difficulties aside, though, it is becoming ever clearer that we must incorporate
uncertainty into our modeling systems. In the same special section of Ecology, Pielke Jr.
and Conant (Pielke Jr. and Conant 2003) describe an example where incorporating model
uncertainty into the decision making process would have substantially improved the
outcome. In their example on flood prediction, if the calculable uncertainty had been
incorporated into the river cresting height estimates, precautions for flooding might have
been more substantial and thus more damage averted. They also show how uncertainty is
successfully used in other disciplines, such as atmospheric science. The example they
give is weather prediction, where uncertainty is reported with the daily forecast as well as
with extreme events. In weather prediction, uncertainty is expected and therefore the
interpretation of that uncertainty is accessible to those who use these forecasts (Pielke Jr.
and Conant 2003).

In carbon cycle modeling, the impact of poor uncertainty estimation and
interpretation might not be as immediate as in flood forecasting or weather prediction, but

that does not make it any less pressing that we develop full comprehension of it. Two of
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the most high profile research topics in science today are: 1) what are the possible
environmental responses to increased CO, and the likely trajectories of change
(Houghton et al. 2001; McCarthy ef al. 2001) and 2) how and where are the land surface
and oceans currently mitigating the increases in efflux of CO; into the atmosphere
(Schimel 1995; Fan et al. 1998; Tans and White 1998; Schimel et al. 2000; Valentini et
al. 2000; Pacala et al. 2001; Gurney et al. 2002). As a scientific community, we are
beginning to understand the processes involved and the interacting effects, but the
uncertainty bounds on both the expected increase of CO; in the atmosphere and on the
amount of carbon the oceans and land surface will be able to absorb are still large and
controversial (Kheshgi er al. 1999; Houghton 2003). Reducing the uncertainty in these
estimates is a trickle down process beginning with understanding the sources and
implications of uncertainty at the smallest scale and incorporating it into ever-larger
scales. Uncertainty analyses of process-based models such as SiB2.5 are part of this
progression.

Uncertainty analyses are done in many ways, and the variety can be confusing. It
is not uncommon to find the ‘one at a time” (OAT) style approach used to equate step
changes in parameters with uncertainty in results (Alapaty et al. 1997; Hallgren and
Pitman 2000; Molders 2001). However, OAT style approaches and others like them have
been shown to be incapable of capturing the net uncertainty of complex systems (Niyogi
et al. 1999). Because of the complex nature of land-surface atmosphere modeling, where
non-linear interactions are more the rule than the exception, it makes sense to view
uncertainty in the context of the whole system rather than individual parts. Bayesian

statistics provide a straightforward way to do this. As presented here, Bayesian statistics

85

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



can be used to estimate the probability of a response given unknowns in the whole of the
modeling system without assuming a true model and therefore a true response. Bayesian
statistics are just starting to make headway in ecology (Ellison 1996; Ver Hoef 1996;
Calder et al. 2003; Clark 2003; Wikle 2003), despite some early resistance (Dennis
1996), and are already frequently applied in atmospheric science (Kheshgi ef al. 1999;
Gurney et al. 2002) and hydrology (Beven and Binley 1992; Beven 1993; Freer and
Beven 1996).

In this chapter, the predictive uncertainty of the SiB2.5 model is examined.
Within the framework of Bayesian inference, predictive uncertainty can be understood as
the probability that the actual response of a systemwill be predicted conditional on a set
of circumstances. Building on the results from the last chapter, uncertainty bounds are
calculated for the predicted fluxes of latent and sensible heat as well as for net ecosystem
exchange. The predictive uncertainty of SiB2.5 is analyzed through time, on a monthly
basis and for an entire year of simulations.

Several questions concerning the predictive uncertainty of SiB2.5 and of land
surface models in general are addressed. They are:

1. Does predictive uncertainty vary with time? Does it vary diurnally? Does
it vary seasonally? What does this tell us about the model? What does it
tell us about the ecosystem we are studying?

2. Does adding net ecosystem exchange as an additional constraint reduce
the predictive uncertainty of latent and sensible heat flux?

3. What are the potential impacts of predictive uncertainty for a land surface

model such as SiB2.5?
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4.2 Background

Uncertainty exists at every level of the modeling process, from the structure of a
model itself, to the data that drives the model, to the observations the model is tested
against (Kremer 1983). The sources of uncertainty are both known and unknown.
Measurements often have known physical limits to precision; phenomena that occur
below this level of precision while potentially important are not observable. For example,
measurements of CO, concentration are only as precise as their calibration allows. Some
measurements are also used under theoretical assumptions, such as tower flux data, where
in many models it is assumed that observations of net radiation and fluxes calculated by
eddy covariance are measuring precisely the same environment. When this assumption is
violated, the result is uncertainty in the relationship between the two. Stochastic events
can also cause variability in observations that may not be represented in models.

Initial conditions and environmental driver data are special forms of observations,
ones that are used to run the model rather than to test it against. They suffer from many of
the same sources of uncertainty. In addition, initial conditions and driver data are often
subject to modifications, such as gap filling and estimation. Land surface models
typically need continuous environmental driver data, such as air temperature, air pressure
and wind speed. However, the measurements are often not continuous as a result of
factors such as instrument failure and thus the gaps need to be filled. The gaps are filled
with the best available estimate for the missing data, but nonetheless introduce
uncertainty into data used by the model. Similarly, some initial conditions required to
run land surface models may not be directly observed, such as soil moisture profiles, leaf

area index or surface roughness length, and therefore must be estimated.
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The structure of the model itself imparts an unknown level of uncertainty. All
models operate under certain assumptions and the accuracy of these assumptions affects
the level of confidence one should have in the resulting predictions. In land surface
models such assumptions might be with regards to how a complex canopy is represented
(e.g. big leaf or multi layer), which processes dominate others and on what time scales
different processes operate. Further, as was shown in the previous chapter, there is
typically not a unique parameter set that produces a paramount set of simulation results.
Complex models are predisposed to exhibiting equifinality and parametric uncertainty
tends to lead to greater predictive uncertainty (Franks 1998). Still another source of
uncertainty is in the coding of the model itself; few equations can be solved analytically
and choices are made about how processes are mathematically represented and how they
are calculated through time. Taken as a whole, these various forms of uncertainty
coalesce into the overall predictive uncertainty of the modeling system.

A methodology for calculating the predictive uncertainty of models has been
developed by Beven and Binley (Beven and Binley 1992). The GLUE (Generalized
Likelihood Uncertainty Estimation) methodology utilizes probabilistic likelihood
measures to weight model predictions and calculate uncertainty bounds. The likelihoods
represent the probability that a model simulation using a particular parameter set will be a
good predictor of the system under investigation. GLUE is a methodology, and as such is
a general system of conventions rather than a highly specific procedure. The
requirements for GLUE are (Beven and Binley 1992): 1) a formal definition of a
likelihood measure 2) an appropriate initial distribution of parameter values 3) a

procedure for using likelihood weights in uncertainty estimation 4) a procedure for
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updating likelihood weights 5) a procedure for evaluating uncertainty and the value of
additional data. Bayes theorem, which calculates conditional (or inverse) probability
(James and James 1976) is used in GLUE to both calculate weights from the likelihoods
and to update the likelihood weights with new information if it becomes available.

In the previous chapter, a number of the steps necessary for a GLUE style
analysis were completed. A likelihood measure was defined (egs. 3.5 and 3.6) and
appropriate initial distributions of parameter values were determined (Table 3.1) fulfilling
requirements 1 and 2. The likelihood measures and parameter distributions were then
used to condition the model parameter space by running two sets of Monte-Carlo style
analyses to identify the best performing parameter sets from 20,000 randomly generated
sets. In the extension of that work to the uncertainty analysis presented here, the top ten
percent of the simulations, as determined by likelihood value, are used to calculate the
likelihood weights in requirement 3 of the GLUE procedure. How this was done is
discussed in section 4.3 of this chapter.

While quite a number of studies utilizing the GLUE methodology have been
carried out on hydrological models (Beven and Binley 1992; Romanowicz ef al. 1994;
Freer and Beven 1996; Franks et al. 1998; Brazier et al. 2000; Beven and Freer 2001;
Brazier et al. 2001), relatively fewer have evaluated land surface-atmosphere models
(Franks et al. 1997, Franks and Beven 1999; Franks ef al. 1999; Schulz et al. 2001). This
is not surprising, as the genesis of GLUE was in the discipline of hydrology. However,
the methodology is well-suited to land surface-atmosphere modeling, since it implicitly

handles non-linear interactions.
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Franks and Beven (Franks and Beven 1997) examined the predictive uncertainty
of the soil-vegetation-atmosphere-transfer (SVAT) scheme TOPUP with the GLUE
methodology. TOPUP, a modified version of the hydrological model TOPMODEL, is a
relatively simple SVAT designed primarily to predict evapotranspiration. In their
analysis, they examined the predictive uncertainty of TOPUP with respect to daytime
fluxes of latent heat in two different climates, the Amazon and Kansas, for two periods of
time (one wet, one dry) each (in the Amazon, 17 and 73 day periods; in Kansas, 6 and 11
day periods). When conditioning the model on the individual time periods, they found
that the predictive uncertainty bounds on latent heat flux were larger in an absolute sense
for wetter periods than for drier periods, though in both cases the bounds were
approximately 1/3 of the actual flux. When they conditioned on one period (wetter) and
used the accepted parameter sets to calculate the predictive uncertainty of the second
(drier), they found that the uncertainty in the predictions greatly increased. Their results
suggest that when using a model to simulate different time periods that represent
markedly different environmental conditions it is important to be aware that different
process constraints might be active at different times and/or on processes of different
durations. They also suggest that using as much data in the conditioning process as
possible (more than they had available) might eliminate this problem and reduce
predictive uncertainty.

In a follow on to the study mentioned above, Franks et al. (Franks et al. 1999)
investigated whether including further constraints on the TOPUP SVAT model would
reduce predictive uncertainty. In this analysis, they evaluated the same 73-day period

from the Amazon, but also considered sensible heat flux (H) and ground heat flux (G).
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They found that adding the additional constraints of H and G when conditioning the
model parameter space helped to greatly reduce uncertainty. They suggested this was
because energy balance is a bounded problem in the formulation of TOPUP, and the extra
constraints of H and G helped to place appropriate limits on all three fluxes.

Schulz et al. (Schulz ez al. 2001) investigated the predictive uncertainty of land
surface fluxes with respect to increasing ambient [CO,] using the GLUE methodology.
In their study they used a simple photosynthesis model to evaluate what the impacts of
predictive uncertainty are on predictions of latent heat flux and CO, flux in the presence
of elevated CO; concentrations. They conditioned their model on the daytime fluxes of
latent heat and CO, of a boreal agricultural field site in Sweden over the course of a two-
week period in summer. They used two different scenarios to condition the model, one
where six parameters were varied but the biochemical parameters of photosynthesis were
fixed and one with 21 variable parameters that included the biochemical parameters of
photosynthesis. They found that including more parameters in the conditioning of the
model produced greater parametric uncertainty. This greater parametric uncertainty
translated into greater predictive uncertainty when predictions of latent heat and CO; flux
were made with elevated concentrations of CO,. Their results suggest that it is important
to be informed of the parametric uncertainty of a model that will ultimately be used to
make predictions of the future.

The analysis of SiB2.5 presented in this chapter benefits from the results of these
previous studies of land surface-atmosphere models while taking the analysis in a
different direction. Unlike in other land surface-atmosphere studies using the GLUE

methodology, the predictive uncertainty of a demonstrably more complex land surface-
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atmosphere model is evaluated for an entire year thereby capturing daily, monthly and
seasonal patterns. This is important because the effects of different model
parameterizations might not be evident on short time scales. For example, imagine a set
of soil parameters that facilitated the drying out of the soil. Over short time scales they
might have a negligible impact, however over longer time scales the soils would
eventually dry out, causing a cascading series of effects. The seasonal patterns of
uncertainty are related to model structure and logic, model sensitivity and to the
relationship between deterministic models and comparatively stochastic measurements.
How the different constraints of energy balance and the net ecosystem exchange of
carbon affect predictive uncertainty in time are also examined. Because it was possible to
evaluate the model for an entire year, it was also feasible to assess the appropriateness of
conditioning model parameter space on all of the available data.
4.3 Methods

The uncertainty bounds, or prediction quantiles, were calculated based on the
results from the sensitivity analysis of Chapter 3. In Chapter 3, a Monte Carlo style
analysis was performed wherein 20,000 randomly generated parameter sets were ranked
based on their capacity to simulate latent and sensible heat flux and net ecosystem
exchange for each month of the year 1997 and for the entire year. Two criteria were used
to evaluate the success of the simulations; the first criterion evaluated the ability of
SiB2.5 to simulate latent and sensible heat flux (Eq. 3.5) the second criterion included net
ecosystem exchange as an additional constraint (Eq. 3.6). The best performing parameter

sets (top 10%) for each criterion were retained for each month and for the year as a
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whole, 28,000 in total. The sensitivity analysis in Chapter 3 was carried out using these
top-performing sets, which were retained and used in this analysis.

Each retained parameter set was used to run the model in precisely the same
manner as described in Chapter 3; for the year 1997, with a 6—year spin up and identical
weather forcing. For each parameter set, hourly fluxes of sensible and latent heat as well
as net ecosystem exchange were saved for the particular month or year associated with
that parameter set. These hourly flux estimates were then used to calculate uncertainty
bounds on the simulated output of the model.

The output distributions of the flux estimates for any given time step are not
expected to consistently produce a normal distribution, therefore standard methods for
calculating confidence intervals in most cases will not apply (Beven and Binley, 1992).
Instead, the performance criteria (the likelihoods; L) from the sensitivity analysis were

used. The general form of the likelihood criteria used in Chapter 3 is (Franks 1998):

z(o) Xaza;){(zz][%jj (4.1)

Where:
6 = parameter set
y = observations

o = variance of errors for a particular variable
) . . . . - .
- = minimum estimate of the variance of errors for the time period

N = scaling, shaping factor to impose stringency/leniency

In the sensitivity analysis the scaling factor N was not implemented since the
number of retained parameter sets was based on a percentage of the total number of
parameter sets rather than on an imposed performance limit (See discussion in Chapter

3). Including N does not change the rank order of the results but does weight better
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simulations proportionately more. In this chapter, the likelihood values for each
parameter set were recalculated using the shaping factor N = 1 to weight better
simulations proportionately more. Equation 4.2, from Beven and Freer (Beven and Freer
2001), illustrates how Bayes equation is used with the calculated likelihoods to compute

the posterior likelihood of each of the top 2000 simulations.

AL ALIUIE) "

Where L,[ M (6,)] is the prior likelihood for the model M (6,) with parameter set 6,;

L, [M (Q" Y, Z, )] is the likelihood measure calculated for the model with parameter set

6, over time period T conditioned on input vector Y7 and observed variable vector Zr;
and C is a scaling constant such that the cumulative sum of the posterior

likelihood, L I:M (Hi)] , equals one. Because we used non-informative priors (uniform
distributions for each parameter), L, [M (Gi)] is constant. The likelihood measures,

L, |:M (9i| Y. Z, )] , used in this chapter are the same as those used to calculate parameter

sensitivity in Chapter 3 (Eq. 3.5 and 3.6)

Equation 4.3 (also from Beven and Freer 2001) illustrates how the prediction

quantiles (P(ZA, < z) ; uncertainty bounds) are then calculated from the retained posterior

likelihoods.

Z,, < z:| (4.3)

94

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Where ZA,,,. is the value of variable Z at time t simulated by model M (6,.) with
parameter set &,. The computation of 90% uncertainty bounds for each hourly time step
proceeds in this way: 1) predictions of latent and sensible heat flux and net ecosystem

exchange from all two thousand runs are ranked from low to high flux, ZA”. 2) likelihood
values associated with each parameter set are maintained along with the fluxes as they are

ranked, | M (6))

ZAt, ; < z} 3) the likelihood values are then summed until 0.05 and 0.95

N
are reached ZL[M (Bi)‘Zm. < z] 4) the flux at these points (z; 0.05 and 0.95) are the 5™
i=1

and 95" prediction quantiles/uncertainty bounds for that time step. Uncertainty bounds
such as these are probabilistic and represent the predictive uncertainty of the SiB2.5
model as conditioned on the input data, the observations, the parameter sets and the
chosen likelihood measure (Beven and Freer 2001).
4.4 Results

The predictive uncertainty bounds were constrained by two multi-objective
criteria, the model predictions fit to observed latent and sensible heat fluxes and the
predictions fit to observed latent and sensible heat fluxes plus net ecosystem exchange.
These multi-objective criteria were applied both on a monthly basis as well as for the
entire year. The results are hourly sets of predictive uncertainty bounds for latent and
sensible heat flux as well as net ecosystem exchange for the entire year of 1997
constrained both monthly and annually on the two multi-objective criteria.

The expectation, given a true model of the system, is that the predictive
uncertainty bounds will be wide enough to encompass the observations and that the

observations will fall in the center of the bounds (Beven and Freer, 2001). If the
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observations are not in the center of the bounds or are outside of the bounds entirely it
can indicate several things. If observations are systematically above or below the
uncertainty bounds during different parts of the day or during different parts of the year,
that can be an indication of problems with model structure or logic. The parameters were
given a large amount of freedom to vary and so systematic errors indicate an inability of
the model to capture some process or environmental condition. In some instances,
however, it can also indicate problems with the observations. For example, it has been
observed that nighttime estimates of net ecosystem exchange are systematically under-
observed because the lack of turbulence at night violates one of the main assumptions of
the eddy covariance method (Goulden et al. 1996a; Lavigne et al. 1997; Law et al.
1999). When observations fall more randomly outside the predictive uncertainty bounds,
not biased by time of day or day of year, it is an indication of variability in the
measurements that the model cannot simulate.

Figure 4.1 shows example diurnal cycles of net ecosystem exchange, latent and
sensible heat flux for two days in 1997, July 29 and October 23. This figure is merely an
example to show the variability in observations and in predictive uncertainty bounds at
two different times of the year. The predictive uncertainty bounds shown were
constrained monthly with the NEE,LE,H criterion. Notice that the observations of net
ecosystem exchange fall within the uncertainty bounds in both time periods and that they
are quite well centered (Figure 4.1a,d). For sensible heat flux (Figure 4.1c,f), the
observations are also quite well centered within the uncertainty bounds in July, however
in October the observations fall well above the uncertainty bounds during the daytime.

For latent heat flux there is more variability during both time periods (Figure 4.1b,e). In
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both July and October, the model appears to be unable to simulate the relatively higher
afternoon latent heat flux. Notice also how the magnitude of the uncertainty bounds
varies with time of day (or magnitude of flux). The predictive uncertainty bounds are
very narrow during the nighttime for both latent and sensible heat flux, indicating SiB2.5
does not simulate much variability in heat fluxes at night.
4.4.1 Hourly predictive uncertainty

There are patterns in both the observations and the hourly predictive uncertainty
bounds that occur within a month. In October, for example, leaf off occurs in the days
around October 10™. After this time, both the observations and uncertainty bounds for
net ccosystem exchange change in magnitude, adjusting to the loss of photosynthesizing
vegetation (Figure 4.2a). During the time period just before and after leaf-off,
observations of nighttime net ecosystem exchange fall well below the predictive
uncertainty bounds, indicating systematic under prediction of nighttime NEE during this
short time period. The daytime observations, on the other hand either fall inside the
predictive uncertainty bounds or just below (indicating a slight tendency to over predict
daytime NEE). SiB2.5 does not explicitly treat heterotrophic respiration from litter so
perhaps this under prediction of nighttime NEE is related to a first flush of respiration
after leaf fall. In other months, such as July, the relationship between observations and
the predictive uncertainty bounds is more stable (Figure 4.2b). There are no obvious
patterns of over or under predicting net ecosystem exchange and the observations fall
agreeably within the predictive uncertainty bounds, indicating good model structure and

logic during this time period
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Figure 4.1 Diurnal cycles of observations and predictive uncertainty bounds for July 29 (a,b,c) and October 23 (d,e,f), 1997.
Predictive uncertainty bounds were constrained with the NEE,LE H criterion and parameter sets were conditioned monthly.
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Figure 4.2 Hourly predictive uncertainty bounds for net ecosystem exchange constrained
monthly on the NEE,LE,H criterion a) October, 1997 b) July, 1997.

4.4.2 Monthly mean diurnal predictive uncertainty

Monthly mean diurnal plots provide a useful summary of the results. Figures 4.3
and 4.4 present the monthly mean diurnal uncertainty in simulations of net ecosystem
exchange and latent and sensible heat flux constrained monthly on LE, H and NEE,LE H.
These plots show broad patterns in the fit of the predictive uncertainty bounds to the
observations. Considering the results already presented for July and October and the
NEE,LE,H criterion, which relate directly to Figure 4.4, we can see that the monthly
mean diurnal plots do a reasonable job in capturing the patterns observed at a finer

temporal scale.
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Figure 4.3 Monthly diurnal mean uncertainty in simulations of a) net eccosystem
exchange, b) latent heat flux and c¢) sensible heat flux constrained monthly on LE,H.
Gray diamonds represent the monthly diurnal mean of the observations, the blue solid
line represents the monthly diurnal mean of the 5% predictive uncertainty bound, the red

solid line represents the monthly diurnal mean of the 95% predictive uncertainty bound.
The diurnal cycle for each month is shown.
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Figure 4.4 Monthly diurnal mean uncertainty in simulations of a) net ecosystem
exchange, b) latent heat flux and c) sensible heat flux constrained monthly on NEE,LE H.
Gray diamonds represent the monthly diurnal mean of the observations, the blue solid
line represents the monthly diurnal mean of the 5% predictive uncertainty bound, the red
solid line represents the monthly diurnal mean of the 95% predictive uncertainty bound.
The diurnal cycle for each month is shown.
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The two constraints, LE,H and NEE,LE,H, resulted in very similar predictive
uncertainty bounds for both the latent heat flux and sensible heat flux, with the exception
of sensible heat flux in October, where more observations fell within the uncertainty
bounds with the inclusion of net ecosystem exchange in the constraint. For both latent
and sensible heat flux, rarely are the observations in the center of the predictive
uncertainty bounds. For daytime latent heat flux, the observations appear most centered
in May and August. For daytime sensible heat flux the observations appear most
centered in June and September.

Daytime latent heat fluxes show a tendency to be systematically over-predicted in
the winter and spring months (Dec,Jan,Feb,Mar,Apr) and under-predicted in the summer
months of June and July. Evening latent heat fluxes appear to be systematically over-
predicted in most months, though as we have seen the nighttime uncertainty bounds are
very narrow. Daytime sensible heat fluxes are systematically under predicted in the
winter, spring and fall months (Jan,Feb,Mar,Apr,Oct,Nov,Dec) and show a tendency
toward over-prediction in the summer (Jul,Aug). For nighttime sensible heat fluxes it is
less clear, though it does appear that early evening sensible heat fluxes tend to be over-
predicted and that nighttime sensible heat fluxes in April, May and October are over-
predicted. Evaluation of the percentage of hourly observations above, within and below
the hourly predictive uncertainty bounds generally supports this interpretation (Tables 4.1
and 4.2), though it is difficult to separate out daytime versus nighttime fluxes in the
percentages. It is surprising to see that for both latent and sensible heat flux, less than

50% of the observations fall within the uncertainty bounds. The absolute percentage
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varies by season with the most observations falling within the predictive uncertainty
bounds in the summer months and the fewest in the winter.

Table 4.1 Percentage of observations above, within and below 90™ percentile predictive
uncertainty bounds for latent heat flux, LE,H constrain and NEE,LE,H constraint,

conditioned monthly.
Percentage of Observations Above, Within or Below
Predictive Uncertainty Bounds for LE
LE,H NEE,LE,H
% Above % Within % Below % Above % Within % Below

January 43 19 38 42 19 39
February 53 11 36 52 12 36
March 44 13 43 45 13 42
April 21 19 60 20 19 61
May 40 33 27 43 30 27
June 29 35 36 28 36 36
July 28 36 36 28 36 36
August 32 33 35 33 32 35
September 26 29 45 26 28 46
October 32 29 39 30 31 39
November 44 20 36 44 21 35
December 54 15 31 55 16 29

Table 4.2 Percentage of observations above, within and below 90™ percentile predictive
uncertainty bounds for sensible heat flux, LE,H constrain and NEE,LE H constraint,

conditioned monthly.
Percentage of Observations Above, Within or Below
Predictive Uncertainty Bounds for H
LE,H NEE,LE,H
% Above % Within % Below % Above % Within % Below
January 48 15 37 48 16 36
February 48 18 34 48 18 34
March 48 18 34 49 18 33
April 29 31 40 29 31 40
May 29 28 43 30 28 42
June 23 39 38 23 39 38
July 20 44 36 21 44 35
August 25 33 42 25 34 41
September 19 39 42 20 40 40
October 38 22 40 38 27 35
November 43 20 37 44 20 36
December 50 18 32 51 21 28
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Energy balance is enforced in SiB2.5 as it is in most single point models. In
many months, where one heat flux shows systematic over-prediction, the other shows
systematic under-prediction. This analysis does not include ground heat flux as an
additional constraint, which might have helped moderate the swings in over and under-
prediction of sensible and latent heat (Franks et al. 1999). However, ground heat flux is a
point measurement at eddy covariance sites, so it is not clear that it would have been
appropriate to add it as an additional constraint. There are also finer features presented in
monthly mean diurnal plots specific to the fluxes. For example, the model appears to
miss high afternoon fluxes of latent heat in July (Figure 4.4b, 4.5a). For sensible heat
flux, the model misses an early evening dip in sensible heat flux (Figure 4.4c, 4.5b).

Observations of net ecosystem exchange appear to be centered within their
predictive uncertainty bounds more often than observations of latent and sensible heat
fluxes were (Figures 4.3a, 4.4a). August and October show the most centered
observations for daytime fluxes for both constraints: for the NEE, LE, H constraint,
daytime observations were also well centered in May. For nighttime fluxes, the
observations are most centered for both constraints during the summer months of June,
July and August. In the spring and fall (Apr, May, Oct, Nov) nighttime fluxes tend to be
under-predicted. In the beginning and end of the leaf-on period (Jun, Sep), daytime

fluxes show a tendency towards under-prediction.
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Figure 4.5 Hourly predictive uncertainty bounds for latent and sensible heat flux
constrained monthly on LE,H for July 1997 a) latent heat flux b) sensible heat flux.

There are more obvious differences between the predictive uncertainty bounds for
the two constraints (LE,H and NEE,LE,H) with respect to observations of net ecosystem
exchange than there were for observations of latent and sensible heat flux. April, May
and October show the most difference, with the predictive uncertainty bounds, both the
5" and 95" percentile, being narrower in April and May for the NEE,LE,H constraint and
the 5™ percentile uncertainty bound for October being narrower in the nighttime for the
LE,H constraint. The narrower uncertainty bounds in May result in more centered

observations during the daytime and fewer observations actually falling within the
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uncertainty bounds (Table 4.3). The summer months (Jun,Jul,Aug), which were time
periods shown in Chapter 3 to have a large number of common simulations between the
two constraints, show the least difference between the two constraints. This difference
will be discussed further in a later section.

Unlike the fluxes of latent and sensible heat, the percentages of NEE observations
within the uncertainty bounds are quite high. For the LE,H constraint, all months except
October have greater than 50% of the observations within the predictive uncertainty
bounds. For the NEE,LE H constraint January, February, May and December fall below
50% of the observations within the bounds, indicating that fewer observations fall within
the predictive uncertainty bounds when the NEE,LE,H constraint is applied than when
the LE,H constraint is applied. Overall these results show that the structure and logic in
SiB2.5 for the simulation of diurnal to seasonal variations in net ecosystem exchange is
quite good.

Table 4.3 Percentage of observations above, within and below 90™ percentile predictive

uncertainty bounds for net ecosystem exchange, LE,H constrain and NEE,LE,H
constraint, conditioned monthly.

Percentage of Observations Above, Within or Below
Predictive Uncertainty Bounds for NEE 5
LE.H NEE,LE,H
% Above % Within % Below % Above % Within % Below
January 8 56 36 22 39 39
February 6 57 37 18 46 36
March 4 76 20 21 51 28
April 7 74 19 13 58 29
May 6 74 20 10 48 42
June 20 63 17 21 59 20
July 18 71 11 19 68 13
August 18 61 21 20 57 23
September 15 66 19 18 60 22
October 5 40 55 9 51 40
November 3 74 23 17 56 27
December 3 87 10 29 39 32
106

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



4.4.3 Reducing predictive uncertainty with additional constraints

As expected, adding in the additional constraint of net ecosystem exchange when
conditioning the model on different parameters sets reduces the predictive uncertainty of
net ecosystem exchange (Figure 4.6a,b). However, the reduction in uncertainty is not
constant through time. The largest reductions in predictive uncertainty occur during the
spring in April and May. In the last chapter, it was shown that when the model was
constrained with only the LE H criterion in the month of April, very unusual parameter
sets resulted. The hypothesis was that the treatment of melting snow in SiB2.5 was
inadequate, causing unusually high spikes in heat fluxes and therefore inappropriate
parameter sets were selected to compensate for this problem. The addition of net
ecosystem exchange as a constraint resulted in more biologically realistic parameter sets.
The reduction in the parametric uncertainty resulted in the reduction of predictive
uncertainty shown here. Similarly, premature greening up of the canopy in May due to
temporal interpolation between monthly mean NDVI composites resulted in unrealistic
parameter sets when only the LE,H criterion was considered. The inclusion of net
ecosystem exchange again reduced parametric uncertainty leading to reduced predictive
uncertainty. Predictive uncertainty in net ecosystem exchange was also reduced in the
winter months with the addition of NEE to the constraint. However, during the rest of the

year the reduction is less dramatic.
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For the sensible and latent heat flux there is no appreciable improvement in

predictive uncertainty with the additional constraint of net ecosystem exchange (not

shown). This is somewhat surprising since one might have expected a reduction at least

in latent heat flux given the coupling of transpiration and carbon assimilation in SiB2.5.

4.4.4 Annual versus monthly constraints

In addition to the two constraints of LE,H and NEE,LE,H that were used to

condition the parameter space for the uncertainty analysis, two time constraints were
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evaluated. Predictive uncertainty was calculated for each flux for each data constraint by
constraining the parameter space either monthly (presented thus far) or annually. For the
monthly constraint model parameters were allowed to vary in time, for the annual
constraint they were not. In some cases, such as for the month of April, the monthly
constraint selected for biologically unrealistic parameter sets due to model structural
problems (see discussion in Chapter 3). In other cases, the monthly constraint allowed
parameters such as VMAX to vary, which is more biologically realistic. Figure 4.7 shows
the monthly mean predictive uncertainty for each flux, constrained on the NEE,LE,H
criterion monthly and annually.

There are differences between constraining monthly or annually but they don’t fit
a single pattern for the different fluxes. For net ecosystem exchange, overall the daytime
fluxes were better captured by the monthly constraint and the nighttime fluxes by the
annual constraint. This is reflective of the timescales on which these two processes
operate in nature and in SiB2.5. Ecosystem respiration in SiB2.5 is calculated based on
the annual assimilation of carbon by the vegetation, which is a reasonable assumption at
WLEEF for the year 1997 (discussed in detail in Chapter 2). The assimilation of carbon by
vegetation in SiB2.5 is not restricted annually and proceeds as the environment and
condition of the canopy dictate.

For latent and sensible heat flux, in general the monthly parameter adjustment
produced predictive uncertainty bounds that were better able to capture the observations

than the annual constraint. As with daytime net ecosystem exchange, fluxes of latent and
sensible heat are more actively coupled to the environment at shorter temporal periods.

In the case of latent and sensible heat flux, the flux is determined by the status of the
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landscape (wet or dry) as well as the atmospheric conditions (vapor pressure deficit,
cloudiness, wind speed and direction, etc..). The time periods on which these fluxes are
dependent are thus shorter than those for nighttime net ecosystem exchange and the
monthly predictive uncertainty bounds are therefore more appropriate. For latent heat
flux, the monthly predictive uncertainty bounds are narrower than the annual predictive
uncertainty bounds in all months except July and August, similar to net ecosystem
exchange. For sensible heat flux, the monthly predictive uncertainty bounds are
equivalent or just narrower than the annual bounds in all months except April, May and
June where the monthly uncertainty bounds are not necessarily much narrower than the

annual bounds, but have shifted upward in a better fit to the observations.
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Figure 4.7. Monthly mean diurnal predictive uncertainty constrained yearly (solid linc)
and monthly (dashed line) on NEE,LE,H for a) NEE, b) LE and c) H.
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4.5 Discussion

An analysis such as the one presented here is sensitive to the choices that define
it. If this analysis were conducted with a different time period of data, in another
geographical location or if other data from the same site were used to constrain the model
the conclusions might have been be quite different. Further, the choice of which
parameter sets to retain and even the choice of goodness of fit criteria will affect the
results. For example, in this analysis the scaling factor N was set to 1. There is a direct
correlation between the width of the predictive uncertainty bounds and the choice of N,
the larger N is the narrower the uncertainty bounds will be (Freer and Beven 1996;
Franks and Beven 1997). However, given that a truly generalized analysis is never
possible and that these choices were explicitly made, the results that were obtained here
can at least inform the expected uncertainty in simulated CQO, arising from parameter
error in SiB. This type of information is very useful for inverse modeling.

All land surface models must necessarily be simplifications of complex land
surface—atmosphere interactions. If a model represented all of these complexities
faithfully and highly accurate observations were made, we would expect, regardless of
the constraints imposed, that the observations of the simulated quantity would fall within
the center of the predictive uncertainty bounds. Because SiB2.5 was not developed to
represent every aspect of the system and because the observations were not neatly
centered within the uncertainty bounds, there is much to learn from an uncertainty
analysis such as this. The observed biases, the responses to different constraints and the
temporal variability discerned in this analysis provide insights on the ecosystem at

WLEF, the structure and logic of the model and most importantly how these two
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intersect.

In the plots of individual days, months and monthly diurnal means, biases in the
simulated fluxes as compared to the observed fluxes were observed. Because the
parameters were given a large amount of freedom to vary, systematic errors indicate
either an error in the structure or logic of the model that precludes the representation of a
process or environmental condition or systematic errors in the observations themselves.
The high percentage of observations that fell within the predictive uncertainty bounds for
net ecosystem exchange indicates that the structure and logic of the model for this flux is
quite good, at least at diurnal timescales. There were some observed biases however.
Over and under estimation of daytime net ecosystem exchange in times of rapid
landscape change (spring and fall) was associated with the lack of high temporal
precision in the time varying parameterization of the model, especially leaf area index
and fpar. Biases in the nighttime net ecosystem exchange, which were observed in some
months, could be related to the simplified respiration code that responds to temperature,
moisture and the annual total assimilation of carbon, but not the daytime uptake or recent
input of litter.

Far fewer of the observations of sensible and latent heat flux fell within the
predictive uncertainty bounds and biases were more obvious and persistent than for net
ecosystem exchange. There are several possible reasons why heat fluxes are more
problematic then net ecosystem exchange for SiB2.5. As mentioned previously, energy
balance is enforced in most single point land surface-atmosphere models, however
observations of the components of net radiation made in the field rarely close the surface

energy budget. Further, despite careful rules to ensure that the flux measurements are
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representative of the heterogeneous landscape at WLEF, turbulence and landscape
variability that is not characterized in SiB2.5 could be playing a significant role in the
variability of the fluxes. For example, Ewers et al (Ewers et al. 2002) found large
differences in the transpiration of four different forest types (northern hardwoods,
conifer, aspen/fir, forested wetlands) found in the WLEF area; in the single point version
of SiB2.5 a single functional type represents the WLEF area, mixed forest. Shifts in wind
direction at certain times of day or days of year could produce fluxes dominated by one
forest type or another that SiB2.5 is not intended to reproduce. If these sources of
variabilitys are persistent, then the mean field parameterization of SiB2.5 must be
considered incorrect for this site. It is possible that predicting net ecosystem exchange is
less problematic because it is less variable across the different vegetation assemblages at
WLEF than heat fluxes are and therefore mean-field parameterizations and functional
groups are adequate representations.

Adding the additional constraint of net ecosystem exchange did not reduce the
predictive uncertainty of latent and sensible heat flux. Given the coupling of
transpiration and carbon assimilation in SiB2.5, this is somewhat surprising. It is
possible that the greater variability of the heat fluxes mentioned above prevented the
additional constraint from having much of an effect. We do know from the last chapter,
however, that the additional constraint of NEE did reduce the parameter sets to more
biologically meaningful groupings. As expected, the additional constraint did reduce the
predictive uncertainty of net ecosystem exchange, although not across the board. The
least amount of reduction in predictive uncertainty occurred in the summer months when

net ecosystem exchange is the most coupled to the heat fluxes. During the winter months,
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when net ecosystem exchange is less coupled to the heat fluxes, there was a
proportionally larger reduction in predictive uncertainty. The largest reduction, however,
occurred during the spring and fall months, when rapid changes in the landscape
(thaw/freeze/leaf-on/leaf-off) and shifts from a coupled to a less coupled state increased
the power of an additional constraint.

It is common wisdom that the more data a model is conditioned and constrained
with and the longer the period of time, the better and more robust the results will be.
Depending on the temporal scale of variability of the quantity being predicted and the
ability of the model to match that scale, this may or may not be true. The results
presented here on constraining predictions annually versus monthly show that some
quantities, such as nighttime net ecosystem exchange, were on average better constrained
annually, whereas other quantities that show more variability, such as latent and sensible
heat flux, were not. The results are partially dependent on the scale of variability
represented in SiB2.5. For example, ecosystem respiration is an annually bounded flux in
SiB2.5 that varies only with soil temperature and moisture. The assimilation of carbon
and latent and sensible heat flux are more dependent on shorter-term environmental
forcing in SiB2.5 and thus the monthly constraint was more appropriate. Constraining on
shorter time periods also makes up for a lack of flexibility and variability in the model
through adjustments in the parameterization. Understanding these compensations is
important for the formulation of robust predictive models, because while some will be

ecologically meaningful, others will not.
How is it possible to use this information on predictive uncertainty? Clearly one

use 1is to investigate the sources of observed bias and correct the model and/or
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observations for deficiencies in structure or logic. Another use would be to incorporate
the uncertainty into the modeling itself. In the analysis presented here there was clearly
variability in the real world that was not captured by the model and may in fact not be
easily calculated or parameterized. The addition of variability into the model predictions
based on the level of observed uncertainty might be possible, particularly when ensemble
runs such as these are impractical. Additionally, larger scale atmospheric models often
must parameterize the uncertainty due to the variability in land surface fluxes in vary
basic ways. An analysis such as this provides more robust estimates of predictive
uncertainty as it varies through time and quantifies the expected model-data mismatch for
inversion studies.

The analyses presented thus far in Chapters 2 and 3 were based on a single point
model driven by observed weather. This kind of off-line testing is good for analyzing the
sensitivity and uncertainty of model predictions with respect to model structure, logic and
parameterization. In the next chapter a version of the SiB model coupled the regional
atmospheric model RAMS (Regional Atmospheric Modeling System) is used to
investigate the effect of the representation of spatial heterogeneity on regional carbon
fluxes, providing a more integrated picture of the effects of land surface characterization

on modeled carbon fluxes.
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CHAPTER 5
SENSITIVITY OF REGIONAL CARBON FLUX TO LAND SURFACE
HETEROGENEITY
5.1 Introduction
A great deal of progress has been made in recent years characterizing the carbon

cycle at a variety of scales. In particular both “bottom up” (the use of fine scale process
level understanding and spatial information to predict patterns at larger scales) and “top
down” (the analysis of large-scale atmospheric patterns to infer process) approaches to
carbon cycle science have improved substantially. However, at the crucial intermediate
scale where these two approaches intersect and where direct comparison of the two
approaches is possible, the progress has been a bit slower. There are many reasons for
this. Intermediate scales are roughly at the limit of what can be explicitly modeled and
what has to be parameterized. Restrictions on representation are often made based on
computational limitations and available data as much as on what would be scientifically
most appropriate. Further, comprehensive regional field measurement campaigns have
been prohibitively expensive in the past and, while a handful of such experiments have
taken place across the globe in recent years (FIFE (Sellers ez al. 1992b), BOREAS
(Sellers et al. 1995a), HAPEX-Sahel (Prince ef al. 1995), LBA (Avissar et al. 2002)) they
characterize only select environments. Thus both new kinds of measurements and new

methodologies to interpret those measurements are sorely needed.
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Over the last decade, a global network of towers measuring fluxes of CO,, latent
and sensible heat has been established (FLUXNET; (Baldocchi ef al. 2001)). At scales of
meters to several square kilometers, measurements from these sites along with
mechanistic modeling have been used to quantify ecosystem fluxes of CO,, latent and
sensible heat and to explore the physical processes that govern them (see previous
chapters). To extrapolate these measurements in space and make them more
commensurate with top down approaches, techniques such as relating fluxes to spectral
indices (Veroustraete et al. 1996; Rahman et al. 2001), extrapolating models fit to flux
data across the landscape with spatial datasets (Oechel et al. 2000; Vourlitis et al. 2000),
scaling tower flux measurements across the land surface by biome (Valentini et al. 2000)
or relating tower flux measurements to aircraft measurements and scaling by ecosystem
type (Mahrt and Vickers 2002) are used. However, there is not as yet a reliable way to
evaluate these estimates in both space and time.

Top down approaches, such as global inversions, which use seasonal and
interannual patterns of [CO,] from the global flask network to infer sources and sinks of
CO; in the global biosphere, have been in use for many years (Tans et al. 1990; Ciais et
al. 1995; Fan et al. 1998; Gurney et al. 2002). They have provided the scientific
community with challenging problems to consider, for example the issue of the ‘missing
sink’ of carbon (Ciais et al. 1995; Fan et al. 1998). However, it has been difficult to
evaluate the various results since it has also been problematical to confirm large-scale
source/sink patterns of CO, on the land surface.

Recently transport models have been applied at finer scales in an attempt to

further resolve the patterns observed at larger scales. Kjellstrom et al. (Kjellstrom et al.
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2002) investigated summertime CO; transport in Europe and Siberia. They used an off-
line regional transport model with land surface fluxes prescribed from a land surface
model at 1 x 1 degree resolution. They found that both synoptic meteorological
variability and the heterogeneity of CO, fluxes make single concentration measurements
difficult to interpret. They also found that it was difficult to determine an appropriate
atmospheric level to capture a ‘regional footprint’ of CO; flux because of this variability.
Geels et al. (Geels et al. 2004) investigated the high frequency variability of continental
CO; concentration fields over Europe and North America using two different scales of
land surface flux resolution, 1 x 1 and 3 x 3 degree resolutions, for an entire year at both
monthly and daily temporal resolutions with a regional transport model. They found that
high temporal resolution simulations were necessary to capture the high frequency
variation in the continental CO, concentration record, but that the difference between
land surface resolutions had less of an impact. Kaminski et al. (Kaminski ez al. 2001)
investigated the effects of surface flux resolution on synthesis inversions. Synthesis
inversions use atmospheric concentrations of CO; to produce fluxes of CO, for different
regions of the globe (basis regions). By increasing the number of basis regions, they
were able to determine that aggregation of basis regions can produce flux estimate errors
on the order of the fluxes themselves. However, they suggest it is not enough to simply
increase the number of basis regions, but that a level of heterogeneity between regions
must be maintained. It is also not always feasible to increase the number of basis regions,
since it can increase computational requirements considerably. Though these three

studies were performed at much higher resolutions than typically found in global
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transport and inversion studies, they are still quite coarse when compared to bottom up
approaches.

Some important new work, outlined in two papers by Gerbig et al. (Gerbig et al.
2003a; Gerbig et al. 2003b), show a proof of concept on how to characterize land surface
CO, fluxes at the continental scale, breaching the divide between top down and bottom
up approaches. The two papers by Gerbig et al. describe an aircraft campaign, CO»
Budget and Rectification Airborne (COBRA), that acquired CO; concentration
measurements at high temporal and spatial resolution across the United States. These
measurements were then used with a lagrangian tracer transport model and a simple plant
physiology model to invert the observed CO, concentrations and obtain large-scale fluxes
of CO; at a surface resolution of approximately 18 x 28 km across the northern and
southern tier of the United States. Aircraft observations of CO, flux have been used in the
past to estimate regional scale fluxes (Desjardins et al. 1995), however the Gerbig et al.
study is the most ambitious evaluation to date of how to accurately characterize surface
fluxes of CO, over very large areas. Among the many recommendations of the study was
the development of appropriate analysis frameworks for high temporal and spatial
variations in CO; flux which they found contribute most of the signal needed to interpret
atmospheric CO; concentration variability at the landscape scale. This is of particular
relevance considering the advent of the North American Carbon Program (NACP)
(Wofsy and Harriss 2002) which will provide much higher resolution CO, flux and
concentration data, both spatially and temporally, across the United States and Canada

than has previously been available.
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In this chapter, the effect of the representation of landscape heterogeneity on
regional estimates of CO; flux is examined. It is clear from the aforementioned studies
that the spatial and temporal representation of the land surface plays an important role in
the interpretation of CO, concentration measurements and the development of regional
estimates of CO, flux. Heterogeneity of the land surface is both scale dependent spatially
as well as seasonally dependent. Using a coupled land surface-surface atmosphere model
at the regional scale, simulations are conducted with two representations of the land
surface. High heterogeneity simulations are conducted with a land surface increment of 1
km, lower heterogeneity simulations are conducted with a land surface increment of 8
km. Six simulations covering a range of landscape conditions, from late spring to high
summer, were performed to answer the following questions:

1. What are the consequences of disregarding landscape heterogeneity on

regional estimates of CO, flux?

2. Do regional estimates of latent and sensible heat flux respond similarly
to loss of landscape heterogeneity?

3. Are there seasonal differences that need to be considered when
assessing the effects of landscape heterogeneity on regional estimates of
land surface fluxes of heat, water and carbon?

The work presented in this chapter contributes to the interpretation of the

measurement and modeling of CO, at a variety of scales. It follows on from the previous
two chapters where the sensitivity of the land surface model used in this study was

evaluated and the uncertainty of fluxes due to the parameterization of the land surface
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model were evaluated. Here, however, we consider the uncertainty in flux estimates
associated with the spatial representation of the land surface.
5.2 Background

Interactions between the land surface and the atmosphere have a notable effect on
climate and weather patterns. This has been recognized and studied for some time now
with respect to global climate and weather patterns (since at least (Charney 1975)) but
vegetation-atmosphere interactions at regional to local scales have, until recently, been
less well understood (Pielke et al. 1998; Pitman ef al. 1999). The land surface and the
atmosphere interact primarily through exchanges of energy in the forms of radiation,
heat, moisture and momentum. The partitioning of incoming and outgoing energy into
these forms and it’s spatial variability have important implications for the interaction
between the land surface and the atmosphere, for example how much moisture is
available for precipitation, how much energy is available for boundary layer growth and
how atmospheric circulations will develop. The interactions between vegetation and the
atmosphere are important to studies of regional and global carbon balance because they
regulate the conditions for photosynthesis, respiration and transport.

The presence, distribution and status of vegetation on the land surface have a
large impact on how the available energy at the surface is partitioned into LE, H and G.
For example, the presence or absence of vegetation on the land surface affects how much
of the ground surface is directly exposed to incoming radiation. When more soil is
exposed more energy can be partitioned into ground heat flux. However, the exposure of
the soil to more direct radiation also leads to greater evaporation from the soil surface.

As vegetation cover and leaf area increase, the albedo of the surface decreases. This
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leads to more absorption of radiation by the vegetation and increased latent heat flux in
moist conditions, as there is more surface area for evapotranspiration (Stohlgren et al.
1998). The seasonal cycle of vegetation (phenology) is also important; when leaves are
not present, more ground surface is exposed, the surface roughness is altered and sensible
heat flux dominates latent heat flux, which can lead to a deeper boundary layer (Cotton
and Pielke Sr. 1995; Piclke et al. 1998). The presence or absence of vegetation also
influences the amount and type of litter (detritus and debris from plants) on the surface,
which affects the absorption and emission of radiation by the surface.

At the regional scale the spatial composition of elements on the landscape affects
land surface-atmosphere interactions. When the land surface is patchy (homogenous
clusters of similar surface types and conditions), processes that generate gradients in
temperature and pressure between adjacent patches can initiate local and mesoscale flow,
redistributing energy through conduction and convection. For example, variability in
surface albedo (Pielke et al. 1993), conductance of vegetation (Avissar and Pielke 1991),
soil moisture (Segal et al. 1988) and land use (Chase et al. 1999; Pielke Sr. et al. 1999)
are all conditions that have been shown to be capable of initiating this type of
atmospheric flow. When the land surface is more homogeneous, the predominant
characteristics of the area determine the partitioning of energy and the uniformity of the
surface precludes gradient generated flow. Heterogeneous landscapes, where surface
characteristics such as vegetation type, cover and water status are irregularly distributed,
are more complex and more common. Unfortunately, they are also the least well
understood with respect to their interaction with the atmosphere, in part because

measurements over heterogeneous land surfaces are harder to interpret and in part
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because heterogeneous systems are difficult to model. Recent work has suggested that
land surface heterogeneity at relatively small length scales (<5 km) plays an active role in
forcing mesoscale flows in regional atmospheric models (Weaver and Avissar 2001; Roy
and Avissar 2002; Roy et al. 2003).

The land surface is typically represented in two different ways in coupled land-
surface atmosphere models. Lumped land surface models (such as SiB2; (Sellers et al.
1996b) and LEAF-2; (Walko et al. 2000)) use grid level parameters as input and produce
grid level results and rely as much as possible on scale-invariant relationships. To
represent more heterogeneity, smaller grid scales must be used or they must be tiled
within the grid increment of the atmospheric model. Distributed land surface models
account for subgrid scale variability through statistics or areal weighting.

Sellers et al. (Sellers et al. 1995b; Sellers et al. 1997b) examined the effects of
land surface heterogeneity (soil moisture, vegetation cover and topography) on fluxes of
sensible and latent heat modeled with SiB for the FIFE site in Kansas. Utilizing a variety
of aggregation experiments, they found that the gentle topography in the FIFE area scaled
linearly and thus had relatively little effect on calculated heat fluxes. The effects of
vegetation cover on the heat fluxes also scaled linearly, partly because the land cover
class was similar across their domain and partly because of the linear relationship
between LE and fpar in SiB. They did find, however, that the heterogeneity effects of soil

moisture were non-linear on the heat fluxes. The effects were most pronounced with

moderately wet soil conditions, but as the land surface dried out soil moisture across the
landscape became more self-similar and the effects became negligible. Other research

suggests that the kind of scale invariance shown in the Sellers study does not hold for
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more heterogeneous land surfaces, those in which the vegetation cover is patchy, in
which the land cover types are more complex or where the landscape is rapidly changing
(Moran et al. 1997, Kimball ez al. 1999; Chen et al. 2003; Yates et al. 2003). Many of
these studies have been done without an interactive atmosphere, but as Margulis and
Entekhabi (Margulis and Entekhabi 2001b) have shown, in coupled models sensitivities
are often amplified. When Lu and Shuttleworth (Lu and Shuttleworth 2002) incorporated
NDVI into a coupled simulation of the central United States they found the heterogeneity
of the NDVI, along with diverse land cover types, altered the regional climate.

There is a dense body of literature on scaling (the preservation of some property
of the landscape when going from finer to larger observational scales) and aggregation
(what is lost when coarser observational scales are substituted for finer scales) of surface
fluxes of sensible and latent heat (Avissar 1995; Wood 1995; Friedl 1996; Hu and Islam
1997; Moran et al. 1997; Kustas and Jackson 1999 - among others). Considerably less
work has been done with respect to understanding how the flux and concentration of CO;
in heterogeneous landscapes varies with scale of representation, though we might expect
there to be differences. The differences would likely stem from the degree of coupling
between the net ecosystem exchange of carbon and fluxes of latent and sensible heat as
well as non-linearities within the coupling. Transpiration in plants is coupled to
photosynthesis through a shared dependence on stomatal conductance. Stomata regulate
the flow of water and carbon dioxide into and out of leaves. Whole plant water status is
maintained through transpiration; when soil water availability is low or when
atmospheric humidity is low stomata close, reducing conductance of water vapor to

negligible levels in order to preserve a functional plant water status (Jones 1992).
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Conversely, when concentrations of CO; in the leaves of plants drop below the level
required for net photosynthetic uptake (i.e. the CO, compensation point which is
~130x10mole fraction for Cs plants, ~230x10°® for C; plants), stomata open to allow
CO, to diffuse into the leaf and bring it back above the compensation point (Jones 1992).
The drop in intercellular CO, concentration is due to fixation. Plants are thought to
balance the competing processes of water loss and CO; gain in order to optimize
photosynthesis and/or growth. When water isn’t limiting, transpiration facilitates the
uptake of CO, because stomata are open and CO; can diffuse in freely. The relationship
between CO; flux and transpiration thus serves as an added constraint on the surface
energy balance as well as on CO; flux into and out of the canopy. In land surface-
atmosphere modeling this relationship provides a critical link between biological
processes and atmospheric processes at many scales because it is quantifiable and can be
tested with observations at multiple scales.

The net ecosystem exchange (NEE) of carbon in an ecosystem consists not only
of the flux of CO, into and out of the canopy, but also heterotrophic respiration.
Heterotrophic respiration of carbon from the soil is the result of the decomposition of
plant detritus (dead roots, litter) by microfauna, bacteria and fungi (Schlesinger 1997).
Rates of decomposition in nature vary with temperature, moisture and the structure and
chemical composition of the detritus. In SiB2.5, ecosystem respiration is dependant on
temperature, moisture, soil texture and the annual uptake of CO, by the canopy (Raich
and Nadelhoffer 1989; Denning et al. 1996a). The respiration rate is controlled by a
simple exponential relationship for temperature (commonly referred to as Qo and set to

2.4 in SiB2) and by three parameters related to soil texture. Thus respiration is coupled to
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both latent heat flux, via the effects of the vegetation on soil moisture and direct soil
evaporation, and sensible heat flux via changing soil temperature.

There are other indirect effects that alter the net ecosystem exchange of carbon
from the surface, such as boundary layer growth from sensible heat flux affecting the
concentration of CO, above the canopy level. Furthermore, given the interrelationships
and non-linearities that exist between latent and sensible heat flux and net ecosystem
exchange, we might expect that different expressions of land surface heterogeneity will
affect regional scale patterns in CO, exchange and CO, concentration differently than for
either latent or sensible heat flux.

5.3 Methods
5.3.1 The Regional Atmospheric Modeling System (RAMS)

The Regional Atmospheric Modeling System (RAMS), developed at Colorado
State University, is a flexible, comprehensive mesoscale meteorological modeling system
(Pielke et al. 1992; Cotton et al. 2003). RAMS is a three-dimensional, non-hydrostatic
model that solves the equations for atmospheric motion, thermodynamics, mass and
water mixing ratio for a region of the atmosphere in a terrain following coordinate
system. The standard version of RAMS is also coupled to land surface and hydrological
sub-models that provide surface fluxes of heat, moisture and upwelling radiation (Walko
et al. 2000). RAMS can be run for a variety of scales, from high-resolution large eddy
simulations to coarse resolution hemispheric and even global simulations. A particularly
advantageous feature of RAMS that is employed in this analysis is its nested grid
capability (Walko et al. 1995). Nested grids are telescoping grids of coarse to fine

computation and spatial resolution. They are computationally efficient because they
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allow a large region to be simulated while concentrating computational time on specific
areas of interest. Coarser grids are updated in space and time with the progressively finer
grids. Grids can be nested horizontally or vertically and can be stationary or move, as
with a thunderstorm. For a thorough review of the mechanics of RAMS, the variety of
applications it has been used for, and additional references see Pielke et al. (Pielke et al.
1992) and Cotton et al. (Cotton et al. 2003).

This analysis utilizes RAMS version 4.2. There are a variety of ways to configure
RAMS. The possible options define not only such things as grid sizes and time steps, but
also which schemes and parameterizations to use for turbulence, radiative transfer and
lateral boundary conditions among others. The grid configuration for this analysis
consists of 3 nested grids: a coarse grid (1) with 16 km horizontal spacing, extending 640
X 640 km, a secondary grid (2) with 4 km horizontal grid spacing extending 152 x 152
km, and an inner grid (3) with 1 km horizontal grid spacing extending 38 x 38 km. All
three grids are centered on the WLEF tall tower and stretch to the top of the domain in
the vertical (Figure 5.1). The time step for grid 1 is 45s, for grid 2 is 15s and for grid 3 is
5s. There are 45 variably spaced vertical levels with the finest levels nearer to the
surface. The lowest layer of the domain is from 0 to 20m, the top is at 8341m. No vertical
layer is greater than 800m depth. Nudging of the lateral boundary conditions towards
NCEP reanalysis data (described below) was performed on the five outermost grid cells
of grid 1. Nudging from the top of the domain was set to influence the atmosphere from
5500m to the top of the domain. Radiative lateral boundary conditions were used (Klemp
and Wilhelmson 1978). There is no nudging in the interior of the domain. Recent

research has shown that when modeling heterogeneous land surfaces, central nudging of
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the modeling domain both diminishes mesoscale circulations and increases the influence
of the sub-grid turbulence parameterization, both undesirable effects (Weaver et al.
2002). Lateral and top nudging were found to have much less of an effect. The
Harrington two-stream radiation parameterization (Harrington 1997) was used with the
radiation updated every fifteen minutes. In a previous study (Nicholls ef al. 2004) it was
found that the model created anomalous fog when the microphysics parameterization was
used at the WLEF site. Because of the excessive cooling and fog the microphysics
parameterization was turned off and clear days as determined by GOES satellite imagery
and surface radiation measurements were chosen to simulate. The Smagorinsky
horizontal deformation scheme for turbulence (Smagorinsky 1963) coupled with the
Mellor-Yamada (Mellor and Yamada 1982) vertical scheme employing prognostic
turbulent kinetic energy was found to perform well at this location and for these

simulation scales (Nicholls ef al. 2004) and was used here.

Figure 5.1 Grid 1 (ble) rid 2 (gren an Grid 3 (red).
5.3.2 The Simple Biosphere Model(SiB)
The Simple Biosphere Model (SiB2, SiB2.5) is described in Chapter 2 and in
Sellers et al. (Sellers ef al. 1996b) and Baker et al. (Baker et al. 2003). The version of the

SiB model coupled to RAMS is SiB2c¢, which includes storage of carbon in the canopy
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airspace but not storage of heat and water. All other properties of SiB2 and SiB2.5 are
the same.
5.3.3 The coupled model (SiB-RAMS)

The two models, SiB2c and RAMS are interactively coupled. RAMS provides to
SiB2c atmospheric boundary layer values of air temperature, pressure, vapor pressure,
wind velocity, direct and diffuse short-wave and long-wave radiation and CO, partial
pressure. SiB2c provides to RAMS surface layer fluxes of heat, moisture, momentum,
upwelling radiation and CO,. Interaction between the models occurs at the lowest level
above the land surface in RAMS every 60 seconds.
5.3.4 Time invariant soil parameters

Percent sand and percent clay for the study domain were derived from the State
Soil Geographic Data Base (STATSGO) (Staff 1994). STATSGO is a high-resolution
national soils database developed by the United States Department of Agriculture for
regional studies. Detailed descriptions of the data collected, collection procedures and
quality assessments are reported in the STATSGO metadata and users guide (Staff 1994).
Percent clay by weight is given for each component for each layer in a soil mapping unit
in the STATSGO database. However, percent sand and silt need to be derived from
ancillary data; in this case particle size distributions. Silt was defined as the percent
material by weight passing through a sieve with openings of 0.075mm minus the clay
fraction. Sand was defined as the percent of material by weight passing through a sieve
with openings not less than 0.075mm and not greater than 2.0mm and was calculated as
the remainder of 100 — %silt — %clay. These percentages were calculated for each

component for each layer in each soil-mapping unit. A weighted average was then
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calculated over the total depth of the profile for each component. Finally, average
percent sand, silt and clay were calculated for the entire soil mapping unit by using the
weighted contribution of each soil component to the soil mapping unit. The data was
then gridded to a resolution of 1 km from its original polygon topology. Given that the
smallest linear delineation in STATSGO is 1.25 km, this resolution was deemed
reasonable. Soil hydraulic and thermal parameters were then calculated from the percent
of sand and clay in the soil as described in Chapter 2.
5.3.5 Time invariant vegetation parameters

The time invariant vegetation biophysical parameters (27 in all) are based on
values recorded in the literature and assigned to a particular biome via look-up tables
(Sellers et al. 1996a). The 1 km vegetation classification created by Hansen et al..
(Hansen et al. 2000) was used to assign these biophysical parameters across the modeling
domain. It was necessary to remap the Hansen dataset to SiB2 vegetation classes in order
to assign the properties. Table 5.1 shows how the biome classes were remapped from
the Hansen classes to the SiB2 classes for study domain. Only the biome classes present
in the domain are presented.
Table 5.1. Biome classes from the Hansen et al. 2000 dataset were remapped into the

SiB2 classes described in Sellers et al. 1996b for the mesoscale domain.
Class number and description

Sellers et al. 1996b Hansen et al. 2000
2 Tall broadleaf deciduous trees 4 Deciduous broadleaf forest
3 Tall broadleaf and needleleaf trees 5 Mixed forest
6 Woodland
4 Tall needleleaf trees 1 Evergreen needleleaf forest
9 Broadleaf shrubs with bare soil 8 Closed shrubland
11 No vegetation 12 Bare ground
14 Urban and built up
12 Agriculture and grasslands 10 Grassland
11 Cropland
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5.3.6 Time varying vegetation parameters

Time varying vegetation parameters for SiB2 are calculated from an annual cycle
of the Normalized Difference Vegetation Index. The 1 km global AVHRR NDVI dataset
(Eidenshink and Faundeen 1994; Teillet ef al. 2000) was used in this study. The
development of the global 1km AVHRR data set was a project of the International
Geosphere Biosphere Program (IGBP). This high-resolution global data has been
calibrated, atmospherically corrected, and geometrically registered. Data from the project
are limited to time periods between 1992 and 1996. The biome type map used in this
study (Hansen et al. 2000) was developed from this data set.

The 1 km global NDVT product is available as 10-day maximum value
composites. One year of the dataset, February 1995 through January 1996, was
processed. Because January 1995 was not available, it was replaced with the January
1996 data. Monthly maximum value composites of NDVI from the 10-day maximum
value composites were created. Monthly maximum value composites increase the chance
of obtaining cloud free data. The registration between the soil maps, the vegetation
classification and the NDVI data was then checked and adjusted so that water features in
all layers were properly represented.

The equations and methodologies described in Sellers et al.. (Sellers ef al. 1996a;
Sellers et al. 1996b) and Los et al. (Los et al. 2000) and in Chapter 2 were used to
calculate the time varying vegetation parameters from the NDVI data with the exception

of one modification. The equations used to convert the NDVI data to fpar require the 2nd
and 98™ percentile value for the annual range in NDVI for each biome. These statistics

must be recalculated for any new NDVI dataset to be used with SiB2 because different
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processing techniques and different resolutions of data can produce variable ranges of
NDVI for the same locations. These percentiles were calculated using the regional subset
of NDVI and the time varying parameters were then calculated.
5.3.7 Topography

The United States Geological Survey GTOPO30 topography product was used for
this analysis. GTOPO30 is a global digital elevation model with 30-arc second (~1 km)
horizontal spacing produced by the USGS. GTOPO30 was compiled from 8 different
sources and the vertical accuracy at any given point is partially dependant on these
sources. A thorough discussion of the sources of data and processing methods for

GTOPO30 can be found at http://edcdaac.usgs.gov/gtopo30/gtopo30.asp.

GTOPO30 is one of the standard data products released with RAMS.
5.3.8 Atmospheric boundary conditions

Atmospheric initial and boundary conditions of air temperature, geopotential
height, relative humidity, zonal wind and meridional wind from the NCEP Reanalysis 1
data product were used. NCEP Reanalysis 1 data is provided by the NOAA-CIRES
Climate Diagnostics Center, Boulder, Colorado, USA, from their Web site at

http://www.cdc.noaa.gov/. The NCEP Reanalysis 1 data has a 2.5-degree horizontal

resolution and 17 vertical levels. For this analysis, the four times daily (0Z, 6Z, 12Z,
18Z) pressure level product was used for the year 1997. The NCEP Reanalysis 1 data
was prepared for use with standard RAMS isentropic processing techniques. No
soundings or surface reanalysis data were used, as one of the main interests of this work
is to analyze the effect of the surface parameterization on land-surface atmosphere

interactions. CO; concentration was initialized uniformly at 360 ppm.

133

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.


http://edcdaac.usqs.qov/qtopo30/qtopo30.asp
http://www.cdc.noaa.qov/

5.3.9 Water Temperature
The temperature of the water bodies in the simulations was initialized with Great

Lakes buoy data from the National Oceanic and Atmospheric Administration for the first

day of the simulation http://www.nodc.noaa.gov/BUQY/buoy.htmi. For April, May
and early June the water temperature was initialized as 275.7 degrees Kelvin, for July it
was initialized as 290 degrees Kelvin, corresponding to buoy temperatures at these times.
Large water bodies have large thermal inertia and the lack of difference between April
and early June is evidence of this. These temperatures are appropriate for the Great
Lakes, but may be less so for the smaller lakes in the simulation since they are less deep
and much smaller. However, it was the best available information.
5.3.10 Time-varying soil parameters

Soil temperature and moisture are very difficult to initialize in mesoscale models,
yet they are critical to robust simulations of land surface fluxes. Attempts have been
made with thermal and radar remote sensing to measure the temperature and moisture
status of the land surface over large areas, however the results so far suggest that only the
top few centimeters of the soil are measurable by the sensors. Applying point
measurements from soil temperature and moisture profiles to large areas is also an option,
however it is neither appropriate nor adequate since both vegetation cover and soil type
vary independently across the land surface. In a model such as RAMS, soil temperature
is often related to air temperature and then scaled with depth. Soil moisture is very often

initialized homogeneously across a region or spun up with the model for a relatively short
period of time. It has generally not been possible to spin up soil temperature and moisture

for appropriate lengths of time at the appropriate resolution because of the computational
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costs, though research has shown that well resolved soil moisture and temperature is
important at the mesoscale (Eastman er al. 1998).

For this analysis, maintaining the integrity of the spatial heterogeneity of the land
surface was very important. For this reason we decided to produce spatially resolved soil
temperature and moisture profiles using long-term model spin-up. An area of 100 by 100
km at 1 km resolution centered on the WLEF tall tower was sampled from the spatial
datasets described above. Each grid point in this array was spun up using the standard
version of SiB2 for 4 annual cycles with the observed weather at WLEF for 1997. The
initial soil moisture and temperature were those for the standard WLEF SiB2 run
described in Chapter 2. Because each point had different soil and vegetation
characteristics, the results were spatially resolved soil temperature and moisture profiles
for each month of the year 1997. A spatially resolved canopy temperature was also
calculated in this process. While observed weather at WLEF may not be representative of
the weather at every point in this 100 x 100 km grid, it secemed preferable to the use of
interpolated weather from much coarser scale reanalysis products.

The 100 x 100 km spun up soil moisture and temperature profiles and canopy
temperature only accounted for the center portion of the whole 640 x 640 km domain.
Since it was not feasible to spin up the whole domain and since the majority of the
analysis in this chapter focuses on the 38 x 38 km inner grid, an approximation was made
for the rest of the domain. Canopy temperature and soil surface temperature were
averaged by biome from the spun up data and applied by biome to the rest of the domain.
The soil temperature and moisture profiles were more complicated. Each grid cell in the

entire domain was reclassified from the percentage of sand and clay to the appropriate
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USDA soil texture class. The grid cells from the spin up were then sorted by biome and
by soil texture class and an average soil temperature and soil moisture profile calculated.
These average profiles were then applied by biome and texture class to the area outside of
the spun up 100 x 100 km grid.

The calculation of spatially resolved soil respiration was incorporated into the
spin up of the 100 x 100 km grid subset. Soil respiration in SiB2 is a function of the
annual sum of carbon assimilated by the canopy, soil temperature and soil moisture
expressed in the model through a term called respfactor (see Chapter 2 for a more
thorough description). A different respfactor is assigned to 5 of the 7 soil temperature
levels (the deepest levels below the roots do not respire carbon in SiB2). For the domain
outside of the 100 x 100 km subset, respfactor for each soil level was averaged for each
biome within the 100 x 100 km subset and then applied by biome to the rest of the
domain.

5.3.11 Aggregation procedures

To simulate the loss of land surface heterogeneity, aggregation of land surface
properties from the 1 km ‘fine scale’ to an 8 km ‘coarse scale’ was necessary. For soil
percent sand and clay, a block mean process was used. Starting in the upper left corner
of the soil maps, an 8 x 8 km region was averaged for percent sand and percent clay.
Pixels that were comprised of water (and therefore had no soil information) were left out
of the averaging process. Each 1 km grid cell in the 8 x 8 km block was then assigned this
average value (Figure 5.2). Disaggregating the 8 km aggregated data back into 1 km grid
cell sizes, reduced the land surface heterogeneity while maintaining the same land surface

grid increments between simulations. For the biome type map, again starting in the upper
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left corner, a dominant class was determined for an 8 x 8 km region. The dominant class
was then assigned to each 1 km grid cell in the 8 x 8 km region (Figure 5.3). For the
NDVI data the process was broken down into two parts. For a subset of the domain
centered on WLEF, 120 km x 110 km, the individual bands used to calculate NDVI were
averaged to 8 km. NDVI was then calculated from the averaged bands. For the rest of the
domain the NDVT itself was averaged to 8 km (Figure 5.4). The two techniques produce
very similar results, however to be precise the individual bands should be averaged (Hall
et al. 1992). The reason this was not done for the entire domain is because a faulty water
mask was applied to the individual bands for the months of February, March, April and
May. The faulty water mask affected 2.4% of the pixels in this subset and these pixels
were carefully corrected with the nearest neighboring land pixel. It would have been a
significant amount of work to correct the entire domain for little additional benefit, since

the focus of this analysis is on the 38 x 38 km inner grid.

Figure 5.2 Percentage of sand in the soil a) 1 km b) 8 km.
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5.3.12 Experiment

Three five-day periods, which were relatively free of clouds and had no
measurable precipitation, were simulated: 12:00 GMT April 11 - 12:00 GMT April 16,
12:00 GMT May 30 - 12:00 GMT June 4, and 12:00 GMT July 26 - 12:00 GMT July 31,
1997. For each time period two simulations were run, one representing greater land
surface heterogeneity (1 km land surface representation) and one representing reduced
land surface heterogeneity (8 km land surface representation). In all simulations the
actual horizontal grid increment for the finest grid was 1 km. Recent research

investigating the effects of model configuration on mesoscale atmospheric circulations
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(utilizing the RAMS model) showed that there was a substantial difference in the
character of circulations generated, both qualitatively and quantitatively, as the horizontal
grid increment is increased above 1 km (Weaver et al. 2002). Weaver et al. found that
coarser grid increments (even moving from 1 km to 2 km) resulted in broader and weaker
updraft regions and diminished latent heat flux well into the boundary layer. Since the
objective of this study was to evaluate the effects of the representation of land surface
heterogeneity, not grid increment, maintaining the grid increment between simulations
was considered the best approach.

Three time periods were selected to investigate because the different
characteristics of the land surface during these periods reflect quite different stages of the
annual carbon cycle in temperate ecosystems. Further, the sensitivity and uncertainty
analyses of the previous chapters show quite different responses to model paramterization
at these times. April, as discussed in the last chapter, was a time period of rapid surface
change as the snow melted and the ground surface began to heat up. Figure 5.5 shows
the meteorological conditions for the period just before, during and after the April
simulation. Just preceding the beginning of the simulation, air temperatures are below
freezing. During the period of the simulation, air temperatures progressively warm up,
the relative humidity increases and windspeeds increase. The winds also change from

north, northwest to west, southwest.
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Figure 5.5 Observed weather conditions at the WLEF tower April 8 — April 17. Red arrows
indicate the beginning and end of the simulation period. a) wind direction, b) air temperature, c)
wind speed and d) relative humidity and precipitation.

Late May, early June is a time period of great sensitivity in the model since in
1997 leaf out of the deciduous trees took place on and around June 1%. Figure 5.6 shows
the meteorological conditions for the period just before, during and after the late May,
early June simulation. In the days preceding the simulation, conditions were humid, cool
and there was a precipitation event. During the simulation period, winds were initially
from the west but became more southeasterly during the middle of the simulation period
before returning to westerly winds. Windspeeds were fairly consistent throughout the

simulation period.
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Figure 5.6 Observed weather conditions at the WLEF tower May 28 — June 5. Red
arrows indicate the beginning and end of the simulation period. a) wind direction, b) air
temperature, ¢) wind speed and d) relative humidity and precipitation.

July was a time period of little land surface change, and low sensitivity for the
model, since the vegetation in the area of WLEF was at peak or near peak leaf area and
the ground surface was effectively covered. Figure 5.7 shows the meteorological
conditions for the period just before, during and after the late July simulation. Just before
this simulation period, there was a significant rain event. Air temperatures were quite
warm, but dropped as a cold front came through two days into the simulation period.
Conditions were generally humid, particularly near the surface. Wind direction shifted

from north, northwest in the beginning of the simulation period to west, southwest at the

end of the simulation period. Windspeeds show an increase around the time the front
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Figure 5.7 Observed weather conditions at the WLEF tower July 23 — August 3. Red
arrows indicate the beginning and end of the simulation period. a) wind direction, b) air
temperature, ¢) wind speed and d) relative humidity and precipitation.
5.4 Results
5.4.1 Surface fluxes

The following three figures show the ability of the SiB2-RAMS model to simulate
surface fluxes of latent and sensible heat and the net ecosystem exchange of carbon at the
tall tower site. Each figure shows the observations of each flux plotted with results from

the high heterogeneity (1 km land surface) simulations. The modeled fluxes are averages

of the four center grid points of the simulation centered on the WLEF tower site. Fluxes
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from the tall tower at WLEF represent a reasonably large portion of the landscape (see

Chapter 2) so it seemed most appropriate to do this.
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Figure 5.8 Observed (solid line) and modeled (dashed line) of a) latent heat flux b)
sensible heat flux and c) net ecosystem exchange for April 11 thru 16", 1997.

Figure 5.8 shows results from the mid-April simulations. The agreement between
modeled fluxes and observations is reasonably good. For latent heat flux there is a
tendency for the model to underestimate fluxes during the daytime. For sensible heat
flux, the model initially overestimates the flux during the day but as the surface warms
up, the agreement between the observations and the simulation improves. The magnitude
of the net ecosystem exchange of carbon is small at this time of year and the model does
a good job of capturing the small flux. There is an anomalous respiratory spike on April
12", Examination of modeled surface temperatures, soil moisture and other variables

don’t explain this spike.
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Figure 5.9 Observed (solid line) and modeled (dashed line) of a) latent heat flux b)
sensible heat flux and c) net ecosystem exchange for May 30™ thru June 4", 1997.
Figure 5.9 shows results from the late May/early June simulations. The model
overestimates fluxes of latent heat during the daytime, however agreement with the
observations is better towards the end of the simulation period. For sensible heat flux,
agreement between modeled and observed fluxes is quite good. Predicted net ecosystem
exchange shows a similar pattern to the latent heat flux where the model overestimates
net ecosystem exchange during the daytime at the beginning of the simulation period but
agreement with the observations improves towards the end of the simulation. Leaves on
deciduous trees began to unfurl at the WLEF site around June 1%. It is possible, as has
been mentioned in previous chapters, that the leaf area is overestimated by the satellite

data for this time period but that the overestimation is reduced as the leaves actually

appear.
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Figure 5.10 Observed (solid line) and modeled (dashed line) of a) latent heat flux b)
sensible heat flux and c¢) net ecosystem exchange for July 26™ thru July 31%, 1997.

Figure 5.10 shows results from the late July simulations. Modeled fluxes of latent
heat and the net ecosystem exchange of carbon agree quite well with the observations
during this time period. There is a slight overestimation of net ecosystem exchange
during the daytime for the last three days of the simulation, but the fluxes appear to be
within the observed uncertainty of the SiB model reported in the last chapter. Fluxes of
sensible heat are overestimated in the daytime during this time period, a known problem
with SiB in summer months (Baker et al. 2003).

Overall, agreement between the model and observations at the WLEF tall tower is

reasonably good for all of the time periods simulated. The coupled model is able to
capture the diurnal cycle well, though the variability seen in the observations at the
hourly time scale is not captured. It is possible that for some days the incoming radiation

from the model, which assumes clear skies, is an overestimate of the actual incoming
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radiation. Even though an attempt was made to pick clear days it is possible there were
cirrus or patchy clouds at the site. Nonetheless, the coupled models are able to simulate
land surface fluxes, the heterogeneity of which is the subject of the rest of the results.
5.4.2 Spatial heterogeneity and grid mean fluxes

Figures 5.11, 5.12 and 5.13 show examples of the effects of the representation of
high and low land surface heterogeneity on surface fluxes of CO; for the three simulation
periods. Each figure shows nighttime (midnight; simulation hour 91) and daytime (noon;
simulation hour 103) flux maps for net ecosystem exchange for the innermost grid. In
general there is a wider range in the magnitudes of the fluxes in the high heterogeneity
simulations. Homogeneous patches of surface fluxes in the low heterogeneity land
surface are maintained in the April simulations, however the large patches are less
distinct in the later simulations, perhaps because of warmer surface and air temperatures
leading to differential heating and cooling of the land surface and mixing with the
atmosphere. The coupled model was parameterized with zero CO; flux over the water
bodies. Water bodies do exchange heat fluxes with the atmosphere.

To examine the effects of the representation of land surface heterogeneity on
regional predictions of net ecosystem exchange, latent and sensible heat flux, grid mean
averages and cumulative grid mean sums of each flux were calculated through time for
each simulation period for both the high and low heterogeneity simulations. The grid
mean averages were calculated as a spatial average across the entire inner gird, for each
simulation hour. Cumulative grid mean sums were calculated to evaluate whether
differences in the high and low heterogeneity simulations result in significant drift in

overall carbon, water or energy balance.
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Figure 5.11 Net ecosystem exchange for two representations of land surface
heterogeneity for two times of day. a) and b) represent the high heterogeneity simulations
with a 1 km representation of heterogeneity. c¢) and d) represent the low heterogeneity
simulations with an 8 km representation of heterogeneity. a) and ¢) show the net
ecosystem exchange of carbon at midnight local time on April 15™, b) and d) show the
net ecosystem exchange of carbon at noon local time on April 15M
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Figure 5.12 Same as Figure 5.11 but for June 3.

Net Ecosystem Exchange
micromoles m-2 s-1
(a)

2000¢ 4 20000 -gal

10000

- pXY
I 12000
B)

~10000
g - 10000 o 1500¢ 20000
>
20000 ~ L © 20000 g
0000 —| ; S 10006
-10000 ~10000 -
-10000 1 0 12000 20000 ‘ ‘ 0 ‘ 10000
July 30, 06:00 GMT (™) July 30, 18:00 GMT
Midnight CT Noon CT

Figure 5.13 Same as Figure 5.11 but for July 30.
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Figures 5.14, 5.15 and 5.16 show the results of the grid mean average fluxes
through time and their cumulative sum. Figure 5.14 shows the results for net ecosystem
exchange. For each time period, the high heterogeneity (1 km land surface) grid mean
average estimated uptake during the day is slightly less than the low heterogeneity (8 km
land surface) grid mean average. In April, where respiration exceeds assimilation, this
results in a greater loss of carbon for the high heterogeneity simulation. In the late
May/early June and July simulations it results in a smaller gain of carbon per meter
squared. Table 5.2 gives the ratio of the cumulative grid mean average net ecosystem
exchange at the last time step of the simulation for the low to high heterogeneity
simulations. The results show a greater accumulation of carbon in the low heterogeneity
simulations - 2% more for the July simulation and 7% more for the late May/early June
simulation and a 3% greater loss of carbon for the April simulation.

Figure 5.15 shows the results for sensible heat flux. For each time period, the
high heterogeneity grid mean average estimated sensible heat flux during the day is
slightly less than the low heterogeneity grid mean average. This indicates that slightly
more energy is lost to sensible heat flux in the low heterogeneity than in the high
heterogeneity simulations. Table 5.2 shows the ratio of the low to high heterogeneity
cumulative grid mean flux for each time period. The results show a greater flux of
sensible heat out of the land surface for low heterogeneity simulations - 2% more for the

April and late May/early June simulation and 5% more for the July simulation.
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Figure 5.14 Grid mean averages (top row) and cumulative grid mean sums (bottom row) of net ecosystem exchange for the high (1
km) and low (8 km) heterogeneity simulations for a) April 11 — 16, b) May 30 — June 4 and c) July 26 — 31.
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5.16 Grid mean averages (top row) and cumulative grid mean sums (bottom row) of water for the high (1 km) and low (8 km)
heterogeneity simulations for a) April 11 — 16, b) May 30 — June 4 and c) July 26 — 31. Latent heat fluxes were converted to estimates
of water using the latent heat of vaporization and the mean air temperature in each simulation period.
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Figure 5.16 shows the results for latent heat flux. In April, the high heterogeneity
simulations predict slightly more latent heat flux during the evening and slightly less
during the day. The result is a slightly larger cumulative total latent heat flux for the high
heterogeneity simulations. The late May/early June and July high heterogeneity
simulations show a slightly lower prediction of latent heat flux during the daytime than
the low heterogeneity simulations, resulting in slightly less predicted latent heat flux
overall. Ratios of low to high heterogeneity cumulative grid mean flux for each time
period are shown in Table 5.2. The results show a 4% greater flux of latent heat out of
the land surface for the low heterogeneity simulations of late May/early June and 2%
more from the July simulation, for the April simulation the high heterogeneity simulation
shows a 2% greater flux.

Table 5.2 Ratios of the cumulative grid mean sum of high to low heterogeneity net
ecosystem exchange (NEE), latent heat flux (LE) and sensible heat flux (H) for the three

simulated time periods. Calculations including water features are outside of the
parentheses, calculations without water features included are within parentheses.

Ratio of low to high heterogeneity
Water(No Water)
NEE H LE
April | 0.97(0.95) 1.02(1.00) 0.98(1.02)
June | 1.07(1.05) 1.02(0.98) 1.04(1.01)
July | 1.02(1.00) 1.05(1.02) 1.02(1.01)

When dominant land surface types are used to characterize the landscape in

coarse resolution simulations, such as the low heterogeneity simulation presented here,
there is often a loss of diversity of land cover types. Table 5.3 lists the differences in land
cover types between the high and low heterogeneity simulations described in this chapter.

One of the landscape features that is often reduced in low spatial resolution simulations,
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and sometimes even eliminated, are water features. For the simulations presented here,
there was a reduction in the representation of the water class of 3% in the low
heterogeneity surface representation. The geographic configuration of the water was also
different (see Figures 5.11-5.13). To understand the impact of the presence or absence of
water on the grid mean surface fluxes, the cumulative grid mean flux for each simulation
was calculated without the inclusion of water features. The results are presented in Table
5.2 as the ratio of the cumulative grid mean flux of the low heterogeneity simulations to
hgih heterogeneity simulations. For the month of July the result was less of a difference
between the two simulations for all of the fluxes, though there was still a 2% difference
between the simulations for sensible heat flux. For the late May/early June simulation
there was also a reduction in the differences between the two simulations, however there
remained a 5% difference between simulations in net ecosystem exchange. For the April
simulations, the difference in net ecosystem exchange increased a small amount from 3 to
5%. The difference in latent heat flux remained the same, however the direction of the
difference changed. Without the water included, the high heterogeneity simulation in
April showed less latent heat flux than the low heterogeneity simulation.

Table 5.3 Change in land surface classes from high to low heterogeneity land surface

representation.
Class number and description Percent Representation Grid 3
High Low
2 Tall broadleaf deciduous trees 31 15
3 Tall broadleaf and needleleaf trees 59 81
4 Tall needieleaf trees 3 0
14 Water 7 4

Overall, the grid mean differences were not very large; though over time small

differences would eventually add up. For example, after only 5 days the difference

154

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



between the low and high heterogeneity simulations was 0.7 g C m™. However, over
smaller spatial areas the differences are likely to be much greater. Figures 5.17 through
5.19 show the grid mean 5™ and 95% percentile deviations between the high and low
spatial heterogeneity simulations and the cumulative sum of those deviations for net
ecosystem exchange, sensible heat flux and latent heat flux respectively. The deviations
were calculated by subtracting the low heterogeneity simulations from the high
heterogeneity simulations at each point (excluding all grid cells designated as water in
either configuration), ranking them and calculating the 5™ and 95" percentiles. The 5™
and 95™ percentiles were used here to represent the spatial uncertainty resulting from
different representations of land surface heterogeneity. More than 10% of the grid cells
have deviations and cumulative deviations that are greater than the percentile lines
plotted.

Even though there was very little difference between the high and low
heterogeneity simulations on average across the inner grid, Figure 5.17 shows that the
differences at individual points can be quite large. As might be expected for net
ecosystem exchange, as the land surface becomes more active and the fluxes larger,
potential differences become greater. The differences are greatest during the daytime and
result in potentially large differences in carbon gain/loss from the land surface, up to 10 g

Cm? after 5 days.
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Figure 5.17 5™ and 95™ percentile deviations from the mean difference (top row) and cumulative mean deviations (bottom row) of
net ecosystem exchange for a) April 11 — 16, b) May 30 — June 4 and c) July 26 — 31.
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Figure 5.18 5™ and 95" percentile deviations from the mean difference (top row) and cumulative mean deviations (bottom row) of
sensible heat flux for a) April 11 — 16, b) May 30 — June 4 and c) July 26 — 31.
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Figure 5.19 5™ and 95™ percentile deviations from the mean difference (top row) and cumulative mean deviations (bottom row) of
water flux for a) April 11 — 16, b) May 30 — June 4 and c) July 26 — 31. Latent heat fluxes were converted to estimates of water using
the latent heat of vaporization and the mean air temperature in each simulation period.
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For sensible heat flux (Figure 5.18), the deviations and accumulated differences
are closer in magnitude through time, though there are some obvious differences. For the
late May/early June simulation there is a pronounced early morning difference in sensible
heat flux between the two land surface representations. The April and July simulations
have much less variability in terms of vegetation cover than the late May/early June
simulations. In April, the deciduous leaves had not yet burst from their buds; in July, the
vegetation was at full leaf area. In late May/early June the leaves were just bursting,
resulting in a more heterogeneous surface as expressed through NDVI, prone to greater
differential heating and cooling. The large deviations in Figure 5.18 may be caused by
greater phenological heterogeneity, which is better captured at higher resolution.

For latent heat flux (Figure 5.19) the deviations and accumulated differences are
quite variable. In April, when the land surface was quite cold, the deviations are also
quite small and the accumulated differences amount to just less than a millimeter of water
after 5 days. In late May/early June, as the land surface heats up, the differences are
much larger resulting in almost more than two millimeters of water difference for the July
simulations and slightly more for the late May/early June simulations. For all three time
periods, the low heterogeneity simulations predict more water loss from the surface.

To put these differences in perspective, Figure 5.20 shows monthly the mean
predictive uncertainty attributable to model parameterization calculated in Chapter 4 for
the SiB2 model. For net ecosystem exchange, the errors due to spatial uncertainty (i.e.
using a coarse resolution representation of the landscape instead of fine) in the late
May/early June and July simulations are less than those due to parametric uncertainty.

For example for the July simulations, the 5/95™ percentile error going from fine to
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coarse resolution was ~6 pmoles m™~ s midday whereas the uncertainty due to
parameterization was ~10 umoles m?s”. For the April simulations, they are
approximately the same magnitude (~2 umoles m™” s™ ). For sensible heat flux, in April
and late May/early July the errors due to spatial uncertainty are smaller than those due to
parametric uncertainty (e.g. 50 W m™ vs. 79 W m™ at midday for April), however for
July the magnitudes of the differences due to spatial uncertainty approach those of the
parametric uncertainty (e.g. 60 to 85 W m? vs. 82 W m™ midday). For latent heat all the
time periods showed the potential errors in latent heat flux due to using a coarse
resolution representation of the landscape instead of fine were smaller than those due to
parametric uncertainty (eg. for April midday 11 vs. 46 W m’%; for July at midday 50 vs.
111 W m™. Late May/early June is harder to interpret since it straddles two months and
so the potential errors due to spatial uncertainty might approach the uncertainty resulting
from parameterization (eg. 50 W m” vs. 51 W m™ midday in May and 98 W m™ midday

in June).
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Figure 5.20 Diurnal predictive uncertainty constrained monthly on latent and sensible
heat flux and net ecosystem exchange for April through July, 1997 (from Chapter 4). a)
net ecosystem exchange, b) sensible heat flux and c) latent heat flux. The dotted lines
represent the breaks between months.
5.5 Discussion

Heterogeneity of the land surface is scale dependent spatially as well as
seasonally dependent. In this chapter, landscape heterogeneity was represented through a
combination of satellite derived surface vegetation properties, spatially varying soil
properties and a land cover biome classification. Even though the number of distinct
vegetation classes was relatively small in the innermost grid of the simulations presented
here (Table 5.3), a great deal of spatial variability in the landscape was nevertheless
expressed through variability in the soil and the Normalized Difference Vegetation Index
(NDVI) (Figures 5.11-5.13). Temporal variability in the simulations was exhibited

through phenological changes expressed through NDVI and through the evolution of soil

moisture and temperature dynamics through time. Loss of spatial heterogeneity was

161

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



represented through aggregation of surface properties in space. This, in turn, reduced
temporal variability in that the phenological differences expressed through NDVI
between neighboring pixels at the fine scale were dampened. The scales of heterogeneity
examined (1 km and 8 km) correspond to the spatial scales of widely available data sets,
including two new global, long-term 8 km NDVI datasets (S. Los, C. Tucker personal
communication).

The results presented here suggest that regional scale calculations of CO; flux are
adequately captured with a moderate representation of landscape heterogeneity when
compared to higher heterogeneity land surface representations. Similar results were
found for both latent and sensible heat fluxes. However, there were small differences
between the simulations that accumulated through time, suggesting that the differences
are directional rather than random. For example, in the April and late May/early June
simulations (excluding water), there was a 5% difference between the low and high
heterogeneity simulations of net ecosystem exchange at the end of the 5-day simulation
period. Though the fluxes at these times of year are small, the accumulation of
differences (were they to continue) could lead to different predictions of source or sink
status. It has been shown that growing season length is an important predictor of annual
net ecosystem exchange (Goulden ez al. 1996b). Small differences in surface
representation during the shoulder seasons, the transition times between the beginning
and end of the carbon uptake period, could push the source sink status of a nearly
balanced ecosystem like WLEF in one direction or the other depending on the resolution

of the land surface.
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Even though on average the regional calculations of net ecosystem exchange,
latent and sensible heat flux did not differ much between the representations of land
surface heterogeneity, there were large differences in space and time at smaller scales
(Figures 5.17-5.19). Thus, coarse scale representation of the land surface may lead to
significant underestimation or overestimation of fluxes of carbon, water or heat at more
local scales that could lead to changes in ecosystem water balance and carbon dynamics.
If the finer-scale land surface representations are considered to be closer to the real
world, then the impact of heterogeneity loss, particularly the water and heat balance
components that interact strongly with the local atmosphere, is likely to become more
significant over longer simulations as the trajectories diverge.

The deviations in the fluxes resulting from representing a fine resolution land
surface coarsely are a measure of the spatial uncertainty in the land surface
representation. Comparing these deviations to the uncertainty resulting from the
parameterization of the SiB2 model calculated in Chapter 4, we can see that the
magnitudes of the uncertainties in relation to each other vary by season and by flux. In
general, the uncertainty due to representing a fine resolution land surface coarsely is less
than the uncertainty due to the parameterization of the model itself, however in some
instances (eg. July sensible heat flux, April net ecosystem exchange) they approach the
same magnitudes.

It is likely that longer simulations would have continued the observed trends, as
differential heating and cooling of the surface should cause greater deviations from the
mean state. Unfortunately, the simulations presented in this chapter were limited in time

by the need to choose clear sky conditions. Under these circumstances it is not
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reasonable to run coupled land surface—atmosphere simulations for long periods of time
because it would result in an unreasonable radiation load reaching the surface causing
accelerated drying of the surface and stress on the vegetation. A more natural course, and
one seen in the observations, is that of repeated wetting and drying down periods and
heterogeneous radiation due to clouds. An updated version of the coupled models will be
available in the near future and extended simulations will be possible to see if these
trends are indeed borne out.

In summary, the results reported in this chapter show that in general, uncertainty
in surface flux estimates due to coarse scale representation of the land surface were less
than the uncertainty attributable to the parameterization of the model as reported in
Chapter 4. Nonetheless, local errors do appear to accumulate through time resulting in
small differences between regional flux estimates and larger differences at individual
points after only 5 days. This was particularly true for periods of rapid change such as
the April and late May/early June simulations. Thus fine temporal and spatial resolution
of land surface information is likely to be most critical in such periods, though how
important will depend on whether the divergent trajectories are maintained over a longer
periods of time. This is useful information for larger scale modelers, because it indicates
that computing resources might be better spent resolving fine scale differences only in
periods of rapidly changing surface conditions or in ecosystems where large land surface

heterogeneity is maintained irrespective of seasonality, though that was not evaluated

here. This result echoes that of Kaminski et al. (Kaminski ez a/. 2001) mentioned earlier,
that resolving more basis regions was only useful when a certain amount of heterogeneity

between the basis regions was maintained.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

The research presented in this dissertation addresses some of the key issues that
carbon cycle science is currently facing and that will become more important within the
framework of continental scaling efforts using model-data fusion such as the North
American Carbon Program. In a series of analyses, sources of error, potential for bias and
impacts of model and data choices in the context of regional carbon cycle modeling of
temperate, forested ecosystems were evaluated. A comprehensive sensitivity analyses
was conducted to evaluate the sensitivity of a commonly used, complex biophysical land
surface model to its parameterization through time. Next, the uncertainty of land surface
fluxes predicted by the model was calculated. Finally the potential for uncertainty due to
the spatial representation of the land surface was evaluated. The results of the analyses
presented in the previous chapters have important implications for carbon cycle modeling
in general and carbon cycle data assimilation in particular.

In conducting the sensitivity analysis, in which tens of thousands of simulations
were run with randomly varying but realistic parameter sets, it was found that there was
an irreducible level of mismatch between the simulated and observed fluxes. It was not
possible to predict fluxes of latent and sensible heat and net ecosystem exchange beyond
certain limits, which varied by month and by flux. This minimum possible error reflects

a difference between simulated and observed fluxes that cannot be overcome through
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optimization due to variability (or noise) in the observations and/or structural problems
with the model. It is a measure of uncertainty that reflects the expected degree of hourly
model-data mismatch over periods of months to a year. In the context of regional
inversions, the minimum error can be used to estimate prior model uncertainty where
modeled fluxes are used or an estimate of uncertainty for assimilation of measured fluxes.
The sensitivity analysis also revealed that of the 46 parameters evaluated, on
average fewer than half were found to be influential to model results. This is useful
information in that clearly non-influential parameters are ones that should not be
optimized in a data analysis system. However, the number and identity of influential
parameters varied considerably by month. In most cases the dominant parameters were a
reflection of the dominant processes during that time period. For example, parameters
related to photosynthesis were more influential during the growing season and parameters
related to energy balance were more influential at other times of the year. The greatest
sensitivity to parameters, both in the magnitude of the sensitivity as well as in the number
of parameters, occurred in the shoulder seasons. The shoulder seasons are those periods
of rapid land surface change surrounding leaf-on in the spring and leaf-off in the autumn.
During these periods a combination of parameters reflecting energy balance, the
temperature response of photosynthesis and the aerodynamic resistance of the land
surface were most influential. There were also patterns of interest within seasons. For
example parameters such as the rubisco velocity of a leaf in full sun and the slope of the
Ball-Berry photosynthesis-conductance relationship, which are usually assumed to be
time-invariant in models such as SiB2, underwent subtle shifts during the growing

season. It is possible this reflects the changing photosynthetic capacity of leaves
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throughout the growing season. Thus, the variability of model sensitivity through time
suggests that any optimization on tower flux data should account for and allow for
variability at sub annual time scales in order to capture the most information.

A surprising result was the lack of sensitivity to the parameters controlling
heterotrophic respiration. None of the parameters varied in this study that influence the
rate of heterotrophic respiration in SiB2 were particularly influential. Though the
temperature response function (Q;¢) was not varied, it was also shown that it likely would
not have been influential either. In part, this is because the variability in the observations
themselves overwhelmed the relatively more subtle response to these parameters.

The results of the sensitivity analysis also emphasized the risk involved in
undirected model optimization. Parameter interactions in complex models such as SiB2
are very non-linear and thus complicated to interpret. Compensation among parameters
led to many parameter sets that did an equally good job of predicting fluxes, particularly
when the model was being tested against multiple fluxes. This is a serious consideration
for optimization studies, suggesting that uncertainty resulting from the parameterization
of the model should be incorporated in any model-data fusion exercise. Besides
compensating for one another, the parameters also compensate for imperfect driver data
and model structural problems. In some instances, the parameter distributions resulting
from the sensitivity analysis were not biologically realistic with respect to observed
conditions in the real world, though they produced the best fluxes. Thus, too highly
automated optimization procedures should be viewed with caution, especially since it can
be difficult to determine whether better parameter values or better model structure are

needed.
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The uncertainty analysis showed that overall, model structure and logic was quite
good for net ecosystem exchange. More than 50% of the observations consistently fell
within the predictive uncertainty bounds. For latent and sensible heat flux, however, far
fewer observations consistently fell with in the uncertainty bounds. It is possible that
heat fluxes are simply more variable across the landscape than net ecosystem exchange or
that the mean field parameterization and functional group representation adequate for net
ecosystem exchange may be less so for the heat fluxes.

When comparing observational constraints on the model at monthly versus yearly
time scales, it was found that latent and sensible heat flux and daytime net ecosystem
exchange were better constrained at the shorter, monthly time period. Nighttime net
ecosystem exchange was better constrained annually. These results indicate, again, that
the time scale of the observed process should be taken into consideration when
considered within a data assimilation framework. Even though fluxes of latent and
sensible heat and net ecosystem exchange are measured simultaneously, the processes
they represent have different temporal signatures. Further, these results also suggest that
rather than overwhelm the problem of optimization with observations, there are ways to
maximize the value of the data, such as breaking it down into shorter time periods for
some processes and not for others.

The predictive uncertainty bounds also indicated systematic biases in predicted
fluxes. Systematic biases can be caused by incorrect process representation in the model
or systematic errors in the observations, such as the much-noted difficulty in observing
nighttime net ecosystem exchange. The results presented here showed that uncertainties

were quite large relative to fluxes during the shoulder seasons. This was attributed to the
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estimation of time-varying vegetation parameters with a single, monthly maximum value
composited satellite product and linear interpolation between months. When model
parameterization was allowed to vary monthly, much of the uncertainty was reduced.
However, there were still within-month biases indicating that information at a finer time
scale resolution could reduce uncertainties further for these sensitive periods. The model
also exhibited very little variability in predicted nighttime fluxes of net ecosystem
exchange compared to the observations, such that nighttime observations were far less
likely to fall within the uncertainty bounds than daytime fluxes.

Regional scale calculations of CO, flux were adequately captured with a moderate
representation (8 km) of landscape heterogeneity when compared to higher heterogeneity
(1 km) land surface representations. Similar results were found for both latent and
sensible heat fluxes. However, there were small differences between the simulations that
accumulated through time, suggesting that the differences are systematic rather than
random. The accumulation of differences (were they to continue) could lead to different
predictions of source or sink status, particularly in a nearly balanced ecosystem like
WLEF. For net ecosystem exchange, these differences were more pronounced in the
shoulder season simulations.

At more local scales, there were large differences between predicted fluxes in
space and time. If the finer-scale land surface representations are considered to be closer
to the real world, then the local impact of heterogeneity loss, particularly the water and
heat balance components that interact strongly with the local atmosphere, is likely to
become more significant over longer simulations as the trajectories diverge. The

deviations in the fluxes resulting from representing a fine resolution land surface coarsely
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were compared to the uncertainty resulting from the parameterization of the SiB2 model
calculated in Chapter 4. In general, the uncertainty due to representing a fine resolution
land surface coarsely was less than the uncertainty due to the parameterization of the
model itself. However in some instances they approached the same magnitudes. For
regional atmospheric inversions, these results suggest that fine temporal and spatial
resolution of land surface information is likely to be most critical during time periods of
rapid change. Further, greater reductions in uncertainty for the model predictions
presented here might be better recovered by improving parameter uncertainty and/or
model structure, than by improving the representation of land surface heterogeneity, at
least initially.

Many of the results presented in this dissertation may be used to develop
recommendations regarding which directions might be most profitably pursued to reduce
uncertainty in regional carbon cycle modeling. Improvement in the space-time flux
patterns used by atmospheric inversion models will reduce the bias and uncertainty in the
a posteriori fluxes, increasing the robustness of the flux estimates. Improving these
space-time flux patterns through carbon cycle data assimilation ensures that the
improvement is not only in the resultant large-scale flux estimates, but also in the
predictive and explanatory power of the terrestrial biospheric models themselves. Model
data fusion is non-trivial, requiring the synergistic development of multiple models along
with improved observations and significant amounts of computing power. Sensitivity
and uncertainty analyses such as the ones presented here help to define the areas where

the most benefit can be gained.
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The ideas explored in this dissertation are just the beginning of what will be
needed in the future. The coupled model simulations would benefit from both longer
runs and the inclusion of cloud microphysics so that the mechanisms behind any
differences caused by the degree of expressed land surface heterogeneity could be more
fully explored. It would also be very useful to conduct a similar sensitivity and
uncertainty analysis with analyzed weather fields to explore the effects of the driver data.
One problem that modelers often run into is the lack of appropriate data with which to
run their models. Even though there are quite a large number of flux tower sites in North
America, not all of them have the requisite filled driver data. To calculate more broadly
applicable estimates of uncertainty using the techniques presented here, more sites would
need to be evaluated. Thus characterizing the uncertainty related to the driver data would

be a useful way to expand the number of possible sites.
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APPENDIX 1

Monthly Diurnal Mean Plots

Each plot in this appendix shows a monthly mean diurnal composite of both observed and
simulated fluxes. Solid lines represent observations and dashed lines represent
simulations. Red indicates sensible heat flux, blue indicates latent heat flux and green

indicates the net ecosystem exchange of Carbon. All twelve months of 1997 are shown.
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Latent and Sensible Heat Flux
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APPENDIX 2

Equations for Time Varying Parameters
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Listed below are some of the equations used to calculate time-varying parameters for
SiB2.5 from the normalized difference vegetation index (NDVI). These equations can be
found in Sellers et al (Sellers er al. 1996) and Los et al (Los et al. 2000) but are
reproduced here to aid in the interpretation of results. Also listed below are definitions of
the parameters used in the equations. Parameters in bold are varied in the sensitivity
analysis and are essential to the equations that produce the time varying parameters,

which are displayed in red.

Definitions:

NDVI = normalized difference vegetation index; NIR-R/NIR+R
NIR = near infrared reflectance

R = red reflectance

SR = simple ratio; NIR/R

JPAR = fraction of absorbed photosynthetically active radiation
SRfpar = fpar calculated from the simple ratio

NDVTIfpar = fpar calculated from NDVI

ND98 = 98" percentile NDVI by biome

NDO02 = 2™ percentile NDVI by biome

fparmax = maximum possible fp4z (0.95)

fparmin = minimum possible fp4z (0.01)

fvcover = fraction of surface covered by vegetation

Green = green fraction of LAI

ZLT = leaf area index

LAIg = green leaf area index at current time

LAId = dead leaf area index at current time

stem = stem area index

LTmax = maximum possible leaf area index by biome

JfpARM = fpar from the previous time step

scatp = canopy transmittance and reflectance coefficient with respect to PAR
PARk = mean canopy absorption optical depth with respect to PAR
LTran(1,1) = transmittance of green vegetation

LTran(1,2) = transmittance of brown vegetation

LRef(1,1) = reflectance of green vegetation

LRef(1,2) = reflectance of brown vegetation

gmudmu = time mean projected leaf area normal to the sun

aa = minimum possible leaf area projection versus cosine of the sun angle
bb = slope of leaf area projection versus cosine of the sun angle
fb = PAR weighted mean cosine of the sun angle

chil = leaf angle distribution factor

topint = total flux onto the canopy adjusted for sun angle in a 24 hour period
botint = total PAR flux onto the canopy in a 24 hour period
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Josx =0.5%(SRf g5 + NDVIf 1)
SRf px = (SR — SRmin)* (fpamax — fp,,min) ((SRmax — SRmin) + f,,,min

 _ (LENDVD)
(1- NDVI)

1+ ND98

SRmax = ————
1- ND98

SRmin = 1+ NDO2
1- NDO2

NDVIfpx = (NDVI — NDO2)*( f, xmax — fp,,min)/(ND98 — NDO2) + f,, . min
ZLT = (LAlg + LAId + stem)* fvcover
LAIg = alog(l- f,,, / frcover)* LTmax/alog(1- f,, max)

If LAIg is greater than or equal to LAIg of the previous time step:
LAId =0.0001
If LAlg is less than LAIg of the previous time step:

LAId =0.5%(LAIg(previous)— LAIg(current))

foetew = fvcover *(1—-exp(PARk*ZLT | fvcover))

PARk = m * gmudmu
scatp = Green* (LTran(1,1) + LRef(1,1))+ (1 - Green)* (LTran(1,2)+ LRef(1, 2))
Green = LAIg (LAIg + LAId + stem)
gmudmu =(aa+bb* fb)/ fb
aa =0.5-0.633*chil —0.33* chil’
bb=0.877(1-2%*aa)

Jfb = topint / botint
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APPENDIX 3

Parameter Influence for the computed Multi-Objective Criteria
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Table A3.1 Influential (p = 0.01) and non-influential model parameters as determined by
the Kolmogorov-Smirnov test statistic. Parameters are arranged by usage in the model
and shaded to reflect whether the parameter was found influential in the prediction of
latent and sensible heat (yellow), latent and sensible heat plus net ecosystem exchange
(green), both sets (purple) or not influential at all (gray).

Parameter|Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec All Months
Aerodynamic

lwidth
llength
22
z1
zc
Remote Sensing
ndes
nd02
Itmax
stom
Energy Balance
soref1
soref2
vcover
chil
ref11
ref21
ref12
ref22
tran11
tran21
tran12
tran22
Soil Moisture Availabilit
bee
phsat
satco
poros
sodep
rootd
Photosynthesis
vmax0
effcon
gradm
binter
atheta
btheta
hiti
hhti
siti
shti
ph

respcp
trda
trdm
trop

wopt
zm

SEERAN & oth NEE,LE,H LEH
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APPENDIX 4

Kolomogorov-Smirnov Test Statistic Plots

Each plot in this appendix shows two or more parameters, the solid lines represent the
NEE,LE,H criterion denoted by ‘-3” in the legend and the dashed lines represent the
LE,H criterion denoted by ‘-2’ in the legend. The red line indicates significance at the
p=0.01 level. Points that fall above this line are influential and the height of the point
indicates the degree of sensitivity of the model to the specification of that parameter. All

of the plots are in the same format and have the same scale.
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Aerodynamic Parameters
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Energy Balance Parameters
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Energy Balance Parameters cont’d
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Soil moisture availability parameters cont’d
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Photosynthesis Parameters cont’d
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