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Abstract

Modeling the changes to the carbon cycle and their effects on the atmosphere is
a key area of research for understanding climate change. The Vegetation Photosyn-
thesis and Respiration Model (VPRM) is a light-use efficiency model that models the
biogenic flux of carbon dioxide (CO3) known as Net Ecosystem Exchange (NEE). Pre-
vious studies used methods such as non-linear least squares in order to calibrate the
parameters. One other method of calibrating parameters is the Metropolis-Hastings
Markov Chain Monte Carlo (MCMC) technique. The MCMC technique has not been
used previously due to how computationally expensive it is. The benefit of the MCMC
technique is that it is a Bayesian technique that generates a probability distribution
of the posterior parameters. This probability distribution can be used to quantify
uncertainty in the posterior parameters.

This study compares the MCMC technique to a non-linear least squares technique
to determine its viability for use in the calibration of the VPRM. Observation data
from four cropland sites from the AmeriFlux eddy covariance tower network were
used with both techniques to fit the model to observations. Using the parameter
correlations generated from the posterior probability distributions, a series of exper-
iments were conducted to determine the sensitivity of the optimization of VPRM to
the state vector.

The analysis of this study found that the MCMC technique reduced the RMSE of
the VPRM predicted flux by more than a factor of two. The technique is viable on a
site-by-site scale. However, scaling up the algorithm to more sites and land use types
(LUTs) would be very computationally expensive and would necessitate the use of
small batches of sites and averaging the results to prove viable. Using a single LUT
to cover all cropland may also be too general and splitting the cropland LUT into

different types of crops may further improve the VPRM overall.
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Chapter 1

Introduction

The impact of greenhouse gasses on climate change and the atmosphere is indis-
putable. Carbon dioxide (CO,) is the most important greenhouse gas with concen-
trations of COy rising to over 410 ppm in 2020 (Friedlingstein et al., 2022). The full
effects of this greenhouse gas on the climate and its feedback on land-atmosphere
fluxes are beginning to be understood. This better understanding comes from mon-
itoring stations at the in-situ level such as the AmeriFlux eddy covariance tower
network and atmospheric inversions using data from satellites such as the Orbiting
Carbon Observatory-2 (OCO-2) and the Orbiting Carbon Observatory-3 (OCO-3)
instrument on the International Space Station (ISS) (Crisp et al., 2017).

An important tool for understanding the carbon cycle and its feedback on climate
change is the use of numerical modeling. The interaction between land and atmo-
spheric carbon is modeled via tracking concentrations of CO, in the atmosphere as
CO3 moves in and out of the atmosphere in the form of biogenic flux. The Vegeta-
tion Photosynthesis and Respiration Model (VPRM) developed by Mahadevan et al.
(2008) is a simple light-efficiency model that models the net ecosystem exchange
(NEE) flux of CO, by splitting this flux into equations covering ecosystem respi-
ration (ER) and gross ecosystem exchange (GEE) which represents the CO, taken
up by photosynthesis and summing them to produce an estimate of NEE (Gourdji
et al., 2022). VPRM adds onto a previous model called the Vegetation Photosynthesis
Model (VPM) by adding the equation for ER and adding a non-linear term to the
equation for GEE that takes into account the response of GEE to light (Xiao et al.,
2004a,b; Mahadevan et al., 2008).



The VPRM employs several parameters that must be calibrated to each land use
type (LUT) in order to estimate NEE. This calibration is usually done by minimiz-
ing mismatches between model predictions and eddy covariance data, such as from
AmeriFlux (Hilton et al., 2013, 2014; Gourdji et al., 2022). Previous studies used
this method because methods such as Markov Chain Monte Carlo (MCMC) are com-
putationally expensive (Hastings, 1970; Hilton et al., 2013; Metropolis et al., 1953).
This study uses the MCMC method to provide a distribution of estimated parameter
values to quantify the uncertainty of the parameters involved with their full joint

posterior distribution.

1.1 Past Work on the VPRM

Many studies have examined estimating the flux of CO, using numerical modeling
and satellite data (Xiao et al., 2004a,b; Mahadevan et al., 2008; Hilton et al., 2013,
2014; Hu et al., 2020, 2021; Gourdji et al., 2022). Xiao et al. (2004a) developed the
predecessor to the VPRM, the VPM, to estimate GEE in the needleleaf evergreen
forest of Howland Forrest, Maine during the growing periods from April to early
November for the years 1998 until 2001. The authors used EVI and LSWI derived
from the VEGETATION (VGT) sensor on the SPOT-4 satellite, as well as observa-
tions of GEE from the AmeriFlux eddy covariance tower at Howland Forrest. They
also analyzed the seasonal and interannual dynamics of the Enhanced Vegetation
Index (EVI) and the Land Surface Water Index (LSWI) compared to other satellite-
derived indices such as the Normalized Difference Vegetation Index (NDVI) and the
Moisture Stress Index (MSI) respectively. Xiao et al. (2004a) found that while the
seasonal dynamics of EVI were different in magnitude and phase from NDVI, EVI had
a stronger linear relationship to GEE than NDVI. They also found that there was a
close relationship between MSI and LSWT at the Howland Forrest site. The authors

found that using the VPM with EVI and LSWI produced a reasonable agreement



between modeled and observed GEE in terms of seasonal dynamics and in a simple
linear regression model. Xiao et al. (2004a) acknowledge that there were discrepan-
cies between modeled and observed GEE in certain periods of their study time frame
and attribute the errors to three factors: the sensitivity of the VPM to PAR and air
temperature, the error in calculating the observed GEE from the measured NEE at
the site, and errors from how EVI and LSWI are derived and the effects of angular
geometry on reflectance data.

Xiao et al. (2004b) expanded the work of the previous paper by using the VPM
to estimate GEE in the deciduous broadleaf forest of Harvard Forest, Massachusetts.
The authors compared using EVI and LSWI derived from the VGT sensor on the
SPOT-4 satellite during the period of April 1998 to December 2001 against EVI
and LSWI derived from the MODIS sensor on the NASA Terra satellite from the
year 2001. As the orbiting periods are different for each satellite, 10 and 8 days
respectively, the authors used different length composites of flux and meteorological
data for use in their modeling simulations. Xiao et al. (2004b) also compared EVI
derived from the VGT sensor to NDVI. Similarly to their previous study, the authors
found that the seasonal dynamics of EVI better match the phase and amplitude of
GEE than NVDI. They also found a stronger linear relationship between EVI and
GEE than between NVDI and GEE. When modeling GEE, both VGT and MODIS
performed reasonably well in their respective VPM simulations.

The study by Mahadevan et al. (2008) added to the previous studies by introducing
a respiration component and developing the original VPRM. The authors used flux
tower data from 11 sites for calibration of the VPRM parameters across LUTs and
another 11 sites were used for testing. Mahadevan et al. (2008) used nonlinear least
squares to optimize the model parameters. Overall, correlation coefficients for results
from the calibration sites ranged from 0.6 to 0.9, indicating a relatively good fit to the

observed NEE. Correlation coefficients from the testing sites also indicated a good



fit for the parameters, except for one outlying site. The authors noted that certain
elements of water stress may not be accurately captured using the VPRM due to
satellite-derived indices not capturing the aftereffects of severe drought. Uncertainties
in the VPRM arise partly from the limited resolution of vegetation classification and
differences in the vegetation makeup between calibration and validation sites.

Hilton et al. (2013) expanded on the previous study by using 65 observation sites in
their optimization. The authors examined the time period between 2000 and 2006 due
to the availability of the MODIS and flux observation data respectively. They chose
to find parameter values that minimized the sum of squared errors (SSE) through
an algorithm known as differential evolution (DE) (Price et al., 2005). The authors
chose this algorithm instead of MCMC due to the computational expense that would
be required, even though DE only provides point estimates of the parameters and
not a probability density function for each parameter. The authors partitioned the
observations based on different temporal and spatial groupings to form nine unique
parameter sets. Hilton et al. (2013) focused much of their analysis on spatial structure,
devising a covariance function to test for spatial correlation. The authors found
that their parameter values across all parameter sets were similar to those found in
Mahadevan et al. (2008). They note that while the VPRM parameters seem to be
similar for many LUTSs, the limits of the spatial density of eddy covariance towers at
the time made it difficult to rule out any covariances that could contribute to both
observation and model error.

Hilton et al. (2014) used the parameter optimizations from their previous paper
and performed a cross-validation analysis using a further 27 flux tower locations.
The authors evaluated model performance using a penalized sum of squared errors
(PSSE). They also evaluated the spatial performance of the VPRM on a continental
scale by using surface temperature and downward surface radiation from reanalysis

products and satellite-based indices derived from upscaled MODIS data. Results



from this analysis indicate that grouping a number of sites by LUT and using all
available data provides a set of parameters that best fits the observations without
overfitting the data. Using these parameters going forward in their analysis, Hilton
et al. (2014) found that the optimal parameter set was able to upscale both temporally
and spatially. They do acknowledge that how the sites were chosen and the simplicity
of the VPRM itself could explain many of the mismatches found as the model was
upscaled.

Hu et al. (2020) used the WRF model coupled with the VPRM (WRF-VPRM)
and the median values found from the optimization performed by Hilton et al. (2013)
to perform a downscaling analysis over the contiguous United States (CONUS).
The authors also investigated three case studies using WRF-VPRM simulations and
COs concentration observations from the ACT-America 2016 summer field campaign.
Evaluating the meteorology output of the WRF-VPRM against observations found
that the model exhibited high correlation coefficients for surface temperature and sur-
face dew point temperature. Correlation coefficients for the amount of precipitation
were lower. Comparisons of WRF-VPRM CO, concentrations to posterior fluxes from
the CarbonTracker 2017 (CT2017) products show a general agreement with regional
and temporal differences through the domain. The case studies, in particular the case
of August 5, 2016, near Lincoln, Nebraska, showed that the WRF-VPRM concentra-
tion distributions in height were similar to the observations from the ACT-America
aircraft.

Gourdji et al. (2022) conducted a study into expanding the VPRM and used
the results to develop the new respiration equation shown in Equation (2.3). The
parameters for the new equation were optimized using a least squares approach, first
by optimizing the respiration equation using nighttime data and then optimizing the
GEE equation using daytime data. The authors then compared the simulations of

VPRM to other similar biosphere models, the Carnegie-Ames Stanford Approach



(CASA) model and the Simple Biosphere model version 4 (SiB4), to analyze the
sensitivity between models. The authors found that comparing the newer respiration
to the older one on a site-to-site basis showed a remarkable improvement in modeling
respiration with the newer equation. The VPRM using the new respiration equation
was shown to be mostly unbiased compared to the observations throughout the year
whereas other variations of the VPRM as well as CASA and SiB4 showed greater
magnitude in biases. This improvement is also shown in the spatial simulations.
However, the new model does not perform better in these spatial simulations than
CASA. This suggests that there are some processes that are still not captured by the
improved respiration equation.

Hu et al. (2021) revisited their previous paper and used the improved respira-
tion equation from Gourdji et al. (2022) to investigate the August 5, 2016, Lincoln,
Nebraska case study. The authors also compared the skill of the improved respira-
tion equation to simulate nighttime COy peaks against the original equation from
Mahadevan et al. (2008). The authors found that simulations using Equation (2.3)
matched the observations of nighttime peaks better than simulations using Equation
(2.2). The improved respiration equation also simulates the COy concentration band
ahead of a cold front from the case study of August 5, 2016, from the previous study

better than the original equation from Mahadevan et al. (2008).

1.2 Connecting the Past to This Study

The methods used in prior studies have been shown to produce results that have
investigated how changes in weather over time have affected NEE and the concentra-
tions of CO5 in our atmosphere. Because the VPRM is a land-surface model, it can
be used to investigate short-to-medium-term effects on future climate change. The
MCMC process allows for a new examination of these ideas. Given the joint poste-

rior parameter distribution, correlation analyses can be conducted to investigate the



effects of photosynthesis and respiration and how correlated each physical process
represented in the VPRM equations, such as temperature and water stress, are to

each other.

1.3 Thesis Structure

In Chapter 2, the methodology of this study is discussed including the technical
details regarding the VPRM and MCMC algorithm. Chapters 3 and 4 present and
discuss results that are the most interesting with regard to the science questions
presented above. Additional results are included in Appendices A - D. Finally,

conclusions for this study are discussed in Chapter 5.



Chapter 2

Methodology

2.1 Observations from AmeriFlux Towers

Table 2.1: AmeriFlux sites used in this study

Site ID Location Crop Water Data Data Fre- | Reference

Type Source | Available | quency

The observation data used in this study comes from the AmeriFlux eddy covari-
ance towers as depicted in Table 2.1. The data used in this study, plotted in Figure
2.1, comes from a five-year period beginning January 1, 2010, 00:00 UTC and ending
January 1, 2015, 00:00 UTC. All NEE data are smoothed using a three-hour running



mean and then filtered for any missing flux or meteorological data. The data is fil-
tered again by dropping any data with a nighttime friction velocity, u*, less than 0.1
ms~! and also dropping any data where NEE or u* falls outside 20 from the mean
(Mahadevan et al., 2008).

Looking at the patterns that are shown in Figure 2.1, the respiration and GEE
balance each day leading to a neutral net flux during the non-growing season between
late autumn and early spring, while there is a large diurnal variability in NEE during
the summer growing season. The time series for the Mead, NE AmeriFlux sites (Ne2
and Ne3) show little to no gaps in the data while the results for the Battle Creek,
MI (KM1) and Rosemount, MN (Rol) sites show some gaps where the data were

not gap-filled. The second time series for each site shows the annual and seasonal

patterns of the observed 2 m temperature and incoming solar radiation.

2.2 Data from the NASA MODIS Sensors

EVI and LSWI for use with VPRM were calculated using Equations (2.6) and
(2.7) with data from the NASA MODIS MCD43A4.V061 nadir reflectance product
and bands as mentioned in Section 2.3 (Schaaf and Wang, 2021). The MODIS data
were downloaded using the Application for Extracting and Exploring Analysis Ready
Samples (AppEEARS) developed by the NASA EOSDIS Land Processes Distributed
Active Archive Center (LP DAAC, AppEEARS Team, 2022). Shown in the top panels
of Figure 2.1, EVI and LSWI have clear annual and seasonal patterns where LSWI and
EVI reach minima during the non-growing season and maxima in the growing season.
While data from MODIS was filtered for quality-checked data, there are times outside

the growing season where the calculated EVI and LSWI show anomalous readings.
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2.3 The Vegetation Photosynthesis and

Respiration Model (VPRM)

The VPRM is a simple light-efficiency diagnostic model providing a system of
equations that predict NEE (Mahadevan et al., 2008). At its core, the VPRM models

the two aspects of NEE into a source term in ER and a sink term in GEE (Eq. (2.1)).

NEE = ER + GEE (2.1)

Originally, Mahadevan et al. (2008) developed the ER equation as a linear function
of air temperature alone using an offset and a linear parameter (Eq. (2.2)). This was
chosen by Mahadevan et al. (2008) as a deliberately simple model in order to facilitate
online calculations (Gourdji et al., 2022). As a function of temperature, Mahadevan
et al.’s original formulation for respiration did not take into account variables such
as moisture or biomass. Recent studies have expanded upon the ER equation to take
these factors into account as well as to add a non-linear response to temperature
that better captures respiration response to changes in temperature (Gourdji et al.,
2022; Hu et al., 2021). Equation (2.3) shows this by using EVI as a representation
of biomass, adding scaling terms that quantify water stress, and using a quadratic

dependence on temperature (Gourdji et al., 2022; Nagler et al., 2005).

ER=a -T+8 (2.2)

ER = /B—I—al T_’_OQTQ—I—’YEV]—}_I{M 'Wscale2+k2'Wscal62'T+k3'WscaleQ'T2 (23)

The temperature used in Equation (2.3) is the surface air temperature for most
situations. When the air temperature is below a certain threshold during the winter,

the temperature is modified using Equation (2.4). This allows for situations where the
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soil temperature would be warmer than the air which would allow for some respiration
to continue (Gourdji et al., 2022). Vegetation water stress is quantified using a scaling

term that incorporates LSWI as shown in Equation (2.5) (Chandrasekar et al., 2010).

Ta < Tcrit . T = (Ta - Tcrit) : Tscale2 + Tcrit (24)

LSWI — LSW Ly
Waeatez = T gyrr  LSW I (2:5)

EVI and LSWI are indices derived from reflectance data from satellite-borne sen-
sors such as the Moderate Resolution Imaging Spectrometer (MODIS) sensors on the
NASA Aqua and Terra satellites (Chandrasekar et al., 2010; Nagler et al., 2005; Huete
et al., 2002). EVI, calculated using Equation (2.6), parameterizes photosynthesis in
terms of reflectance in the near-infrared band (841-876 nm, Band 2) and the visible
red (620-670 nm, Band 1) and blue (459-479 nm, Band 3) bands. The values of G,
(4, Cy, and L used in Equation (2.6) in this study are 2.5, 6.0, 7.5, and 1 respectively
(Xiao et al., 2004a). Xiao et al. (2004a) noted that EVI was correlated with leaf area
index (LAI) and therefore could be used as a representation of vegetation greenness.
LSWI, shown in Equation (2.7), uses reflectances in both near-infrared and short-
wave infrared (1628-1652 nm, Band 6) bands to represent how much water is found
in the vegetation canopy and surrounding soil (Chandrasekar et al., 2010; Xiao et al.,

2004a).

Prir — Pred
EVI=Gx 2.6
Prir + (Cl X Pred — 02 X pblue> + L ( )

Pnir + Pswir

VPRM uses Equation (2.8) to model the sink term of GEE (Mahadevan et al.,
2008). This equation is similar to the equation of the VPM developed to simulate
GEE (Xiao et al., 2004a,b). Mahadevan et al. (2008) added the final, non-linear term

12



to account for the response of GEE to the saturation of light. This response to light
takes the form of photosynthetically active radiation (PAR) and its half-saturation
constant (PARy). Equation (2.8) uses multiple scaling terms that modify the uptake

of CO, based on temperature, water stress, and leaf age (Mahadevan et al., 2008).

1

PAR
PARy

GEE = \- Tscalel : Wscalel : Pscale -EVI-PAR- (28)

The temperature scaling factor in Equation (2.9) limits light-use efficiency as a
function of air temperature and the minimum, maximum, and optimal temperatures
for photosynthesis (Xiao et al., 2004a). These minimum, maximum, and optimal tem-
peratures vary by LUT and are generally taken from values in literature (Mahadevan
et al., 2008). If the air temperature falls below the minimum for photosynthesis, the

temperature scaling factor is set to zero (Mahadevan et al., 2008; Xiao et al., 2004a,b).

(T - Tmm) (T - Tma:c)
[(T - Tmm) (T - Tma:p) - (T - Topt>2]

(2.9)

scalel —

The water stress factor for GEE is different than the one shown in Equation (2.5).
Hu et al. (2021) and Gourdji et al. (2022) used (2.5) in the ER equation because it
had a better fit for some LUTs when compared to Equation (2.10) and equivalent fits
for the remaining LUTs. GEE still uses Equation (2.10) which is found in both VPM
and VPRM (Mahadevan et al., 2008; Xiao et al., 2004a,b)

14+ LSWI

Wieato] = — 277 2.10
T A  LSW s (2.10)

Leaf age, also known as phenology, measures the effects of the stresses of age on
the production of photosynthesis and is measured in Equation (2.11) (Xiao et al.,
2004a,b). For the evergreen LUT, the leaf age factor is assumed to be equal to 1

year-round (Mahadevan et al., 2008).
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p

LELSWI - oreen up period

Pocate = 1 full leaf period (2.11)

”%ﬂ senescence period

\

The parameters for Equations (2.3) and (2.8) (8, a1, o, 7, ki, ko, k3, A, and
PARy) form the state vector that is optimized for VPRM. Prior parameter values
come from the cropland LUT parameters found in Hu et al. (2021), with parameter

uncertainty derived from the standard deviation (o) of the parameter values across

the different land surface types (Table 2.2).

Table 2.2: VPRM parameters, their units, and the prior values from Hu et al. (2021)

Parameter Units Prior Values Prior o
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2.4 Non-linear Least Squares Curve Fitting

As mentioned above, previous studies have used least squares techniques to opti-
mize the VPRM (Hilton et al., 2013; Hu et al., 2021; Gourdji et al., 2022). Replicating
these techniques as a first-principles analysis will give insight into what can be ex-
pected during the MCMC analysis. The drawback is that the subspace trust region
interior reflective approach (STIR) technique used in this study itself is not Bayesian
and therefore will not give a true sense of quantifying posterior uncertainty. In order
to quantify posterior uncertainty, samples from a prior distribution must be used with
the STIR technique to produce a posterior distribution.

This study uses the STIR non-linear least squares algorithm developed by Branch
et al. (1999) in the SciPy Python module to fit the equations of the VPRM to the
observed data. Two sensitivity analysis experiments of the STIR approach are con-
ducted in this study. Each experiment is given 1,000 prior parameter values drawn
randomly from a Gaussian distribution of the priors mentioned in Table 2.2. The
first experiment fits the parameters to the entire five-year set of observations at once
(Sec. 3.1). The other experiment fits the respiration parameters to Equation (2.3)
using nighttime data and fits the photosynthesis parameters to Equation (2.8) using
daytime data assuming the optimized respiration parameters in the first step. By
sampling the prior parameter space, an estimate of the posterior uncertainty distri-

bution can be derived from the STIR fitting technique.

2.5 Metropolis-Hastings Markov Chain
Monte Carlo (MCMC)

The Markov Chain Monte Carlo (MCMC) algorithm was first developed by Metropo-

lis et al. (1953) in an effort to find a general method to calculate properties of state
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equations. Hastings (1970) expanded on this method by generalizing the method fur-
ther in cases of asymmetric proposal distributions. The combined algorithm, called
the Metropolis-Hastings MCMC algorithm, is computationally expensive. However,
this algorithm is useful for finding and quantifying posterior parameter distributions
in many applications (Xu et al., 2006).

The Metropolis-Hastings MCMC algorithm starts with an a prior: first guess for
the state vector of the model for each separate chain (89, Eq. (2.12)). A new guess for
the state vector is generated as a random draw from a proposal distribution (¢(8’|6;),
Eq. (2.13)). A symmetric distribution, such as a Gaussian or uniform distribution
centered at 6y, is generally used so that 4(6'16¢)/q(6,16’) = 1. In this study, ¢(8’|6;) is

chosen to be a Gaussian distribution centered at 6.

T

0=18 a1 as v ki ks ks A PAR, (2.12)

0 ~ q(0'16,), t=0,1,..N (2.13)

The next step is to calculate log-likelihood for both ; and 8’ (Eq. (2.14)). Using
these log-likelihood values and the proposal distributions, an acceptance ratio (A)
is calculated using Equation (2.15). Since the proposal distribution in this study is
a symmetric, Gaussian distribution, the acceptance ratio becomes the ratio of log-

likelihood values.

S M (NEEroderea; — NEEops;)?)

2
20N EBmodeled

: Lo q(9’|0t)}
A=min< 1, — 2.15
{ Lo, q(64]0") (215

L = (0% pEmodeteaV 2T) — (2.14)

The acceptance ratio is then compared against a random number (U) generated
from a uniform distribution ranging [0, 1] to determine whether to accept the proposed

0’ (Eq. (2.16)). If the acceptance ratio is greater than or equal to this random
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number, then the proposed 6’ is carried over to the next iteration. Otherwise, the
current 6y is carried over to the next iteration. The algorithm continues in this fashion
for a set number of iterations to tune the covariance of the underlying proposal
distribution. Then, the algorithm uses the tuned covariance and runs for a larger
number of iterations in order to sample enough of the parameter space to generate
the underlying posterior probability distribution (Metropolis et al., 1953; Hastings,
1970; Xu et al., 2006).

0 A>U
0t+1 - y t:O,l,,N—l (216)

0, A<U

This study uses the PyMC Python module to run the MCMC algorithm in four
parallel chains for 1,000 tuning iterations and 10,000 main sampling iterations per
chain for a total of 40,000 posterior sampling iterations per study site (Wiecki et al.,
2022). The PyMC module also generates 10,000 prior parameter sets for comparison
of the tuned prior and posterior distributions. The 95% confidence intervals of each
distribution along with their medians are compared against the observations from
each site. This study runs several fitting experiments by fitting nighttime data us-
ing Equation (2.3) via the MCMC technique and daytime data using (2.8) via the
STIR approach. This two-step approach is used to limit the computational expense
of running a second MCMC step. Other experiments look into the parameter cor-
relations for both prior and posterior distributions and how dropping variables that
have high correlations in the posterior affects the model’s fit to the observation data.
Two of these experiments focus on setting the oy and k3 parameters to zero while the
other two experiments set A and PAR, to the values that Hu et al. (2021) set them.
Holding the light-use parameters to these values is necessary for these experiments
because setting them to zero would either result in Equation (2.8) equaling zero or a

division by zero in the non-linear term.
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Chapter 3

Results

3.1 Comparing Simultaneous and Night/Day

Separate Fitting

3.1.1 Root Mean Squared Error Analysis

RMSE Distributions -- normal

MCMC Prior MCMC Posterior

Ne:
Ne3

g - . C oo . . . — kM1
NLLS Prior 1e8 NLLS Posterior Rl

RMSE [gC m~-2 day”-1] RMSE [gC m~-2 day~-1]

Figure 3.1: A kernel density estimate (KDE) plot of VPRM root mean square error (RMSE) for
using MCMC (top row) and NLLS (bottom row) fitting techniques for the Ne2 (blue), Ne3 (gold),
KM1 (green) and Rol (red) AmeriFlux sites when fitting all data points simultaneously. The left

(right) column represents the RMSE of the prior (posterior) distributions of parameters.

In order to compare the goodness of fit between the prior and posterior distribu-
tions, this study uses root mean square error (RMSE) of model predicted net flux
within each parameter set. Figure 3.1 and the top sections of Tables 3.1 and 3.2 show
the RMSE distributions when fitting the whole dataset simultaneously. In general,

NLLS posterior RMSE medians for all four AmeriFlux sites show a general agreement
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in fit within 1.6 gC m~2 day~! of each other. This is in contrast with MCMC where
the MCMC RMSE medians for each site are within 2.2 gC' m~2 day~! of each other.
Prior distributions for both fitting techniques agree among the sites with around 10
and 16 gC m~2 day* for the NLLS and MCMC prior median RMSE distributions
respectively. The improvement in the posterior fits is statistically significant with
median RMSEs around 3 and 4 gC m~2 day~' for NLLS and MCMC respectively.
The spread of these distributions, represented in this study by the median absolute
deviation from the median (MAD), shows an expected decrease. Using the NLLS,
the prior MAD dropped from around 3.5 gC m~2 day~! to below the threshold of
significant digits (<0.001 gC' m~2 day™') for every site. The MCMC technique nar-
rowed the MAD spread from around 7 ¢gC m~2 day~' to around 2 gC m~2 day~!,

representing a significant decrease in the spread of the distribution.

RMSE Distributions - daynight

MCMC Prior MCMC Posterior

e:
Ne3
. " " " .o . . . . — kM1

NLLS Prior NLLS Posterior Rl

RMSE [gC m~-2 day~-1] RMSE [gC m~-2 day”~-1]

Figure 3.2: Same as Figure 3.1 but fitting ER and GEE separately.

In contrast, fitting ER to nighttime data and GEE to daytime data separately
produces a different improvement of fit for the MCMC fitting technique (Fig. 3.2,
Table 3.2). While the MCMC improvement from around 6 gC' m =2 day "' prior median
RMSE to around 3 gC m~2 day~! posterior median RMSE is still significant, it only

improves the fit to the data to half of the prior median RMSE. The MCMC prior
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MAD when fitting the two processes separately from around 3.15 ¢C m~2 day~
around 0.3 gC m~2 day~! for the posterior MAD, representing a change in magnitude
in terms of the spread. Fitting the STIR NLLS algorithm separately produces similar
results as fitting the whole data set simultaneously (Table 3.1). Prior median RMSE
improves from around 10 ¢C m~2 day~! to a posterior median RMSE around 3 ¢gC
m~2 day~!. The narrowing of the MAD spread is not as drastic when fitting the
NLLS using the two-step method ranging from a prior MAD of around 3.5 gC m ™2
day™' to a posterior of around 0.002 gC m~2 day~'. Only one AmeriFlux site, the
irrigated Ne2 from Mead, Nebraska, showed a posterior MAD below the threshold of

significant digits using this two-step fitting method.

3.1.2 Parameter Distributions

par0 Probability Distributions -- normal

MCMC Prior MCMC Posterior

— Ne2
— Ne3
— KM1
— Rol

e __
~1000 0 1000 2000 30RQs prARO0 5000 6000 7000 8000 ~1000 o 1000 2000 309 postdABP 5000 6000 7000 8000

~1000 o 1000 2000 3000 4000 5000 6000 7000 8000 1000 o 1000 2000 3000 4000 5000 6000 7000 8000
par0 [umol PAR m~-2 s~-1] par0 [umol PAR m~-2 s~-1]

Figure 3.3: A KDE plot similar to Figure 3.1 except for the PAR, parameter distributions while
fitting all data points simultaneously. A normal distribution based on the prior values and

standard deviation from Hu et al. (2021) is included in a purple-dashed line.

Fitting the whole dataset simultaneously significantly reduced the MAD of all
parameters (Tables A.1 and A.2, Figs. 3.3 - 3.5). Most parameters, such as the vy and

A parameters, demonstrate a unimodal posterior distribution that appears Gaussian
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Table 3.1: NEE RMSE and Median Absolute Deviation (MAD) for each NLLS experiment using

1

the medians of the prior and posterior parameter distributions. Units ¢C m~2 day~

Prior Median

RMSE

Prior MAD

Posterior
Normal
Median RMSE

Posterior MAD

Prior Median
RMSE

Prior MAD

ER/GEE Posterior
Separately Median RMSE
Posterior MAD

Prior Median

RMSE

Prior MAD

Posterior
ag drop
Median RMSE

Posterior MAD

Prior Median
RMSE
Prior MAD

Posterior
ks drop
Median RMSE

Posterior MAD

Prior Median

RMSE

Prior MAD

Posterior
Median RMSE
Posterior MAD

A drop

Prior Median
RMSE
Prior MAD

Posterior
PARg drop
Median RMSE

Posterior MAD
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Table 3.2: NEE RMSE and Median Absolute Deviation (MAD) for each MCMC experiment

1

using the medians of the prior and posterior parameter distributions. Units gC m~2 day~

Prior Median

RMSE

Prior MAD

Posterior
Normal
Median RMSE

Posterior MAD

Prior Median
RMSE

Prior MAD

ER/GEE Posterior
Separately Median RMSE
Posterior MAD

Prior Median

RMSE

Prior MAD

Posterior
ag drop
Median RMSE

Posterior MAD

Prior Median
RMSE
Prior MAD

Posterior
ks drop
Median RMSE

Posterior MAD

Prior Median

RMSE

Prior MAD

Posterior
Median RMSE
Posterior MAD

A drop

Prior Median
RMSE
Prior MAD

Posterior
PARg drop
Median RMSE

Posterior MAD
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Y Probability Distributions -- normal
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Figure 3.4: Same as Figure 3.3 but for the v parameter distributions.

in nature (Figs. 3.4 and 3.5). The posterior parameter fit for these two parameters in
particular shows some significant disagreement among the different AmeriFlux tower
sites. Figure 3.4 shows that both the MCMC and NLLS median prior distributions
for the v parameter representing vegetative greenness agree at approximately 5.45
pumol COy m~2s71. The posterior median MCMC fits for each of the sites range from
5.53 pumol COy m~2s7! for the Ne2 site to 10.24 umol COy m~2s~! for the KM1

site, a difference of 4.71 pumol COy m~2s~!. The NLLS displays a larger range in

posterior medians at 9.24 pmol CO; m~2s71. These ranges are significantly larger
than the posterior MAD for both fitting techniques. The MCMC posterior MAD
was about 0.170 pmol CO, m~2s7! for each site while the NLLS posterior MAD
fell below the significant digit threshold (<0.0001 pumol COy m~2s7!). Similarly, the
A parameter shows the same general agreement among the AmeriFlux sites for the
MCMC and NLLS median prior parameter fit at -0.078 pmol COy/umol PAR (Fig.
3.5). Median posterior fits show a range of 0.164 and 0.135 pmol COy/pmol PAR for
NLLS and MCMC respectively which is significantly larger than the posterior MAD
which was around 0.001 gmol COy/pmol PAR for the MCMC posterior MAD and

below the significant figure threshold for the NLLS posterior MAD. Some parameters
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such as PARy and the X posterior for the Rol AmeriFlux have some skewness to their
posterior distributions (Fig. 3.3). In particular, the KM1 and Rol AmeriFlux sites
have their posterior PAR, distributions heavily skewed to the left with posterior
medians below 300 pmol PAR m~2s~! for both MCMC and NLLS fits. This is
in contrast to the fits for the Mead, Nebraska sites which were >3,000 umol PAR
m~2s~! for the MCMC posterior medians and the Ne2 NLLS posterior median while
the Ne3 NLLS posterior median was around 1,600 umol PAR m~2s~!. These median
values for Ne2 and Ne3 seem more realistic than the median values for KM1 and Rol

given the prior value from Hu et al. (2021) of 2,782 umol PAR m™2s™!.

A Probability Distributions -- normal

MMMMMMMMMMMMMMMMMMMMMM

— Ne2
Ne3

— kM1
40  -35  -30  -25  -2@sprgdS  -10  -05 0.0 05 -40 =35 =30  -25  @@&posterkp -10 05 0.0 05 o

—40 =35 =30  -25 10 -05 0.0 05 40 =35 =30  -25 10  -05 0.0 05

20 -15 = -20 -15 -
A [umol CO_2/umol PAR] A [umol CO_2/umol PAR]

Figure 3.5: Same as Figure 3.3 but for the \ parameter distributions.

Fitting the parameters in the two-step process of fitting ER to nighttime data and
GEE to daytime data shows similar results to fitting the whole dataset simultaneously.
An outlier in the results is the PAR, posterior distribution medians (Fig. 3.6). The
value that the NLLS algorithm found of 6,000 pumol PAR m~=2s~! is at the upper
bound set prior to the experiment. Because the NLLS algorithm searches for a least-
squares solution to fitting the data, boundaries must be set for certain parameters to

1

keep the values realistic. The upper bound of 6,000 umol PAR m™2s~! was chosen

to represent a value slightly above the global mean of shortwave radiation reaching

24



the top of the atmosphere converted into PAR via Equation (3.1) (Mahadevan et al.,
2008; Hu et al., 2020). The posterior MAD for the PAR, parameter is essentially
0 pwmol PAR m~2 s~1. This is due to the entire posterior distribution reaching
the upper bound set for the NLLS approach that was used for fitting the light-use

parameters.

PAR ~ SW x 0.505 (3.1)

The MAD of the posterior probability distributions of v and A in this two-step
experiment such as those shown are larger than their counterparts when fitting the
full dataset (Figs. 3.7 and 3.8). For ~, the posterior MAD of the MCMC poste-
rior is around 0.2 pmol COy; m~2s~! while the NLLS posterior MAD is around 0.08
pmol COy m~2s~1. The X parameter had a posterior MAD of around 0.0003 pmol
COy/pmol PAR for the MCMC posterior distributions and the NLLS posterior dis-
tributions for the Ne2 and Ne3 sites while the KM1 and Rol NLLS posterior MAD
for the A parameter are around 0.0036 pmol COy/pmol PAR. This indicates that
this method of fitting the ER and GEE equations separately creates more uncertainty
in the posterior distributions. This is possibly due to fitting less amount of data than
fitting the whole data set simultaneously. However, the MAD of each parameter’s
posterior distribution significantly decreased when compared to the prior parameter
distributions with y MCMC and NLLS prior MAD of around 1.5 umol COy m~2s1.
The prior MAD for the A\ parameter differs as the MCMC prior MAD is 0.0044 pmol
COy/pmol PAR while the NLLS prior MAD is 0.0123 pumol COs/pumol PAR.

3.1.3 Time Series Comparison

Analyzing the time series of modeled NEE compared to the observed shows that
while the NLLS and MCMC techniques may find posterior parameters that show a

better RMSE when compared to the prior, the overall fit to the observed NEE contains

25



par0 Probability Distributions -- daynight

MCMC Prior MCMC Posterior

z

2

g

&

~1000 0 1000 2000 N B8QRior 4000 5000 6000 7006-1000 o 1000 2000 i s¥erior 4000 5000 6000
z

g

&

~1000 o 1000 2000 3000 4000 5000 6000 70061000 o 1000 2000 3000 4000 5000 6000

par0 [umol PAR m~-2 s~-1]

par0 [umol PAR m~-2 5~-1]

Figure 3.6: Same as Figure 3.3 but with fitting ER and GEE separately
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Figure 3.7: Same Figure 3.4 but with fitting ER and GEE separately
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A Probability Distributions -- daynight
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Figure 3.8: Same as Figure 3.5 but fitting ER and GEE separately.

Site: Rol, Run: normal
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Figure 3.9: A time series plot of NEE observations (black), VPRM NEE with parameters from

the parameter sets corresponding to the lowest RMSE and 95% confidence interval of the prior
RMSE distribution (red), and VPRM NEE using parameter sets corresponding to the lowest
RMSE and 95% confidence interval of the posterior RMSE distribution (blue), for the STIR

non-linear least squares (top panel) and the MCMC (bottom panel) parameter fitting techniques

fitting the whole dataset simultaneously for the Rol AmeriFlux site.
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Site: Rol, Run: normal
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Figure 3.10: A time series plot of VPRM NEE residuals (NEE,odeied — NEEgpserved) With a

parameter set representing the lowest RMSE of the prior distribution (red) and a parameter set

representing the lowest RMSE of the posterior distribution (blue) from the STIR non-linear least

squares algorithm (top panel) and MCMC algorithm (bottom panel) while fitting the whole data

set simultaneously for the Rol site.
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error, especially during the summer growing season (Figs. 3.9,). Figures 3.10 and 3.11
demonstrate that the posterior modeled NEE can underestimate the observed NEE
by as much as -15 gC m~2 day ' during the summer growing seasons. While lower in
magnitude overall than the prior parameter error, with both parameter sets reaching
near-zero error during the non-growing seasons, there is still large uncertainty involved
in the modeled estimates.
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Figure 3.11: Same as Figure 3.10 but after fitting ER and GEE separately.

The MCMC technique shows an over 10 gC m~2 day~' reduction in RMSE for
all four AmeriFlux sites when fitting the entire dataset simultaneously (Table 3.2).
The modeled NEE generated by the 95% confidence interval of the prior and posterior
parameter distributions fit the observations with the posterior 95% confidence interval
shrinking closer around the data as expected (Fig. 4.7). Taken as a whole, the

posterior modeled NEE fits the observed data well for every year except 2013. As
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discussed in Section 2.1, this is possibly due to the drop in two-meter temperature
and incoming solar radiation found in the summer of 2013.
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Figure 3.12: Same as Figure 3.9 but fitting ER and GEE separately.

3.2 Parameter Drop Experiments

3.2.1 Parameter Correlations Motivating Experiments

Correlation analysis on the posterior parameter distributions shows that fitting
the full dataset simultaneously produces a strong positive correlation of 0.91 for the
Ne2 AmeriFlux site between the A and PAR, parameters of Equation (2.8) (Fig.
3.13). Other strong correlations common among the parameter distributions of the
AmeriFlux sites are the -0.66 anti-correlation between the «q and ay and the moder-

ate -0.41 anti-correlation between the ko and ks parameters concerning the effects of
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Posterior Parameter Correlations
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Figure 3.13: A plot of parameter correlations of the posterior parameter distributions for the Ne2

normal MCMC experiment.
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temperature and square of temperature on Equation (2.3) respectively. These corre-
lations are also present in the results from Hu et al. (2021) with strong -0.99 and -0.97
anti-correlations for the oy /g and ko/ks correlations respectively while the A/ PAR,
prior correlation was a modest 0.41 (Fig. 3.14). The ky and k3 parameters combine
the impact of water stress with the effects of temperature while exhibiting a negative
correlation similar to the a;/ay correlation. The resulting correlation is lessened in
magnitude than the correlation of the parameters representing the effects of tempera-
ture alone. Correlations for the two-step ER/GEE fit were generally similar to fitting
the whole data set simultaneously. A notable exception is the A\/PARy correlation
for the Ne2 and Ne3 sites where, as shown for Ne2 in Figure 3.15, the correlation is
essentially absent (0.08). Correlations in the prior distributions for each experiment
were calculated; however, due to the random draw nature for both the MCMC and
NLLS algorithms, the correlations were near-zero. With strong correlations regarding
parameters that represent similar physical characteristics in respiration and photo-
synthesis, this indicates that these parameters are not independent of each other.
Because of this, it is difficult to separate any interpretations regarding the correlated
parameters. Fixing the parameters relating to the effects of the square of temperature
(ap and k3) and the parameters related to light use efficiency (A and PARy) are the

focus of the experiments discussed in Section 3.2.

3.2.2 Parameter Distributions and RMSE Analyses

Tables 3.1 and 3.2 summarize that the posterior distribution RMSE for all exper-
iments at all sites dropped by about half when compared to the prior distribution
RMSE. The MAD for all parameters that aren’t held constant follows the same trend
as the MAD reductions for fitting the two-step ER/GEE process. (Tables A.1 and
A2).
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Figure 3.14: Simillar to Figure 3.13 but for the prior parameter referenced in Hu et al. (2021)

The ks parameter drop experiments, discussed in greater detail in Sections 4.1
and 4.2, offer some interesting results in their posterior parameter distributions and
RMSE. Median prior RMSEs for the k3 parameter drop experiment increased when
compared to the median prior RMSEs from the full state vector using the two-step
process (Fig. 3.16). For the NLLS, the median prior RMSEs were about 11 gC' m™
day~' which isn’t much of an increase while the MCMC median prior RMSEs were
about 7.5 gC m~2 day~!. Both of these values are about 1 gC m~2 day~! greater
than the median prior RMSEs for the full state vector. This is within the prior MADs
for both experiments and so the while the change is larger than other experiments, it
does not represent a statistically significant change overall. Median posterior RMSEs
for the k3 drop experiment are significantly lower using the MCMC with the difference
between the full state vector median posterior RMSEs and the k3 drop experiment

around 0.12 gC m™2 day~!. This difference is significant as it is much larger than the
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0.03 gC m~2 day~! posterior MAD for both experiments. Using the NLLS method,
the difference of around -0.06 gC' m~2 day~! is also significant when compared to the
posterior MAD of around 0.003 gC m~2 day~!. The difference for the NLLS method
is negative as there was a general increase in median posterior RMSE when dropping
ks using this method while there was a decrease in median posterior RMSE when
using MCMC.

Figure 3.17 shows that the posterior distributions for PAR, were maximized
against the upper boundary condition of 6,000 pmol PAR m™2 s~!. This indicates
that the way PAR, is optimized in this study tends toward a potentially unrealis-
tic result. Figure 3.18 shows that the maximum light-use efficiency tends to cluster
based on latitude. The Mead, Nebraska sites tend towards a weaker maximum effi-
ciency with a median posterior value of around -0.024 pmol COy/pmol PAR while
the Battle Creek and Rosemount sites which are further north tend to try to make
as much use of the more angled sunlight as possible during the growing season with
a median posterior of around -0.10 pmol COy/pmol PAR. These values are rela-
tively unchanged from their values for the two-step ER/GEE full-state vector median

posteriors.

RMSE Distributions -- k_3_drop

MCMC Prior MCMC Posterior

— Ne2
Ne3

g g y KM1
NLLS Posterior — Rol

RMSE [gC m~-2 day~-1] RMSE [gC m~-2 day~-1]

Figure 3.16: Same as Figure 3.1 but for the k3 parameter drop experiment.
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3.2.3 Time Series Analysis

Differences in how the modeled NEE fits the observed values are illustrated in
Figures 3.19 and 3.20. Holding PAR, constant transforms the parameter fitting
problem from a non-linear one to a linear problem. The posterior modeled NEE for
the PAR, experiment shown in Figure 3.19 fits the observed negative drawdowns
in NEE better than holding A constant (Fig. 3.20). Despite the strong correlation
between the two parameters, it seems from the time series alone that tuning the
A parameter may bring about a better fit. However, when looking at the median
posterior RMSEs the two experiments demonstrate similar median posterior RMSEs

of around 2.9 and 3.1 gC m~2 day~! for NLLS and MCMC respectively.
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Figure 3.19: Same as Figure 3.9 but for the PAR parameter drop experiment.
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Chapter 4

Discussion

4.1 Monthly and Seasonal Cycle Analysis

The monthly average of the observed NEE as well as modeled NEE from the
parameter sets representing the median RMSE of both the prior and posterior dis-
tribution from the MCMC experiments were calculated to analyze the effectiveness
of the VPRM to capture the seasonal and sub-seasonal patterns of the carbon cycle.
Five-year means for each month were also calculated to determine how each month
deviates from the five-year average. The top panel of Figure 4.1 shows that the
VPRM follows the general monthly pattern observed at Ne2. The posterior-modeled
NEE performs closer to the observation then the prior for most of the temporal do-
main. However, as time progresses the posterior NEE does not match the magnitude
of the summertime negative flux. This is best indicated with June 2013 and 2014
where the monthly-mean posterior modeled NEE are roughly 0 and -1 gC m~2 day*
respectively. For June 2014, both the observed monthly mean and the prior-modeled
monthly mean NEE reach around -4 gC m~2 day—'. The bottom panel of Figure 4.1
shows that the deviation of the posterior NEE from the five-year monthly means was
within |1 gC m™2 day™'| for every month between 2010 and 2015. The deviation of
the observed NEE and the prior NEE from the five-year monthly means extend to
> 13 gC m™2 day™!|.

For most cases, the parameter drop experiments produced similar results. One
notable exception is the k3 parameter drop experiment for the Ne2 site shown in

Figure 4.2. The main difference between the normal experiment and the k3 drop
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Figure 4.1: A time series plot of (top panel:) the monthly observed (black), VPRM NEE using
the parameter set representing the lowest RMSE from the prior NLLS (solid) and MCMC (dashed)
distributions (red), VPRM NEE using the parameter set representing the lowest RMSE from the
posterior NLLS (solid) and MCMC (dashed) distributions (blue), (bottom panel:) the departure
from the 5-year monthly mean of the observed (light orange), the departure from the 5-year
monthly mean of the VPRM NEE using the parameter set representing the lowest RMSE from the
prior NLLS (solid) and MCMC (dashed) distributions (dark orange) and the departure from the
5-year monthly mean of the VPRM NEE using the parameter set representing the lowest RMSE
from the posterior NLLS (solid) and MCMC (dashed) distribution (sky blue) for the Ne2

AmeriFlux site fitting the whole dataset simultaneously.
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experiment is that the summertime negative prior monthly average NEE for the k3 is
more negative than —7 gC m~2 day~!. This is likely due to how the remaining priors,
which were optimized in Hu et al. (2021) with k3 in mind, are unable to compensate
for the lack of the combined effects of water stress and temperature.

There are some similar patterns when comparing the posterior parameter corre-
lations of the two-step ER/GEE separate experiment shown in Figure 3.15 to those
of the k3 drop experiment shown in Figure 4.3. There is a greater magnitude of cor-
relation between the light-use parameters of A and PARy in the k3 drop experiment
with the correlation going from 0.08 to -0.22. This indicates that the MCMC k3 drop
experiment increases its dependence on the light-use parameters in order to compen-
sate for the lack of the k3 parameter The anti-correlation between the temperature
parameters of a; and ay is also lessened slightly in magnitude from -0.45 to -0.39.
Other correlations are similar between the two experiments. The bottom panels of
Figures 4.1 and 4.2 have similar patterns, however, Figure 4.2 shows a spike of a 4
gC m~2% day~! departure from the five-year monthly mean in the prior NEE during
the summer of 2012 and around a 3 gC m~2 day' departure during the summer of
2014. The magnitude of the 2012 spike in the departure from the prior NEE five-year
monthly average is lessened to about 3 gC m~2 day~! and the 2014 spike is inverted
to a trough of —2 gC m™2 day~! in the normal experiment (Fig. 4.1). The patterns
of the observed and posterior NEE departure from the five-year monthly mean are
similar between the two experiments.

Figures 4.4 and 4.5 show the one-to-one relation of the observed to the modeled
NEE for the summer months in the temporal domain. The modeled NEE from the
median of the prior parameter distribution of the k3 parameter drop experiment is
generally more negative than the observed with the majority of the data points and the
95% confidence interval below the one-to-one line (Fig. 4.5). This is in contrast to the

prior-modeled NEE from the normal MCMC experiment where the 95% confidence
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Figure 4.2: Same as Figure 4.1 but for the k3 drop experiment.
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interval is generally the same magnitude of distance away from the one-to-one line
(Fig. 4.4). The posterior-modeled NEE from both experiments generally falls within
the same general distance from the one-to-one line with more positive bias in the

modeled NEE for more negative observed NEE.

Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day™-1]

—80 —70 -60 =50 —40 -30 -20 -10 0 10 20 30 40 50 60 70 80

Observed CO2 Flux [gC m~™-2 day”™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% ClI

Figure 4.4: A one-to-one plot showing observed NEE on the x-axis and modeled NEE from the
medians of the prior (red) and posterior (blue) parameter distributions as well as their respective

95% confidence intervals for the Ne2 normal MCMC experiment during the summer (JJA) months.

The observed diurnal cycle of NEE shows a stronger degree of variability during

the peak growing season of June through September than in the other months of
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the year (Fig. 4.6). The diurnal minima of around —12 gC' m~2 day~! during the
afternoon and evening periods of July and August correspond to the monthly minima
found in the top panel of Figure 4.1. The VPRM NEE calculated from the median of
the posterior parameter distribution follows a similar monthly pattern as the observed
NEE with a negative bias earlier in the temporal domain and a positive bias beginning
in the summer of 2013. It is not the goal to match the peaks and troughs exactly
for the monthly trends, but rather that matching the general pattern shows that the

VPRM can be used.

Diurnal Cycle Observations

10

January

February
—— March

April

May
— June

July

August
===~ September

October

November
=== December

CO2 Flux [gC m~™-2 day™-1]

—-10

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1 17 18 19 20 21 22 23

Time [UTC]

Figure 4.6: Observed monthly diurnal cycle average NEE for the Ne2 AmeriFlux site. Months

are as in the key.

4.2 Comparing Irrigated and Rainfed Sites

The VPRM NEE using the median of the parameter posterior distribution has
a lower RMSE indicating a better overall fit to the observations when modeling the

rainfed Ne3 AmeriFlux site when compared to the irrigated Ne2 site (Table 3.2, Figs.
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Figure 4.7: Same as Figure 3.10 but for the Ne2 AmeriFlux site.
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Figure 4.8: Same as Figure 3.10 but for the Ne3 AmeriFlux site.
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4.7 & 4.8). The Ne3 posterior more closely matches the observed summer negative

NEE in 2013 than the Ne2 posterior.

Posterior Parameter Correlations
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Figure 4.10: Same as Figure 4.3 but for the Ne3 AmeriFlux site.

Posterior parameter correlations for the Ne3 normal MCMC parameter experiment
demonstrate a higher correlation among the parameters related to water stress (k;-ks).
LSWI calculated for Ne3 is lower on average during the summer months compared
to LSWI for Ne2 which could account for the increased correlations in the water
stress parameters. Comparing the k3 drop parameter experiment posterior parameter
distribution correlations show a similar pattern in the posterior correlations to that
of the Ne2 k3 parameter drop experiment.

The one-to-one relation analysis for Ne3 shows that the k3 parameter drop MCMC

experiment has a similar pattern to that of the k3 parameter drop experiment for Ne2
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Figure 4.11: Same as Figure 4.4 but for the Ne3 normal MCMC experiment.
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Figure 4.12: Same as Figure 4.5 but for the Ne3 k3 parameter drop MCMC experiment.
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(Fig. 4.12). However, the normal MCMC experiment for Ne3 shows a closer one-to-
one relationship between posterior-modeled NEE and observed NEE than the same
experiment for Ne2 (Fig. 4.11). This corresponds to the bottom panels of Figures
4.13 and 4.14 where the departure from the five-year monthly mean posterior-modeled
NEE says closer to 0 gC m~2 day~! than the equivalent experiments from the Ne2

site.
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Figure 4.13: Same as Figure 4.1 but for the Ne3 AmeriFlux site.
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Site: Ne3, Run:k_3_drop
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Figure 4.14: Same as Figure 4.2 but for the Ne3 AmeriFlux site.
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Chapter 5

Conclusions and Future Work

5.1 Sources of Error Compared to Previous Work

Xiao et al. (2004a) identified three sources of potential error in their paper: the
sensitivity of the VPM to PAR and air temperature, the error in calculating the
observed GEE from the measured NEE at the site, and errors from how EVI and
LSWI are derived and the effects of angular geometry on reflectance data (Section 1.1).
This study faced similar sources of error that may explain the remaining uncertainty
in the results.

The correlations of the temperature parameters (a; and as) with the rest of the
respiration equation indicate that parameter estimation is not able to separate the
effects of temperature from the other terms. While the correlations aren’t as strong
in the irrigated Ne2 site, they are of a higher magnitude in the rest of the sites
(Figs. 3.13, 4.9). This sensitivity is also shown in the ay and k3 parameter drop
experiments. Figure 5.1 shows that the positive summertime NEE response is flatter
when not accounting for the effects of the square of temperature than the normal
MCMC experiment. The effect of setting the ks parameter to 0 pmol COy m=2 st
°C'~2 reduces the negative valued prior-modeled NEE during the summer to a value
well below what was observed as expected since the other parameters were optimized
by Hu et al. (2021) with the k3 parameter included in the state vector (Fig. 4.12).
The k3 drop posterior parameter correlations and the summertime posterior-modeled
NEE show that the MCMC can adjust the remaining parameters to compensate for

dropping the k3 parameter, increasing the correlations for parameters such as the ~
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and ky parameters with the 8 parameter and the correlation between k; and ky (Figs.

4.3 and 4.5).

Site: Rol, Run: k_3_drop
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Figure 5.1: Same as Figure 3.9 but for the ks parameter drop experiment.

The data from the AmeriFlux eddy covariance tower sites used in this site provided
measured NEE and so calculations were not needed to derive observed NEE. However,
instrument uncertainty can still factor into the uncertainty of results using these data.
The heights above ground level of the sensors at Ne2 and Ne3 are not consistent which
can account for some degree of uncertainty. These data were not gap-filled or quality
checked and therefore contain uncertainty that may not have been filtered out in the
running means and removal of outliers discussed in Section 2.1. Eddy covariance data
are also impacted by different turbulence regimes. Using a filtering technique on u*
is an attempt to account for these impacts, but it is not a perfect method. When
strong advection or weak vertical mixing is present, errors in eddy covariance data

are common (Mahadevan et al., 2008).
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The derivation of EVI and LSWI from the MODIS data using Equations (2.6)
and (2.7) respectively also is a potential source of error. Calculations from the raw
data produced data points where the EVI ended up being <0. These data points
were dropped from the data used in subsequent calculations which produces gaps in
the EVI and LSWI. MODIS reflectance used for these calculations came from the
nadir reflectance product and so the effects of angular geometry on the data should
be negligible. However, the effects of partial cloud cover and aerosol activity can still
lead to uncertainty in the reflectance measurements.

Other sources of uncertainty that are unique to this study are the use of the STIR
algorithm to curve fit the daytime GEE parameters after the MCMC was used to
fit nighttime respiration and the randomness of the MCMC algorithm. The inherent
randomness of the MCMC algorithm requires the use of a random seed in the Python
code to generate randomness that can be reproducible with each experiment. The
use of a different random seed, or not using a seed at all and letting the random
state of the computer hardware memory determine the randomness could affect the
results found from this technique. The use of STIR for fitting the daytime GEE
parameters presents uncertainty in calculating the posterior distribution for A and
PARy. The STIR technique itself is inherently non-Bayesian and thus does not
lend itself to generating a posterior distribution without drawing from a random
distribution of priors. This technique was used for certain experiments in this study
because conducting a second round of MCMC for the daytime GEE parameters would
be more computationally expensive. Redoing these experiments in the future with
the MCMC technique used for fitting both of the main VPRM equations would be
beneficial to explore the implications of using MCMC on all variables. As VPRM is
a simple model, processes and factors that are present in other similar models such

as CASA may lead to errors as well (Gourdji et al., 2022).

o6



5.2 AmeriFlux Tower Site Selection

Sites selected for this study were selected in order to examine the differences
among observation sites with the same general VPRM LUT. The irrigated Ne2 site
performed the most predictably in terms of parameter correlations. This suggests
that irrigated sites provide better control of NEE output than rainfed sites. The
northernmost site at Rol produced the lowest RMSEs of all experiments while the
corn-only KM1 site produced the highest RMSEs when compared to the other sites.
The higher RMSEs at KM1 suggest that separating the cropland LUT into LUTs for
different types of crops may be beneficial to the fit of VPRM as a whole.

The small number of sites used in this study may not be representative of the
full capabilities of the MCMC technique to quantify the uncertainty of the VPRM
parameters. Future work on these experiments could use more flux tower sites by

either fitting them separately as in this study or by fitting all sites simultaneously.

5.3 Viability of MCMC as a Parameter
Calibration Technique

This study shows that the MCMC technique reduces the MAD of both the modeled
NEE and the posterior parameter distributions (Tables 3.2 and A.2). The use of MAD
instead of o as the measure of uncertainty and median instead of mean for the measure
of the center of the distribution was due to the robustness of MAD and median to
outliers in the distribution. As shown in Figures 3.3 and 3.5, many parameters show
disagreement regarding the posterior distributions. Combining the data sets into
one larger data set and fitting them together may provide a parameter distribution
that better agrees with the aggregate observations while not fitting individual sites
as accurately. Fitting the whole dataset simultaneously has a greater magnitude of

reduction in MAD, but fitting the ER and GEE equations separately produces the
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most overall reduction in modeled-NEE MAD and the second lowest RMSE of all
experiments. The lowest RMSE comes from the posterior-modeled NEE of the k3
parameter drop experiment. This suggests that not including the combined effects
of water stress and the square of temperature in the model may provide a better fit
overall than using Equation (2.3) derived by Gourdji et al. (2022).

Constraining and quantifying sources of uncertainty using methods such as this
study shows that the MCMC technique may be a viable way of tuning the parameters
of the VPRM equations on a site-by-site scale. Scaling the technique to a more general
use with more sites and different LUTs may be very computationally expensive. The
benefit is that once fitting is complete on a larger data set the generated posterior
distribution may provide more accurate estimates that scale to continental and global
scales. Using small batches of sites and averaging the results may provide a less

computationally expensive method.

5.4 Future Work

Future work on the VPRM using MCMC includes scaling up the MCMC fitting
algorithm to include more sites and LUTSs to generalize the VPRM to larger spatial
scales. This in turn would allow the posterior parameter sets to be incorporated
into WRF-VPRM for analysis in regional and continental scales of the carbon cycle.
Incorporating a data assimilation technique such as Three-dimensional Variational
Assimilation (3DVAR) or Ensemble Kalman Filter (EnKF) and assimilating the ob-
served NEE on a set assimilation cycle may also assist in minimizing uncertainty in
the VPRM. Another technique that could be explored in future work is creating more
LUTs based on crop type for work with the VPRM and classifying all AmeriFlux ob-
servation sites using the new set of LUTs. More LUTs would allow for more accurate

parameter sets depending on crop type which in turn would allow for a more accurate

VPRM as a whole.
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Appendix A

Parameter Distributions

A.1 Distribution Tables

Table A.1: A table of distribution medians and median absolute deviation (MAD) for the NLLS
parameter fitting experiments. Values marked with "N /A’ were held constant for the experiment

indicated. Units are described in Table 2.2

Site ExperimegntStatistic B k1 ko k3 A PARgy

Table A.1 continues on next page
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Table A.1 continued from previous page

Table A.1 continues on next page




Table A.1 continued from previous page

Table A.1 continues on next page




Table A.1 continued from previous page

Table A.1 continues on next page




Table A.1 continued from previous page

Site Experim¢ntStatistic B k1 ko k3 A PARg

End of Table A.1

Table A.2: A table of distribution medians and median absolute deviation (MAD) for the MCMC
parameter fitting experiments. Values marked with "N /A’ were held constant for the experiment
indicated. Units are described in Table 2.2

Site ExperimgntStatistic B k1 ko k3 A PARg

Table A.2 continues on next page

66



Table A.2 continued from previous page

Table A.2 continues on next page




Table A.2 continued from previous page

Table A.2 continues on next page




Table A.2 continued from previous page

Table A.2 continues on next page




Table A.2 continued from previous page

Site Experim¢ntStatistic B k1 ko k3 A PARg

End of Table A.2
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A.2

A.2.1

Distribution Graphs
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Figure A.1: Same as Figure 3.3 but for the 8 parameter distributions.
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Figure A.2:

Same as Figure 3.3 but for the a; parameter distributions.
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Figure A.5: Same as Figure 3.3 but for the ks parameter distributions.
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Figure A.6: Same as Figure 3.3 but for the k3 parameter distributions.
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A.2.2 ER/GEE Separately
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Figure A.7: Same as Figure A.1 but fitting ER and GEE separately.
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k_2 Probability Distributions -- daynight
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Figure A.11: Same as Figure A.5 but fitting ER and GEE separately.
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A.2.3 «ay Drop Experiment
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Figure A.13: Same as Figure A.1 but for the ay parameter drop experiment.
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Figure A.14: Same as Figure A.2 but for the ap parameter drop experiment.
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Figure A.15: Same as Figure 3.4 but for the ay parameter drop experiment.
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78



k_2 Probability Distributions -- a_2_drop
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Figure A.17: Same as Figure A.5 but for the ap parameter drop experiment.
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Figure A.18: Same as Figure A.6 but for the ap parameter drop experiment.
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A Probability Distributions -- a_2_drop
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Figure A.19: Same as Figure 3.5 but for the oy parameter drop experiment.
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Figure A.20: Same as Figure 3.3 but for the ay parameter drop experiment.



A.24
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Figure A.21: Same as Figure A.1 but for the k3 parameter drop experiment.
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Same as Figure A.2 but for the k3 parameter drop experiment.
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Figure A.23: Same as Figure A.3 but for the ks parameter drop experiment.
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Figure A.24: Same as Figure 3.4 but for the k3 parameter drop experiment.
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Density

Density
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Same as Figure A.4 but for the k3 parameter drop experiment.
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Same as Figure A.5 but for the k3 parameter drop experiment.
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A.2.5 )\ Drop Experiment

B Probability Distributions -- A_drop
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Figure A.27: Same as Figure A.1 but for the A parameter drop experiment.
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Figure A.28: Same as Figure A.2 but for the A parameter drop experiment.



a_2 Probability Distributions -- A_drop
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Figure A.30: Same as Figure 3.4 but for the A parameter drop experiment.
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k_1 Probability Distributions -- A_drop
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Figure A.31: Same as Figure A.4 but for the A parameter drop experiment.
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Figure A.32: Same as Figure A.5 but for the A parameter drop experiment.
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k_3 Probability Distributions -- A_drop
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Figure A.33: Same as Figure A.6 but for the A parameter drop experiment.
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Figure A.34: Same as Figure 3.3 but for the A parameter drop experiment.



A.2.6
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Figure A.35: Same as Figure A.1 but for the PARy parameter drop experiment.
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a_2 Probability Distributions - par0_drop
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Figure A.37: Same as Figure A.3 but for the PARy parameter drop experiment.
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Figure A.38: Same as Figure 3.4 but for the PARy parameter drop experiment.
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Density
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k_3 Probability Distributions -- par0_drop

MCMC Prior MCMC Posterior
>
g
a
—0.06 -0.04 -0.02 0.00LLs prioP-02 0.04 0.06 0.08 -0.06 -0.04 -0.02 OQPLS Posterfh2 0.04 0.06 0.08
z
g
a8
—0.06 -0.04 -0.02 0.00 0.02 0.04 0.06 0.08 ~0.06 -0.02 0.00 0.02 0.04 0.06 0.08
K_3 [umol CO_2 m"-2 5~-1 °C~-2] K_3 [umol CO_2 m"-2 5*-1 °C~-2]

Figure A.41: Same as Figure A.6 but for the PARy parameter drop experiment.
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Figure A.42: Same as Figure 3.5 but for the PARy parameter drop experiment.



A.3 RMSE Distributions

RMSE Distributions -- a_2_drop
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Figure A.43: Same as Figure 3.1 but for the ay parameter drop experiment.
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Figure A.44: Same as Figure 3.1 but for the A parameter drop experiment.
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RMSE Distributions -- par0_drop
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Same as Figure 3.1 but for the PARy parameter drop experiment.
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Appendix B

Parameter Correlations

B.1 MCMC

B.1.1 Whole Data Set Simultaneously

Posterior Parameter Correlations
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Figure B.1: Same as Figure 3.13 but for the KM1 normal MCMC experiment.
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Posterior Parameter Correlations
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Figure B.2: Same as Figure 3.13 but for the Rol normal MCMC experiment.
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B.1.2 ER/GEE Separately

Posterior Parameter Correlations
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Figure B.3: Same as Figure 3.15 but for the Ne3 AmeriFlux site.
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Figure B.4: Same as Figure 3.15 but for the KM1 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.5: Same as Figure 3.15 but for the Rol AmeriFlux site.
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B.1.3 oy Drop Experiment
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Figure B.6: Same as Figure 3.13 but for the as parameter drop experiment.
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Posterior Parameter Correlations
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Figure B.7: Same as Figure B.6 but for the Ne3 AmeriFlux site.

100



Posterior Parameter Correlations
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Figure B.8: Same as Figure B.6 but for the KM1 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.9: Same as Figure B.6 but for the Rol AmeriFlux site.
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B.1.4 k3 Drop Experiment
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Figure B.10: Same as Figure 4.3 but for the KM1 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.11: Same as Figure 4.3 but for the Rol AmeriFlux site.
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B.1.5 )\ Drop Experiment

Posterior Parameter Correlations
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Figure B.12: Same as Figure 3.13 but for the A parameter drop experiment.
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Posterior Parameter Correlations
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Figure B.13: Same as Figure B.12 but for the Ne3 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.14: Same as Figure B.12 but for the KM1 AmeriFlux site.
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Posterior Parameter Correlations

- 1.00
= l.ﬂo
0.75
;I -I:L_:= l l.ﬂﬂ H
0.50
0.25
:b- l.ﬂﬂ
0.00
—0.25
—0.50
.
o
—-0.75
2
1%}
o
-—1.00

B ol a2 ¥ k1 k 2 k3 par0

Figure B.15: Same as Figure B.12 but for the Rol AmeriFlux site.

108



B.1.6 PARy; Drop Experiment
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Figure B.16: Same as Figure 3.13 but for the PARy parameter drop experiment.
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Posterior Parameter Correlations
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Figure B.17: Same as Figure B.16 but for the Ne3 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.18: Same as Figure B.16 but for the KM1 AmeriFlux site.
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Posterior Parameter Correlations
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Figure B.19: Same as Figure B.16 but for the Rol AmeriFlux site.
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B.2 NLLS

B.2.1 Whole Data Set Simultaneously
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Figure B.20: Same as Figure 3.13 but for the NLLS while fitting the whole data set

simultaneously.

113



MLLSPosterior Parameter Correlations -- Site: Ne3, run: normal
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Figure B.21: Same as Figure B.20 but for the Ne3 AmeriFlux site.
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Figure B.22: Same as Figure B.20 but for the KM1 AmeriFlux site.
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MLLSPosterior Parameter Correlations -- Site: Rol, run: normal
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Figure B.23: Same as Figure B.20 but for the Rol AmeriFlux site.
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B.2.2 ER/GEE Separately

NLLSPosterior Parameter Correlations -- Site: Ne2, run: daynight
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Figure B.24: Same as Figure B.20 but for the NLLS while fitting ER and GEE separately.
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NLLSPosterior Parameter Correlations -- Site: Ne3,
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Figure B.25: Same as Figure B.24 but for the Ne3 AmeriFlux site.
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Figure B.26: Same as Figure B.24 but for the KM1 AmeriFlux site.
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NLLSPosterior Parameter Correlations -- Site: Rol, run: daynight
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Figure B.27: Same as Figure B.24 but for the Rol AmeriFlux site.
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B.2.3 oy Drop Experiment

NLLSPosterior Parameter Correlations -- Site: Ne2, run: a_2 _drop
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Figure B.28: Same as Figure B.20 but for the NLLS « parameter drop experiment.
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NLLSPosterior Parameter Correlations -- Site: Ne3, run: a_2 _drop
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Figure B.29: Same as Figure B.28 but for the Ne3 AmeriFlux site.
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Figure B.30: Same as Figure B.28 but for the KM1 AmeriFlux site.
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NLLSPosterior Parameter Correlations -- Site:
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Figure B.31: Same as Figure B.28 but for the Rol AmeriFlux site.
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B.2.4 k3 Drop Experiment

NLLSPosterior Parameter Correlations -- Site: Ne2, run: k_3 drop
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Figure B.32: Same as Figure B.20 but for the NLLS k3 parameter drop experiment.
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NLLSPosterior Parameter Correlations -- Site: Ne3, run: k 3 drop
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Figure B.33: Same as Figure B.32 but for the Ne3 AmeriFlux site.
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Figure B.34: Same as Figure B.32 but for the KM1 AmeriFlux site.
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NLLSPosterior Parameter Correlations -- Site: Rol, run: k 3 drop
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Figure B.35: Same as Figure B.32 but for the Rol AmeriFlux site.
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B.2.5 )\ Drop Experiment

NLLSPosterior Parameter Correlations -- Site: Ne2, run: A_drop
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Figure B.36: Same as Figure B.20 but for the NLLS A\ parameter drop experiment.
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MLLSPosterior Parameter Correlations -- Site: Ne3, run
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Figure B.37: Same as Figure B.36 but for the Ne3 AmeriFlux site.

MLLSPosterior Parameter Correlations -- Site: KM1, run
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Figure B.38: Same as Figure B.36 but for the KM1 AmeriFlux site.
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MLLSPosterior Parameter Correlations -- Site: Rol, run: A_drop
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Figure B.39: Same as Figure B.36 but for the Rol AmeriFlux site.
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B.2.6 PARy; Drop Experiment

NLLSPosterior Parameter Correlations -- Site: Ne2, run: par0O _drop
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Figure B.40: Same as Figure B.20 but for the NLLS PAR, parameter drop experiment.
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NLLSPosterior Parameter Correlations -- Site: Ne3, run: par0O_drop
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Figure B.41: Same as Figure B.40 but for the Ne3 AmeriFlux site.

- 1.00

0.75

0.50

0.25

0.00

—-0.25

—0.50

—-0.75

- —1.00

NLLSPosterior Parameter Correlations -- Site: KM1, run: par0_drop
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Figure B.42: Same as Figure B.40 but for the KM1 AmeriFlux site.
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NLLSPosterior Parameter Correlations -- Site: Rol, run: par0O_drop
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Figure B.43: Same as Figure B.40 but for the Rol AmeriFlux site.
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Appendix C

Time Series

C.1 Observed Diurnal Cycle
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Figure C.1: Same as 4.6 but for the Ne3 AmeriFlux site.
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Diurnal Cycle Observations
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Figure C.2: Same as 4.6 but for the KM1 AmeriFlux site.
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Figure C.3: Same as 4.6 but for the Rol AmeriFlux site.
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C.2 Full Time Series

C.2.1 Whole Data Set Simultaneously

Site: Ne2, Run: normal
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Figure C.4: Same as Figure 3.9 but for the Ne2 AmeriFlux site.
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Site: Ne3, Run: normal
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Figure C.5: Same as Figure 3.9 but for the Ne3 AmeriFlux site.

Site: KM1, Run: normal
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Figure C.6: Same as Figure 3.9 but for the KM1 AmeriFlux site.
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C.2.2 ER/GEE Separately

CO2 Flux [gC m™-2 day”~-1]

CO2 Flux [gC m™-2 day™-1]

Site: Ne2, Run: daynight

NLLS

30

MCMC
30
20
10
0
-10
=20
-30
0 0 N N %Y Y N Y3 A w3 A > > > e B B N [
O 0% 0% 40Y 4% 0¥ 0% 40Y 40 40 agdT 0% 40 40% oY 40V 40T g0 oY
w1 0 s ?“1 L \3“1 T 9 e ?“1 e e \3“1 T 9 e
Time [month, CST]
« Observed NEE [0 Prior NEE 95% CI
« Lowest RMSE Prior NEE I Posterior NEE 95% CI

« Lowest RMSE Posterior NEE

Figure C.7: Same as Figure 3.12 but for the Ne2 AmeriFlux site.
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Site: Ne3, Run: daynight
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Figure C.8: Same as Figure 3.12 but for the Ne3 AmeriFlux site.

Site: KM1, Run: daynight
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Figure C.9: Same as Figure 3.12 but for the KM1 AmeriFlux site.
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C.2.3 a9 Drop Experiment

Site: Ne2, Run: a_2_drop
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Figure C.10: Same as Figure 3.9 but for the as parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: a_2_drop
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Figure C.11: Same as Figure C.10 but for the Ne3 AmeriFlux site.
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Figure C.12: Same as Figure C.10 but for the KM1 AmeriFlux site.
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Site: Rol, Run: a_2_drop
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Figure C.13: Same as Figure C.10 but for the Rol AmeriFlux site.
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C.2.4 k3 Drop Experiment

Site: Ne2, Run: k_3_drop
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Figure C.14: Same as Figure 3.9 but for the k3 parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: k_3_drop
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Figure C.15: Same as Figure C.14 but for the Ne3 AmeriFlux site.
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Figure C.16: Same as Figure C.14 but for the KM1 AmeriFlux site.
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Site: Rol, Run: k_3_drop
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Figure C.17: Same as Figure C.14 but for the Rol AmeriFlux site.
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C.2.5 ) Drop Experiment

Site: Ne2, Run: A_drop
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Figure C.18: Same as Figure 3.9 but for the A parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: A_drop
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Figure C.19: Same as Figure C.18 but for the Ne3 AmeriFlux site.
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Figure C.20: Same as Figure C.18 but for the KM1 AmeriFlux site.
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C.2.6 PARy Drop Experiment

Site: Ne2, Run: par0_drop

NLLS

CO2 Flux [g€C m™-2 day”~-1]

McMC
30

=
-
>
o
o
i
<
£
(8]
=2
=
3
T
o~
o
(S

O a0 o AP S TN AN ) R T SN > b Y Y 9

L P P L L P AP g LN |1 PN (LN S LN\ Y N (3 PN \ N S SN SN S SN L A 5

B L L R

Time [month, CST]
+ Observed NEE [ Prior NEE 95% CI
- Lowest RMSE Prior NEE I Posterior NEE 95% CI
« Lowest RMSE Posterior NEE

Figure C.21: Same as Figure 3.9 but for the PARy parameter drop experiment using the Ne2
AmeriFlux site.
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Figure C.22: Same as Figure C.21 but for the Ne3 AmeriFlux site.
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Figure C.23: Same as Figure C.21 but for the KM1 AmeriFlux site.
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C.3 Residual Time Series

C.3.1 Whole Data Set Simultaneously

Site: KM1, Run: normal
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Figure C.24: Same as Figure 3.10 but for the KM1 AmeriFlux site.
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C.3.2 ER/GEE Separately

Site: Ne2, Run: daynight
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Figure C.25: Same as Figure 3.10 but for the Ne2 AmeriFlux site when fitting ER and GEE
separately.
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Site: Ne3, Run: daynight
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Figure C.26: Same as Figure C.25 but for the Ne3 AmeriFlux site.

Site: KM1, Run: daynight
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Figure C.27: Same as Figure C.25 but for the KM1 AmeriFlux site.
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C.3.3 a9 Drop Experiment

Site: Ne2, Run: a_2_drop
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Figure C.28: Same as Figure 3.10 but for the ay parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: a_2_drop
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Figure C.29: Same as Figure C.28 but for the Ne3 AmeriFlux site.
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Figure C.30: Same as Figure C.28 but for the KM1 AmeriFlux site.
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Site: Rol, Run: a_2_drop
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Figure C.31: Same as Figure C.28 but for the Rol AmeriFlux site.
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C.3.4 k3 Drop Experiment

Site: Ne2, Run: k_3_drop
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Figure C.32: Same as Figure 3.10 but for the k3 parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: k_3_drop
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Figure C.33: Same as Figure C.32 but for the Ne3 AmeriFlux site.
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Figure C.34: Same as Figure C.32 but for the KM1 AmeriFlux site.
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Site: Rol, Run: k_3_drop
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Figure C.35: Same as Figure C.32 but for the Rol AmeriFlux site.
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C.3.5 )\ Drop Experiment

Site: Ne2, Run: A_drop
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Figure C.36: Same as Figure 3.10 but for the A parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: A_drop
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Figure C.37: Same as Figure C.36 but for the Ne3 AmeriFlux site.
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Figure C.38: Same as Figure C.36 but for the KM1 AmeriFlux site.
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Site: Rol, Run: A_drop
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Figure C.39: Same as Figure C.36 but for the Rol AmeriFlux site.
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C.3.6 PARy Drop Experiment

Site: Ne2, Run: par0_drop
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Figure C.40: Same as Figure 3.10 but for the PARy parameter drop experiment using the Ne2
AmeriFlux site.
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Site: Ne3, Run: par0O_drop
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Figure C.41: Same as Figure C.40 but for the Ne3 AmeriFlux site.
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Figure C.42: Same as Figure C.40 but for the KM1 AmeriFlux site.

160



Site: Rol, Run: parO_drop
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Figure C.43: Same as Figure C.40 but for the Rol AmeriFlux site.
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C.4 Monthly Average Analysis

C.4.1 Whole Data Set Simultaneously

Site: KM1, Run:normal
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Figure C.44: Same as Figure 4.1 but for the KM1 AmeriFlux site.
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Site: Rol, Run:normal
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Figure C.45: Same as Figure 4.1 but for the Rol AmeriFlux site.
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C.4.2 ER/GEE Separately

Site: Ne2, Run:daynight
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Figure C.46: Same as Figure 4.1 but for fitting ER and GEE separately.

164



Site: Ne3, Run:daynight
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Figure C.47: Same as Figure C.46 but for the Ne3 AmeriFlux site.
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Site: KM1, Run:daynight
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Figure C.48: Same as Figure C.46 but for the KM1 AmeriFlux site.
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Site: Rol, Run:normal

CO2 Flux [gC m~™-2 day~-1]
o

Time [month, CST]

CO2 Flux [gC m~-2 day~-1]
5

N>
s
\W
A
-1
=2
-3
S S “g > J B U &
G A G
S LR & @ SR &
N F Y v
—— Observed Monthly Mean NEE —=- MCMC Posterior Monthly Mean NEE —— Departure from 5-Year NLLS Posterior Monthly Mean NEE
—— NLLS Prior Monthly Mean NEE —— Departure from 5-Year Observed Monthly Mean NEE ——~- Departure from 5-Year MCMC Prior Monthly Mean NEE
—— NLLS Posterior Monthly Mean NEE =~ —— Departure from 5-Year NLLS Prior Monthly Mean NEE ~—~ Departure from 5-Year MCMC Posterior Monthly Mean NEE

—== MCMC Prior Monthly Mean NEE

Figure C.49: Same as Figure C.46 but for the Rol AmeriFlux site.
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C.4.3 a9 Drop Experiment

Site: Ne2, Run:a_2_drop
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Figure C.50: Same as Figure 4.1 but for the as parameter drop experiment.
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Site: Ne3, Run:a_2_drop

CO2 Flux [gC m~™-2 day~-1]

-4

=5

Time [month, CST]

CO2 Flux [gC m~-2 day~-1]

V v

S SR

—— Observed Monthly Mean NEE —=- MCMC Posterior Monthly Mean NEE —— Departure from 5-Year NLLS Posterior Monthly Mean NEE
—— NLLS Prior Monthly Mean NEE —— Departure from 5-Year Observed Monthly Mean NEE ——~- Departure from 5-Year MCMC Prior Monthly Mean NEE
—— NLLS Posterior Monthly Mean NEE =~ —— Departure from 5-Year NLLS Prior Monthly Mean NEE ~—~ Departure from 5-Year MCMC Posterior Monthly Mean NEE
—== MCMC Prior Monthly Mean NEE

Figure C.51: Same as Figure C.50 but for the Ne3 AmeriFlux site.
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Site: KM1, Run:a_2_drop
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Figure C.52: Same as Figure C.50 but for the KM1 AmeriFlux site.
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Site: Rol, Run:a_2_drop
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Figure C.53: Same as Figure C.50 but for the Rol AmeriFlux site.
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Site: Rol, Run:k_3_drop
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Figure C.55: Same as Figure 4.2 but for the Rol AmeriFlux site.
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C.4.5 )\ Drop Experiment

Site: Ne2, Run:A_drop
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Figure C.56: Same as Figure 4.1 but for the A parameter drop experiment.
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Site: Ne3, Run:A_drop
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Figure C.57: Same as Figure C.56 but for the Ne3 AmeriFlux site.
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Site: KM1, Run:A_drop
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Figure C.58: Same as Figure C.56 but for the KM1 AmeriFlux site.
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Site: Rol, Run:A_drop
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Figure C.59: Same as Figure C.56 but for the Rol AmeriFlux site.
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C.4.6 PARy, Drop Experiment

Site: Ne2, Run:par0_drop
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Figure C.60: Same as Figure 4.1 but for the PARy parameter drop experiment.
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Site: Ne3, Run:par0_drop
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Figure C.61: Same as Figure C.60 but for the Ne3 AmeriFlux site.
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Site: KM1, Run:par0_drop
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Figure C.62: Same as Figure C.60 but for the KM1 AmeriFlux site.
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Site: Rol, Run:par0_drop
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Figure C.63: Same as Figure C.60 but for the Rol AmeriFlux site.
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Appendix D

Seasonal Analysis

D.1 Whole Data Set Simultaneously

D.1.1 Winter (DJF)

Winter (DJF)

Modeled CO2 Flux [gC m”~-2 day™-1]

=30 =20 -10 0 10 20 30

Observed CO2 Flux [gC m~™-2 day™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.1: Same as 4.4 except for during the winter (DJF) months.
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Figure D.2: Same as D.1 except for the Ne3 AmeriFlux site.
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Winter (DJF)
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Figure D.3: Same as D.1 except for the KM1 AmeriFlux site.
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Winter (DJF)
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Figure D.4: Same as D.1 except for the Rol AmeriFlux site.
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D.1.2 Spring (MAM)

Spring (MAM)

Modeled CO2 Flux [gC m™-2 day™-1]
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Observed CO2 Flux [gC m~™-2 day™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.5: Same as 4.4 except for during the spring (MAM) months.
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Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.6: Same as D.5 except for the Ne3 AmeriFlux site.
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Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~™-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE | Posterior 95% CI

Figure D.7: Same as D.5 except for the KM1 AmeriFlux site.
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Spring (MAM)

Modeled CO2 Flux [gC m”™-2 day”™-1]
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Observed CO2 Flux [gC m~-2 day”™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.8: Same as D.5 except for the Rol AmeriFlux site.
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D.1.3 Summer (JJA)

Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.9: Same as 4.4 except for the KM1 AmeriFlux site.
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Summer (JJA)
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Figure D.10: Same as 4.4 except for the Rol AmeriFlux site.
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D.1.4 Autumn (SON)

Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.11: Same as 4.4 except for during the autumn (SON) months.
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Autumn (SON)
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Figure D.12: Same as D.11 except for the Ne3 AmeriFlux site.
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Autumn (SON)
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Observed CO2 Flux [gC m~™-2 day™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.13: Same as D.11 except for the KM1 AmeriFlux site.
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Autumn (SON)
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Figure D.14: Same as D.11 except for the Rol AmeriFlux site.
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D.2 ER/GEE Separately

D.2.1 Winter (DJF)

Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day”™-1]

-10 10

0
Observed CO2 Flux [gC m~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.15: Same as D.1 except for fitting ER and GEE separately.
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Winter (DJF)
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Figure D.16: Same as D.15 except for the Ne3 AmeriFlux site.

197



Winter (DJF)
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-10
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Figure D.17: Same as D.15 except for the KM1 AmeriFlux site.
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Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.18: Same as D.15 except for the Rol AmeriFlux site.
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D.2.2 Spring (MAM)

Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.19: Same as D.15 except for during the spring (MAM) months.
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Spring (MAM)
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Observed CO2 Flux [gC m~-2 day™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.20: Same as D.19 except for the Ne3 AmeriFlux site.
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Spring (MAM)
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Observed CO2 Flux [gC m~™-2 day™-1]
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Figure D.21: Same as D.19 except for the KM1 AmeriFlux site.
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Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.22: Same as D.19 except for the Rol AmeriFlux site.
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D.2.3 Summer (JJA)

Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m™-2 day™-1]

Median Prior NEE Prior 95% ClI
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Figure D.23: Same as D.15 except for during the summer (JJA) months.
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Summer (JJA)
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Figure D.24: Same as D.23 except for the Ne3 AmeriFlux site.
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Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day™-1]

—60 =50 —40 =30 =20 -10 0 10 20 30 40 50 60

Observed CO2 Flux [gC m~™-2 day™-1]

Median Prior NEE Prior 95% CI
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Figure D.25: Same as D.23 except for the KM1 AmeriFlux site.
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Summer (JJA)
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Median Posterior NEE Posterior 95% CI

Figure D.26: Same as D.23 except for the Rol AmeriFlux site.
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D.2.4 Autumn (SON)

Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]
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Figure D.27: Same as D.15 except for during the autumn (SON) months.
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Autumn (SON)
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Figure D.28: Same as D.27 except for the Ne3 AmeriFlux site.
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Autumn (SON)
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Figure D.29: Same as D.27 except for the KM1 AmeriFlux site.
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Autumn (SON)

Modeled CO2 Flux [gC m™-2 day™-1]
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Observed CO2 Flux [gC m™-2 day”™-1]
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Median Posterior NEE Posterior 95% ClI

Figure D.30: Same as D.27 except for the Rol AmeriFlux site.

211



D.3 as Drop Experiment

D.3.1 Winter (DJF)

Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day”™-1]

-10 0 10

Observed CO2 Flux [gC m~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.31: Same as D.1 except for the as parameter drop experiment.
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Winter (DJF)
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-10 0 10

Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.32: Same as D.31 except for the Ne3 AmeriFlux site.
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Winter (DJF)
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Figure D.33: Same as D.31 except for the KM1 AmeriFlux site.
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Winter (DJF)
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.34: Same as D.31 except for the Rol AmeriFlux site.
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D.3.2 Spring (MAM)

Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.35: Same as D.31 except for during the spring (MAM) months.
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Spring (MAM)
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Figure D.36: Same as D.35 except for the Ne3 AmeriFlux site.
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Spring (MAM)
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Figure D.37: Same as D.35 except for the KM1 AmeriFlux site.
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Spring (MAM)
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.38: Same as D.35 except for the Rol AmeriFlux site.

219



D.3.3 Summer (JJA)

Summer (JJA)
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Figure D.39: Same as D.31 except for during the summer (JJA) months.
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Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day™-1]

—60 =50 -40 =30 =20 -10 0 10 20 30 40 50 60

Observed CO2 Flux [gC m~™-2 day™-1]
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Figure D.40: Same as D.39 except for the Ne3 AmeriFlux site.
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Summer (JJA)
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-60 =50 —40 =30 =20 -10 0 10 20 30 40 50 60

Observed CO2 Flux [gC m~™-2 day™-1]
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Figure D.41: Same as D.39 except for the KM1 AmeriFlux site.
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Summer (JJA)
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Figure D.42: Same as D.39 except for the Rol AmeriFlux site.
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D.3.4 Autumn (SON)

Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day”™-1]

=50 -40 =30 =20 -10 0 10 20 30 40 50

Observed CO2 Flux [gC m”~-2 day”™-1]
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Figure D.43: Same as D.31 except for during the autumn (SON) months.
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Autumn (SON)
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Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.44: Same as D.43 except for the Ne3 AmeriFlux site.
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Autumn (SON)
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Figure D.45: Same as D.43 except for the KM1 AmeriFlux site.
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Autumn (SON)
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Figure D.46: Same as D.43 except for the Rol AmeriFlux site.
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D.4 k3 Drop Experiment

D.4.1 Winter (DJF)

Winter (DJF)
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Figure D.47: Same as D.1 except for the ks parameter drop experiment.
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Winter (DJF)
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Median Posterior NEE Posterior 95% CI

Figure D.48: Same as D.47 except for the Ne3 AmeriFlux site.
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Figure D.49: Same as D.47 except for the KM1 AmeriFlux site.
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Winter (DJF)
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.50: Same as D.47 except for the Rol AmeriFlux site.
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D.4.2 Spring (MAM)

Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.51: Same as D.47 except for during the spring (MAM) months.
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Spring (MAM)
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Figure D.52: Same as D.51 except for the Ne3 AmeriFlux site.
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Figure D.53: Same as D.51 except for the KM1 AmeriFlux site.
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Spring (MAM)
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.54: Same as D.51 except for the Rol AmeriFlux site.

235



D.4.3 Summer (JJA)

Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Figure D.55: Same as 4.5 except for the KM1 AmeriFlux site.
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Summer (JJA)
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Figure D.56: Same as 4.5 except for the Rol AmeriFlux site.
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D.4.4 Autumn (SON)

Autumn (SON)
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Figure D.57: Same as D.47 except for during the autumn (SON) months.
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Autumn (SON)
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Figure D.58: Same as D.57 except for the Ne3 AmeriFlux site.
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Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.59: Same as D.57 except for the KM1 AmeriFlux site.
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Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~-2 day™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.60: Same as D.57 except for the Rol AmeriFlux site.
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D.5 ) Drop Experiment

D.5.1 Winter (DJF)

Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.61: Same as D.1 except for the A parameter drop experiment.
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Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.62: Same as D.61 except for the Ne3 AmeriFlux site.
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Figure D.63: Same as D.61 except for the KM1 AmeriFlux site.
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Winter (DJF)
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Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.64: Same as D.61 except for the Rol AmeriFlux site.
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D.5.2 Spring (MAM)

Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day”™-1]

-10 0 10

Observed CO2 Flux [gC m”~-2 day”™-1]

Median Prior NEE Prior 95% ClI
Median Posterior NEE Posterior 95% CI

Figure D.65: Same as D.61 except for during the spring (MAM) months.
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Spring (MAM)
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Figure D.66: Same as D.65 except for the Ne3 AmeriFlux site.
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Spring (MAM)
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Figure D.67: Same as D.65 except for the KM1 AmeriFlux site.
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Spring (MAM)

Modeled CO2 Flux [gC m~™-2 day™-1]

-10 0 10

Observed CO2 Flux [gC m~-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.68: Same as D.65 except for the Rol AmeriFlux site.
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D.5.3 Summer (JJA)

Summer (JJA)
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Figure D.69: Same as D.61 except for during the summer (JJA) months.
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Summer (JJA)
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Figure D.70: Same as D.69 except for the Ne3 AmeriFlux site.
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Summer (JJA)
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Figure D.71: Same as D.69 except for the KM1 AmeriFlux site.
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Summer (JJA)

Modeled CO2 Flux [gC m~™-2 day™-1]
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Observed CO2 Flux [gC m~™-2 day™-1]

Median Prior NEE Prior 95% CI
Median Posterior NEE Posterior 95% CI

Figure D.72: Same as D.69 except for the Rol AmeriFlux site.
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D.5.4 Autumn (SON)

Autumn (SON)

Modeled CO2 Flux [gC m~™-2 day”™-1]
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Observed CO2 Flux [gC m”~-2 day”™-1]
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Figure D.73: Same as D.61 except for during the autumn (SON) months.
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Autumn (SON)
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Figure D.74: Same as D.73 except for the Ne3 AmeriFlux site.
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Autumn (SON)
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Figure D.75: Same as D.73 except for the KM1 AmeriFlux site.
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Autumn (SON)
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Figure D.76: Same as D.73 except for the Rol AmeriFlux site.
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D.6 PARy Drop Experiment

D.6.1 Winter (DJF)
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Observed CO2 Flux [gC m~-2 day”™-1]
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Figure D.77: Same as D.1 except for the PAR( parameter drop experiment.
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Winter (DJF)
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Median Posterior NEE Posterior 95% CI

Figure D.78: Same as D.77 except for the Ne3 AmeriFlux site.
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Winter (DJF)
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Figure D.79: Same as D.77 except for the KM1 AmeriFlux site.
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Winter (DJF)

Modeled CO2 Flux [gC m~™-2 day™-1]

-10 0 10

Observed CO2 Flux [gC m~-2 day™-1]
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Median Posterior NEE Posterior 95% CI

Figure D.80: Same as D.77 except for the Rol AmeriFlux site.
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D.6.2 Spring (MAM)

Spring (MAM)
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Figure D.81: Same as D.77 except for during the spring (MAM) months.
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Spring (MAM)
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Figure D.82: Same as D.81 except for the Ne3 AmeriFlux site.
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Figure D.83: Same as D.81 except for the KM1 AmeriFlux site.
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Spring (MAM)
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Figure D.84: Same as D.81 except for the Rol AmeriFlux site.
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D.6.3 Summer (JJA)
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Figure D.85: Same as D.77 except for during the summer (JJA) months.
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Figure D.86: Same as D.85 except for the Ne3 AmeriFlux site.
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Summer (JJA)
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Figure D.87: Same as D.85 except for the KM1 AmeriFlux site.
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Figure D.88: Same as D.85 except for the Rol AmeriFlux site.
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D.6.4 Autumn (SON)

Autumn (SON)
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Figure D.89: Same as D.77 except for during the autumn (SON) months.
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Autumn (SON)
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Figure D.90: Same as D.89 except for the Ne3 AmeriFlux site.

271



Autumn (SON)
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Figure D.91: Same as D.89 except for the KM1 AmeriFlux site.
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Autumn (SON)
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Figure D.92: Same as D.89 except for the Rol AmeriFlux site.
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