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Abstract

Forest models are increasingly being used to study ecosystem functioning, through simulation of
carbon fluxes and productivity in different biomes and plant functional types all over the world.
Several forest models based on the concept of Light Use Efficiency (LUE) rely mostly on a
simplified mathematical structure and empirical parameters, require little amount of data to be run,
and their computations are usually fast. However, possible calibration issues must be investigated in
order to ensure reliable results.

Here we addressed the important issue of delayed convergence when calibrating LUE models,
characterized by a multiplicative structure, with a Bayesian approach. We tested two models
(Prelued and the Horn and Schulz (2011a) model), applying three Markov Chain Monte Carlo-
based algorithms with different number of iterations, and different sets of prior parameter
distributions with increasing information content. The results showed that recently proposed
algorithms for adaptive calibration did not confer a clear advantage over the Metropolis—Hastings
Random Walk algorithm for the forest models used here, and that a high number of iterations is
required to stabilize in the convergence region. This can be partly explained by the multiplicative
mathematical structure of the models, with high correlations between parameters, and by the use of
empirical parameters with neither ecological nor physiological meaning. The information content of
the prior distributions of the parameters did not play a major role in reaching convergence with a
lower number of iterations.

We conclude that there is a need for a more careful approach to calibration to solve potential
problems when applying models characterized by a multiplicative mathematical structure.
Moreover, the calibration proved time consuming and mathematically difficult, so advantages of
using a computationally fast and user-friendly model were lost due to the calibration process needed

to obtain reliable results.

Keywords
Forest Model; Prelued; Bayesian Calibration; Markov Chain Monte Carlo; Light Use Efficiency;
GPP

1. Introduction

Gross Primary Production (GPP) is a key component of the terrestrial ecosystem carbon balance
(Chapin III et al., 2006; Nagy et al., 2006), representing the amount of CO, assimilated by
photosynthesis per unit of time (Waring et al., 1998). The Eddy-Covariance (EC) technique (Burba,

2013) is one of the most commonly used approaches to calculate GPP at the ecosystem level: this
2
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method computes the net CO, turbulent flux between a given ecosystem and the atmosphere (Net
Ecosystem CO, Exchange, NEE), and subsequently derives Ecosystem respiration (ER) and GPP
through the application of partitioning methods (Lasslop et al., 2010; Reichstein et al., 2005; van
Gorsel et al., 2009). However, there are several theoretical assumptions (Burba and Anderson,
2010) that can seriously limit its application in topographically complex environments, and its
estimates are limited to the footprint of the EC tower. GPP is also increasingly being estimated
using remote sensing applications (Still et al., 2004; Wisskirchen et al., 2013; Zhang and
Kondragunta, 2006): as an example, the MODerate Imaging Spectroradiometer (MODIS) sensor
was designed in part for that purpose (Running et al., 2000). These latter methods have the clear
advantage of covering very wide areas; on the other hand, they need to be validated by ground
measurements in order to ensure the reliability of the data (i.e. due to cloud cover, or to the spatial
and temporal aggregation processes). For those reasons, despite extensive efforts and several
techniques tested, GPP quantification remains challenging in most ecosystems. Therefore, extensive
modelling techniques have been applied to assist GPP estimates.

Nowadays, GPP is one of the central outputs of many forest ecosystem models (De Weirdt et al.,
2012; Mikela et al., 2000; Tjiputra et al., 2013), most of which are detailed, multi-variable models
that need much environmental information and careful parameterization before they can be run
(Landsberg and Waring 1997). The modelling approach developed by Farquhar et al. (1980) is one
of the most commonly applied to estimate GPP in forest modelling, but it is not free of
disadvantages (van Oijen et al., 2004; Yin et al., 2004): its parameters are difficult to infer and have
no physical meaning at the canopy scale, being chloroplast parameters with validity up to the leaf
level only. Therefore, a process of simplification started in the 90's (White and Running 1994;
Landsberg andWaring 1997) with the aim of developing models that could be of use in applied
forest management.

A widely-used group of simple models for GPP is based on the concept of Light Use Efficiency
(LUE), defined as the ratio of GPP to Absorbed Photosynthetically Active Radiation (APAR).
These models assume that vegetation has a potential LUE (which can be described as the ability of
plants to use light for photosynthesis in absence of limiting factors), decreased by modifying factors
that account for suboptimal conditions for photosynthesis (Landsberg and Waring, 1997; McMurtrie
et al., 1994). GPP is then calculated as the product of LUE, incoming radiation, and modifiers,
creating a quasi- or totally multiplicative mathematical structure. There are several LUE-based
models in the existing literature: for example C-Fix (Veroustraete et al., 1994), 3PG (Landsberg and
Waring 1997), Prelued (Mikeli et al., 2008), and the Horn and Schulz (2011a) model. These

models are often considered simpler and more "user-friendly" than process-based models
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(Landsberg and Waring 1997): they rely on few equations of simplified physiological processes,
few often empirical parameters, do not require high computational power or many data to be run,
and the computations are usually fast. On the other hand, their simple structure is likely to cause
high correlation between parameters, leading to difficulties in calibration and ultimately to
unreliable results and predictions (Bagnara et al., 2015). This is particularly true for the Prelued
model (Mikeli et al., 2008): despite its successful application in several biomes and plant
functional types (Bagnara et al., 2015; Mikela et al., 2008; Peltoniemi et al., 2012), Bagnara et al.
(2015) highlighted some calibration issues (possibly due to its multiplicative structure) that are
likely to impair the reliability of the results and predictions, even in the presence of a very good fit
to the data.

To our knowledge, calibration issues are not usually properly addressed in studies that apply LUE
models: those studies evaluate the models’ performance based only on their ability in reproducing
the data, while little attention is given to the calibration process that generated those results.
Therefore, there is no guarantee that calibration issues are specific to Prelued and not a general
limitation to the application of LUE models. To answer this crucial point, we selected the model
developed by Horn and Schulz (2011b) (as described in Horn and Schulz (2011a)) as a second
LUE-based model to compare with Prelued in terms of convergence efficiency. This is a LUE
model with the same time scale as Prelued’s, same number of parameters to avoid issues related to
different dimensionality of parameter space, and comparable prior information about parameter
values. The main difference between these two models is in their mathematical structure: overall,
the structure of this latter model is slightly less multiplicative than Prelued, which should facilitate
its calibration.

The Bayesian approach to calibration has become more and more popular in the last few years to
obtain insights on both model predictions and uncertainties. This approach has been widely used in
the past in different fields, and recently it has been applied to different kinds of ecosystem models,
focusing on both croplands (Zhu et al., 2014) and forests (van Oijen et al., 2005; Svensson et al.,
2008; Chevallier et al., 2006; van Oijen et al., 2011; van Oijen et al., 2013). Even so, the application
of the Bayesian method to LUE-based models is not as common as its application to process-based
models, with very few studies heading in this direction (Still et al., 2004; Xenakis et al., 2008;
Bagnara et al., 2015). The main characteristic of a Bayesian calibration is that it quantifies model
inputs and outputs in the form of probability distributions, and applies the rules of probability
theory to update the distributions when new data are obtained (Sivia, 1996; van Oijen et al., 2005).
In recent years, the increase in affordable computational power has allowed the Markov Chain

Monte Carlo (MCMC) technique to become a popular choice for sampling the joint posterior
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probability distribution for the parameters of models. MCMC has a number of advantages for our
purposes over other approaches that have been used for Bayesian Calibration, such as the adjoint
method (Zhu et al., 2014) or the Kalman filter (Gao et al., 2011). These latter methods are special
cases of Bayesian calibration (Wikle and Berliner, 2007), where a prior probability distribution for
parameters is specified and updated using Bayes Theorem. However, they require assumptions of
linearity and Gaussian distributions that are restrictive and inappropriate in the case of the highly
nonlinear models that we study here. In contrast, the MCMC method allows for any type of prior
and posterior distribution, including asymmetric and multimodal ones. Moreover, the sample from
the posterior distribution generated by MCMC represents the full posterior probability distribution
(in contrast to the adjoint method which only provides an estimate of the mode) and uncertainties
can only be assessed fully with such global methods. The efficiency of the MCMC technique is
highly dependent on the model structure (Browne et al., 2009; Gilks and Roberts, 1996): the high
correlations between parameters induced by a multiplicative model structure generally make the
convergence of the MCMC more difficult, impairing the reliability of the results of the calibration.
Another important factor for the success of the MCMC is the a-priori information on the model
parameters: poorly defined parameters, empirical parameters, or the lack of information in the
existing literature force the modeller to assign non-informative prior distributions, which makes the
calibration more difficult and time-consuming (Hartig et al., 2012). Different methods have been
implemented to avoid or reduce such problems: the use of very long chains (Geyer, 1992; Gilks et
al., 1996), model re-parameterization to avoid strong correlations (Buzzi-Ferraris and Manenti,
2010; Gilks et al., 1996), and the use of more efficient algorithms (Gilks et al., 1996; ter Braak,
2006). In this context the term "efficiency" can be ambiguous: for example, ter Braak (2006)
calculates efficiency considering the mean square errors of different algorithms, but it can also be
considered as the proper sampling from a posterior distribution (thus related to the acceptance rate).
In this particular study, we considered efficiency as the capability of the algorithm to identify the
convergence region minimizing the number of model evaluations, i.e. maximizing the speed of
convergence.

This work aims at 1) identifying and solving possible and previously undetected calibration issues
related to the multiplicative mathematical structure typical of LUE-based models; 2) assessing the
importance of prior information on parameter values, and 3) determining if those issues are limited
to a single model or affect the entire class of LUE models. We applied a Bayesian calibration with
different algorithms, number of iterations, and different sets of prior distributions both to Prelued
and to the Horn and Schulz (2011a) models employed as case studies, calibrating them over one

year of daily GPP data from an EC tower in the Italian Alps.
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2. Materials and Methods

2.1 Models formulation

Prelued is a modified version of a LUE-type model of daily photosynthetic production of the

canopy (Mékeli et al., 2008). Compared with the majority of the LUE-based models that work at
monthly or annual time scales, Prelued calculates GPP at a daily time step relying on a nonlinear
relationship between APAR and GPP (Medlyn et al., 2003;Turner et al., 2003), a saturating effect of
average daily temperature (which simulates the ecosystem “acclimation” to temperature, Mikela et

al. (2004)), and daily meteorological and environmental variables. GPP is estimated as:
(}PPJ :ﬂ 1APzA1{J niFij , i:L,S,D (1)

where GPP; is canopy Gross Primary Production (gC m?) during day j, £ is potential Light Use
Efficiency (gC mol!), APAR; is Absorbed Photosynthetically Active Radiation (mol m) during
day j, and F; € [0, 1] are modifying factors accounting for suboptimal conditions on day ;. The
actual LUE of the canopy on day j is the product of # and the current values of the modifiers.

To account for the nonlinearity in the response to APAR, a light modifier F; was defined so as to
yield the rectangular hyperbola when multiplied with the linear response included in the LUE
model:

Fi;=1/(y APAR; +1) (2)

where y (m? mol!) is an empirical parameter. The effect of temperature on daily GPP was modelled
using the concept of state of acclimation, S; (°C) (Mikela et al., 2004), a piecewise linear function

of X; (°C) calculated from the mean daily ambient temperature, T; (°C), using a first-order dynamic

delay model:
X; =X+ (10 (Tj- X0), X1 = Ty )
Sj = max {Xj- Xo, 0} (4)

where 7 (days) is the time constant of the delay process and X, (°C) is a threshold value of the
delayed temperature. The modifying function Fg is defined as

Fsj = min {Sy/ Spax, 1} )

where the empirical parameter Sy, (°C) determines the value of S; at which the temperature
modifier attains its saturating level.

Following Landsberg and Waring (1997) the Vapour Pressure Deficit (VPD) modifier F, was
defined as

Fpj=¢ KVPDj (6)
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where VPD; (kPa) is VPD in day j and « (kPa'!) is an empirical parameter assuming typically
negative values.

While in Prelued GPP is calculated as a product of potential LUE (f), APAR, and modifiers (Eq. 1),
in Horn and Schulz (2011a) GPP is calculated following a non-entirely multiplicative formulation:
GPP; = LUE APAR|[ pFrj + (1-p) Fwj] (8)

with GPP; (gC m2) denoting the gross flux of carbon uptake in day j, LUE (gC MJ!) being the
maximum attained Light Use Efficiency, APAR (MJ m2) the Absorbed Photosynthetically Active
Radiation in day j, and p (-) a weighting factor for the modifiers Fr and Fyy.

Fr is a sigmoidal peak function defined as:

Fr =4 e (TSTop/KT / ({e(Ts-ToptykTy2 (9)

where Ts is the soil temperature (°C), Topt (°C) is the temperature at which the light use efficiency
is maximum, and k7 (°C-") is the rate of change from the lower level of Fr to its maximum.

Fy is defined as following sigmoidal function:

Fw =1/ (1+es"WV-7)) (10)

where W is a moisture surrogate (in our case the Soil Water Content (m3 m-3)), kW is the constant
rate of change between lower and upper level (set to -13.1 following Horn and Schulz (2011a)) and
Wi is the inflection point with units depending on the choice of W.

Following Jarvis et al. (2004), a lag function was applied to Ts:

ZF= (1-a) Tsj+ o ZF (11)

where a (-) is the lag parameter. Eq. (11) is only applied to Ts, considered the dominant driver of
the vegetation stands; this main driver is expected to trigger the start and end of dormant periods
after which the vegetation has to regenerate and redevelop green tissue (Horn and Schulz, 2011a).
ZF calculated in Eq. (11) is therefore used as Ts in Eq. (9).

Fr and Fy are scaled between 0 and 1 and describe the dependence of the Light Use Efficiency on

the soil temperature and a moisture surrogate.

2.2 Data
The data for the Italian Eddy Covariance site of Lavarone for the years 2004 and 2006 have been

downloaded from the European Fluxes Database Cluster (www.europe-fluxdata.eu).

Lavarone is a ca. 130 years old alpine coniferous forest, dominated by Silver fir (4bies alba Mill.)
and Norway spruce (Picea abies (L.) Karst.), with minor presence of European beech (Fagus
sylvatica L.) and located at 1350 m a.s.l. in the Trento province, eastern Italian Alps. The Lavarone

site characteristics are described in detail in Rodeghiero and Cescatti (2005).
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Daily air temperature, relative humidity (Rh) and PAR were used as input data. Daily VPD was
calculated from Rh and air temperature following Allen et al. (1998). Daily APAR was calculated
following Mikela et al. (2008), using Normalized Difference Vegetation Index (NDVI) data as a
proxy for fAPAR (Fraction of Absorbed Photosynthetically Active Radiation): for that purpose,
NDVI data with 0.25 km spatial grid and 16 days time-step were downloaded from the MODIS
repository (MODIS product MOD13Q1). Daily values of GPP were used to calculate the model
goodness-of-fit: year 2004 was used for model calibration, while year 2006 was used for model
validation. Missing data for a weather variable resulted in a missing outcome of the model for that
day j, while missing GPP data for a day j would make it impossible to calculate the log-likelihood
value for that day. Due to either weather or GPP missing data, we used 292 days for calibration
(year 2004) and 363 for model validation (year 2006), each one consisting of one data point.

The Bayesian calibration requires an estimate of the uncertainties around the data used in the
calibration (van Oijen et al., 2005). These uncertainties are of primary importance for the
effectiveness of the calibration. If the data are highly uncertain, i.e. less informative, then the
likelihood distribution in parameter space becomes more uniform. As a consequence, every
proposed new candidate parameter vector will have similar likelihood as the current parameter
vector, so the likelihood ratio will always be very close to 1 and the candidate vector will always be
accepted unless its prior probability is low. This very high acceptance rate will slow down the
effective exploration of parameter space as the random walk loses direction, slowing down the
identification of the convergence region. On the other hand, if data uncertainties are too small, 1.e. if
the data are overly informative, the likelihood ratio will always be close to 0, causing a very low
acceptance rate. This would cause the MCMC to move very slowly through parameter space, again
resulting in a delayed identification of the convergence region.

Very few examples can be found in the literature of uncertainty estimates of daily GPP. Moreover,
these are not consistent across studies: Mo et al. (2008) set daily uncertainties on GPP as 15% of its
value, while Duursma et al. (2009) estimated them to be 5% of GPP. We set them to 30% of daily
GPP as done by Williams et al. (2005) and Bagnara et al. (2015), as a conservative estimate for
calibration purposes, also to be sure that the information content of the data was not overestimated.
Therefore, data uncertainties were quantified as Gaussian noise with a standard deviation equal to
30% of daily GPP but never less than 1 g C m? d-!. The lower bound of 1 g C m2 d-! is necessary to
ensure that low values of GPP; would not get an overwhelming weight during the calibration

procedure.

2.3 Bayesian calibration
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2.3.1 Overview of MCMC-algorithms

In this study, three algorithms characterized by increasing complexity and efficiency were applied:
the Metropolis-Hastings Random Walk (MHRW), the Adaptive Metropolis (AM), and the
Differential Evolution Markov Chain (DEMC).

The Metropolis-Hastings Random Walk algorithm (MHRW) (Casella and Robert, 1999) produces a
walk through the parameter space such that the collection of visited points forms the desired sample
from the posterior distribution, discarding some initial values (van Oijen et al. 2005). At each
iteration of the algorithm, a new candidate parameter vector is proposed stochastically, i.e. the jump
from the current point to the proposed next one follows a probability distribution. The most
commonly used proposal distribution is the multivariate Gaussian. Whether the proposal is
accepted, depends on the prior probabilities and likelihoods of the current and proposed parameter
vectors. In the MHRW, the proposal distribution itself does not change, so average proposed jump
directions and distances remain the same throughout the random walk. This is different in the next
two MCMC algorithms. The Adaptive Metropolis algorithm (AM) is a modification of the MHRW.
The key attribute of the AM algorithm is the continuous adaptation of its proposal distribution. The
adaptation consists of gradual convergence of the covariance matrix of the proposal distribution to
the covariance matrix of the parameters visited so far in the chain (Haario et al. 2001; Smith and
Marshall 2008). The differential evolution Markov chain algorithm (DEMC) is formed by
combining the differential evolution algorithm of Storn and Price (1997), designed for global
optimization in real parameter spaces, with MCMC sampling, utilizing standard Metropolis
principles. The result is a population MCMC algorithm, where multiple chains are run in parallel
and allowed to learn from each other. Details of the DEMC scheme are presented in ter Braak
(2006) but in brief the scale and orientation of the jumps in DEMC automatically adapt themselves
to the variance-covariance matrix of the target distribution. It is precisely this that each point in the
population learns in DEMC from the others. Neither the location nor the fitness of the other points
is used in the proposal scheme. This combination intends to overcome the difficulties common to
MCMC methods of choosing an appropriate scale and orientation (respectively the size of each
jump in the MCMC sampling and its direction in the parameter space) for the proposal distribution,
while also addressing issues of computational efficiency related to the time to reach convergence
(Smith and Marshall, 2008; ter Braak, 2006). Although the DEMC algorithm is more
computationally efficient, and its implementation can reduce the time needed for calculations, the

total computational resource needed is not reduced by its use.

2.3.2 Calibration Framework
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Several calibrations were carried out in order to investigate in detail model behaviour during
calibration and to tackle the issues related to slow convergence. For each of the three algorithms
(MHRW, AM, DEMC), we performed three simulations with an increasing number of iterations
(104, 10° and 10°) to test the efficiency of each algorithm in reaching convergence. An initial burn-
in phase was set to 30% of the total number of iterations for all the algorithms.

For the DEMC algorithm, 100 chains were considered, making the number of iterations per chain
respectively 102, 10° and 10%. The initial starting point of each chain was randomly sampled from
the prior distribution at the beginning of the calibration. This was the only difference in the starting
condition of the 100 chains. To speed up the calculations, a representative subset of 20 chains was
randomly selected from the original pool of 100 for all the downstream analysis (convergence
checks, computation of the posterior distributions etc.).

The degree of convergence was visually assessed for each Markov Chain, and by comparing the
behaviour of the Markov Chain between different numbers of iterations and algorithms. This visual
assessment allowed us to overcome the limitations of convergence tests, and to assess both the

stability, mixing, and narrowing of the parameter space of all the Markov Chains.

Calibration of Prelued with non-informative (uniform) priors.

The prior parameter distributions for Prelued for this analysis were set based on the information
made available by Mikela et al. (2008) and Peltoniemi et al. (2012). Since several parameters were
poorly studied, and since many are empirical and without physiological meaning, we set the prior
distributions as uniform distributions (i.e. any value had the same probability to occur) and wide

enough to cover a very wide range of possible values (Tab. 1).

Parameter Unit Prior min. Prior max.
p gC mol! 0.0 1.5
y m? mol-! 0.0 0.1
K kPa-! -10.0 0.0
Xo °C -100.0 0.0
T days 0.0 100.0
Smax °C 0.0 100.0

Table 1. Uniform prior probability distributions for each parameter in the Prelued model

Calibration of Prelued with informative (truncated Gaussian) priors.

10



591
593
594321
595

596322

598
599324

600325
601

602326
603
604°2"
605328
606
607
608
609
610
611
612
613
614
615
616
617
618329

619
620330

622

623332
624

625333

626334

627

629336
630

631337
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649

To evaluate the impact of prior information on calibration efficiency, we ran an additional Bayesian

calibration on Prelued with more informative priors, with the same algorithms and settings as for

the calibration described above. The prior parameter distributions for this analysis were set using

the posterior distributions found in Bagnara et al. (2015) as new priors (Tab. 2). This is possible

because the calibration was carried out exactly on the same data, and on a slightly different version

of the same model (Bagnara et al. (2015) included 2 additional parameters for the Soil Water

Content modifier). Their information content is therefore drastically increased in respect to the

uniform distributions used in the previous analysis.

Parameter Unit Prior min. | Prior max. | Prior mean | Prior standard dev.
B gC mol! 0.0 1.5 0.60 0.10
r m? mol! 0.0 0.1 0.02 0.01
K kPa-! -10.0 0.0 -0.92 0.22
Xo °C -100.0 0.0 -8.90 1.92
T days 0.0 100.0 6.42 2.22
Smax °C 0.0 100.0 17.60 4.37

Table 2. Truncated Gaussian prior probability distributions for each parameter in the Prelued

model.

Calibration of the Horn and Schulz (201 1a) model.

For the model by Horn and Schulz (201 1a), the prior distributions were derived from the parameter

estimates at several sites reported in Horn and Schulz (2011b), using the minimum and maximum

value for each parameter (calculated considering all the reported sites) as boundaries (Tab. 3) and

setting the distributions as uniform to avoid them being too informative compared to Prelued’s.

Parameter Unit Prior min. Prior max.
LUE gC MJ! 0.78 2.25
p - 0.14 0.98
a - 0.00 0.98
T, °C 5.00 24.45
kT °C-! 2.00 12.00
W, m? m3 0.22 0.78

11
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Fig. 1. Traceplots of the post burn-in MCMC sampling (a-c) and posterior distributions (d) for the S
parameter, for all the applied algorithms (MHRW, AM, DEMC) with different number of iterations,
for the calibration of the Prelued model with uniform priors. Yellow line: 10 iterations; red line: 10°
iterations; blue line: 10° iterations; black histogram: uniform prior distributions. Traceplots and

distributions for all the parameters are reported in figure S1 and S2.

The posterior correlation coefficients between parameters (Tab. 4) were very similar between
algorithms with only few exceptions. The same is valid for the parameter sets with best log-
likelihood (Tab. 5). This confirmed the convergence on the same joint posterior distribution and not
only on the marginal distributions for each parameter. Concerning the log-likelihood values of the
best parameter set, the MHRW algorithm showed the best result compared to the AM and the
DEMC (Tab. 5).

3.1.2  Calibration of Prelued with informative priors

When informative prior distributions were used, their information content did not facilitate the
calibration process: for all three algorithms (MHRW, AM, DEMC) the MCMC did not reach
convergence at 10% iterations, approached convergence at 107 iterations for some parameters only,

and reached good convergence at 10 iterations (Fig.2 and S3-S4).
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Fig. 2. Traceplots of the post burn-in MCMC sampling (a-c) and posterior distributions (d) for the S
parameter, for all the applied algorithms (MHRW, AM, DEMC) with different number of iterations,
for the calibration of the Prelued model with truncated Gaussian priors. Yellow line:10%iterations;
red line: 10° iterations; blue line: 106 iterations; black histogram: truncated Gaussian prior

distributions. Traceplots and distributions for all the parameters are reported in figure S3 and S4.

In addition, the DEMC algorithm converged in a different area of parameter space for parameter
Syar than the MHRW and AM. Consequently, the parameter sets with best log-likelihood (Tab. 5)
were less similar between algorithms in respect to the calibrations with uniform priors. The log-
likelihood values of the best parameter set vary sensibly between algorithms (in contrast with the
results obtained with uniform priors). The posterior correlation coefficients between parameters
were not as similar between algorithms as the ones obtained from uniform priors (Tab. 4,
parameters S and x), meaning the algorithms are not sampling from the same joint posterior
distribution. Finally, when informative priors are used, the DEMC algorithm showed the best result

compared to the MHRW and the AM (Tab. 5).
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Algorithm | Parameter B Y K Xo T Sax
MHRW 1 0.92 0.14 0.05 -0.20 -0.12
AM B 1 0.91 0.15 0.01 -0.20 0.16
DEMC 1 0.12 -0.75 -0.19 -0.22 0.32
MHRW 0.91 1 0.47 0.03 -0.19 0.12
AM Y 0.89 1 0.49 -0.02 -0.18 0.17
DEMC 0.90 1 0.02 -0.02 0.01 0.03
MHRW 0.14 0.47 1 0.01 -0.01 0.03
AM K 0.04 0.42 1 -0.04 0.01 0.08
DEMC 0.16 0.51 1 0.10 0.18 -0.13
MHRW -0.15 -0.13 0.07 1 0.44 -0.93
AM Xo -0.10 -0.11 -0.02 1 0.46 -0.93
DEMC -0.11 -0.12 -0.02 1 0.48 -0.95
MHRW -0.26 -0.23 0.01 0.43 1 -0.59
AM T -0.27 -0.22 0.07 0.48 1 -0.59
DEMC -0.26 -0.26 -0.07 0.41 1 -0.54
MHRW 0.37 0.33 0.07 -0.92 -0.51 1
AM Siax 0.29 0.27 0.06 -0.93 -0.58 1
DEMC 0.29 0.27 0.08 -0.93 -0.53 1

Table 4. Posterior coefficients of correlation between parameters for Prelued after 10° iterations.

Below the diagonal: coefficients obtained with uniform priors; Above the diagonal: coefficients

obtained with truncated Gaussian priors.
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888

233 Site Year | Algorithm Prior distribution Best parameter vector / Log-likelihood Reference

gg; Optimized parameter value

893 B Y K Xo T Siax

232 Lavarone | 2004 | MHRW 0.55 | 0.02 | -0.92 | -7.01 | 9.51 | 13.28 11778 -

896 AM Uniform 0.56 | 0.02 | -0.93 | -6.89 | 9.19 | 12.91 -124.41 -

232 DEMC 0.56 | 0.02 | -0.93 | -6.60 | 9.52 | 12.21 -134.14 -

Sgg Lavarone | 2004 | MHRW 0.59 | 0.02 | -0.85 | -6.43 | 9.03 | 11.83 236.96 -

901 AM Truncated Gaussian | 0.58 | 0.02 | -0.84 | -6.42 | 8.97 | 11.81 -234.64 -

o DEMC 059 | 002 | -0.88 | -7.05 | 898 | 13.55 |  -119.65 :

904 Lavarone | 2004 DEMC Uniform 0.61 | 0.02 | -0.92 | -891 | 6.42 | 17.64 - Bagnara et al. (2015)
382 Norunda | 1999 - - 0.49 | 0.002 | -0.39 | -10.0 | 5.0 | 29.0 -

gg; Tharandt | 2003 ; ; 0.66 | 0.016 | -0.70 | -5.0 | 2.0 | 19.50 ; Mikeli et al. (2008)
322 Bray | 2001 - - 0.49 | 0.021 | -0.06 | -1.0 | 2.0 | 19.0 -

911 400  Table 5. Best parameter sets and log-likelihood values for the three MCMC algorithms applied to Prelued (10 iterations), compared with the

312 401  optimized parameter values found by Mikeli et al. (2008) and Bagnara et al. (2015).
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3.1.3 Calibration of the Horn and Schulz (2011a) model.

The BMC carried out to compare the prior probability of each model resulted in a prior probability
for the model by Horn and Schulz (2011a) of 0.68, and a prior probability for Prelued of 0.32. This
means that the model by Horn and Schulz (2011a) has a support from the data before the calibration
two times higher than the one of Prelued. However, in terms of reaching proper convergence, the
application of this less multiplicative LUE-based model to the same dataset did not show better
results than Prelued, even at a high number of iterations. For all three algorithms (MHRW, AM,
DEMC), the Markov Chain Monte Carlo did not reach convergence at 10* and 107 iterations, and
reached convergence at 10° iterations for some parameters only (Fig. 3 and S5-S6). The analysis of
the posterior distributions showed the same trends as in Prelued: for many parameters, the posterior
distributions were bimodal, shifted, or as broad as the priors at 10* iterations, while narrowing the
parameter space at 10 iterations and converging in the same region (Fig. 4). Both in MHRW and
AM, the chain for the LUE parameter is still exploring a wide range of the parameter space. There
is no convergence for this particular parameter, therefore the prior distribution is not narrowed

enough and the posterior distributions are different.
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Fig. 3. Traceplots of the post burn-in MCMC sampling (a-c) and posterior distributions (d) for the
LUE parameter, for all the applied algorithms (MHRW, AM, DEMC) with different number of
iterations, for the calibration of the Horn and Schulz (2011a) model. Yellow line:10*iterations; red
line: 107 iterations; blue line: 10° iterations; black histogram: prior distributions. Traceplots and

distributions for all the parameters are reported in figure S5 and S6.
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Given the trends shown by the MCMC and the posterior distributions for this model, where

parameters p, o and kT seemed to hit the boundaries of the prior distributions, we ran an additional

calibration enlarging the priors by 10% on both the minimum and maximum end to ensure that the

difficulties in the calibration were not due to poorly specified priors. This calibration did not result

in faster convergence with respect to the previous one, where the priors were set according to the

existing literature (Fig. S7-S8).

3.2 Model performance evaluation

After the calibration, Prelued was run in both 2004 (calibration year) and 2006 (validation year), for

the calibration approaches that reached convergence, using the best parameter vector resulting from

the calibration process with uniform priors (Fig. 4).
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Fig. 4. Time series of GPP, modelled and derived from EC, in calibration and validation year.

The model performances were very good (Tab. 6), with almost no difference in the ability of the

model to fit the data both for the calibration and validation year. In contrast with the log-likelihood

18



1045
104841
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
106
106%42
106443
1065

106844

106445
1068

106446
107447
1071

107448

107449

1074350
1076

107451
107§5,
1079

108453

1063

108355
1084

108456
108G 57
1087

108458

1094

109460
1092

100461

109ﬂ62
1095

109463
109
109564
109465
1100
1101
1102
1103

values associated to the parameter vectors that generated these results (Tab. 3), the indices of model

Algorithm Prior R? RMSE R? RMSE

(2004) (2004) (2006) (2006)
MHRW - 106 iter. Uniform 0.86 1.29 0.85 1.30
AM - 106 iter. Uniform 0.86 1.29 0.85 1.30
DEMC - 10° iter. Uniform 0.86 1.30 0.85 1.30
MHRW - 106 iter. | Truncated Gaussian 0.86 1.28 0.85 1.35
AM - 106 iter. Truncated Gaussian 0.86 1.28 0.85 1.32
DEMC - 10¢ iter. | Truncated Gaussian 0.86 1.30 0.85 1.31

performance usually applied in the literature are almost identical across algorithms and approaches.
Table 6. Coefficients of model performance in calibration and validation year (R?: coefficient of

determination, RMSE: root mean square error).

4. Discussion

Contrary to expectations, given their different degrees of complexity and documented efficiency, all
three MCMC-methods tested in this study were similarly effective. Although this similarity in
behaviour between algorithms was a surprising result, the main outcome of this study was that a
very high number of iterations was required for each of the three calibration algorithms to stabilize
in the convergence region. This is especially remarkable considering the simplicity of both models
tested. Both these 6-parameter empirical models required 10° iterations to reach convergence,
whereas a 39-parameter mechanistic forest model was calibrated with chains of length 10° (van
Oijen et al., 2005), and 107 iterations were enough to allow proper convergence for 4 process-based
models with higher complexity (van Oijen et al., 2011).

In this study, we addressed two main factors likely to cause delayed convergence for Prelued: a) the
small amount of information on parameter distributions available in the literature, and b) the
extreme multiplicative structure of the models.

Concerning the information content of the prior distributions, it is well known in the literature that
non-informative or poorly-defined priors are likely to lead to issues during a Bayesian calibration
(Hartig et al., 2012): this type of priors forces the MCMC to investigate a broad parameter space,
delaying the identification of the convergence region. To address this problem, we calibrated
Prelued both with non-informative (broad uniform) and very informative (truncated Gaussian)
priors, expecting the calibration to converge faster in the latter case. However, the efficiency in

reaching convergence remained similar for all the algorithms, with 106 iterations required for each
1Yy
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of the three algorithms to stabilize in the convergence region. The higher information content of the
truncated normal prior did not improve the efficiency of the calibration, suggesting this was not the
most important factor causing slow convergence in Prelued.

Even if they did not differ in terms of efficiency in reaching convergence, different types of priors
led to different results in the parameter estimates after the calibrations. In the case of uniform priors,
all algorithms converged in the same region of parameter space with similar log-likelihood values:
we concluded that each algorithm produced a representative sample from the posterior distribution
for the parameters, and the use of three different and independent MCMC methods excluded the
risk of undiagnosed slow convergence (Gilks et al., 1996). In the case of truncated Gaussian priors
however, the DEMC converged in a different region of the parameter space than the MHRW and
the AM, with different correlations between parameters (indicating sampling from a different joint
posterior distribution), and a much higher log-likelihood value for the best parameter, indicating a
better fit to the data. This suggests that the two simpler algorithms were not able to explore the
parameter space as efficiently and did not identify the best region, despite the higher information
content of the priors. A possible cause for this difference is the automatic computation of both scale
and orientation in the DEMC: these are both user-defined in the MHRW algorithm, while only
orientation is internally computed in the AM leaving scale as a user-defined setting. Since the
optimal combination of scale and orientation is dependent on the prior distributions and on the data,
the user might need several attempts to find it, making the calibration process even more time-
consuming. We used the same values of scale (for MHRW and AM) and orientation (for MHRW)
for both our simulations, and this could explain the difference in results between the algorithms.
Since it was shown to be the same, the efficiency of the three considered algorithms in reaching
convergence should not drive their choice. We suggest the DEMC algorithm as the best choice in
this case study, due to its better result with informative priors and, more importantly, its automatic
computation of both the scale and orientation of the MCMC sampling. In a recent study, Lu et al.
(2017) showed similar findings when applying the AM (based on a single chain) and the DREAM
(based on multiple chains) algorithms to the same dataset, suggesting DREAM as the optimal
choice.

We also investigated the impact of the multiplicative structure of Prelued on the calibration
efficiency. Equifinality would be its most likely consequence: namely, the optimal parameter set is
not uniquely defined. Instead, there may be many sets of parameters that all fit the data more or less
equally well (Franks and Beven, 1997; Hollinger and Richardson, 2005; Schulz et al., 2001). This
usually results in a delayed convergence, and can lead to high posterior correlation between

parameters. These correlations could also be due to model overparameterization, which is known to
20
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lead to slow convergence (Rannala, 2002). The very high posterior correlation coefficients between
some of the parameters of Prelued (>= 0.9) indicate a linear relationship between them. In most of
the cases this relationship is a result of over-parameterization, especially when the parameters are
empirical and therefore not necessary for a physical or physiological reason. In case of Prelued, the
parameters that were found to be correlated have a similar role in the model structure: § and y are
both involved in the response to APAR, while X, and S,,,.x are both involved in the response to
temperature. Given their similar role and their empirical nature, it is very likely that they are

redundant and not all strictly necessary.

Despite its less multiplicative structure, the LUE model by Horn and Schulz (2011a) showed the
same convergence problems as Prelued when calibrated with a Bayesian approach (Fig. 3). This
difference in model structure should have conferred to this model a strong advantage over Prelued
before the calibration: this was confirmed by the BMC procedure that resulted in a prior probability
for this model twice the one of Prelued. Moreover, the prior distributions for this model carried
more information than the ones of Prelued (due to their smaller extension), which should have
facilitated its calibration even more. These advantages, however, resulted in even slower
convergence than Prelued. Therefore, the comparison of these two models suggested that the
extreme multiplicative structure of Prelued was likely one of the factors responsible for the
difficulties in the calibration, but a less multiplicative one can be affected by the same issues as
well.

Even if LUE-type models are largely empirical, in contrast with Prelued they usually also rely on
parameters with physiological meaning. The use of these models thus gives insights on ecosystem
characteristics and behaviour, and allows for comparison between different models. For example,
the well-known and widely applied 3PG model (Landsberg andWaring, 1997) has the same
mathematical properties as Prelued, even if not so multiplicatively extreme, but beside on few
empirical ones, it also relies on a number of parameters with physiological meaning. Therefore,
alongside the strong multiplicative mathematical structure, the problems in calibrating Prelued and
the Horn and Schulz (2011a) model were likely due to the indefinite nature of the empirical
parameters, neither ecological nor physiological, and on their relatively high number.

The posterior model evaluation carried out for the calibrations that resulted in proper convergence
showed that Prelued's structure is not inadequate for estimating GPP in forest ecosystems, when
extra care is taken in the calibration process. If it were, the model would have had difficulties in
reproducing the data, even after calibration, on the same site and period of simulation, which is not

the case. Also in a recent study, Bagnara et al. (2015) concluded that Prelued is able to reproduce
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GPP in contrasting environmental and climatic conditions and different biomes, if a careful site-
specific calibration on the period of simulation is performed. In this study, after the reaching of
proper convergence was assured, Prelued was able to reproduce GPP also in a different year than
the one it was calibrated on. The model results were insensitive both to the algorithm applied and to
the prior distributions used, and highlighted the issue of equifinality: even when the calibration
resulted in different optimal parameter values between algorithms, the model results were very
similar as well as their goodness-of-fit.

Concerning the goodness-of-fit, it must be pointed out that different parameter sets generated
different log-likelihood values between algorithms with informative priors, but very similar R? and
RMSE. This is due to the fact that the data uncertainties are taken into account only to calculate the
log-likelihood, while the R? and the RMSE do not depend on them. In the case of Prelued, the
parameter values identified as optimal with the DEMC algorithm cause a slightly better fit to the
data for a few days in winter and autumn, when the data uncertainties are relatively large compared
to the absolute value of the data: this could cause a discrepancy between the log-likelihood and the
other measures of goodness-of-fit, highlighting the importance of applying several goodness-of-fit
indices in order to distinguish between parameter values that cause similar model outputs.

Many substantial questions arise from the difficulties in calibrating a simple LUE model such as
Prelued, especially considering that those difficulties are not specific to this particular model: the
model by Horn and Schulz (201 1a), despite its less multiplicative structure, presented the same
issues. Both models rely on a LUE approach, and many LUE models have been, and still are, used
for research and management purposes. To our knowledge, modelling studies applying LUE models
mainly focus on the ability of a model to reproduce the data, but there are no studies focusing on the
difficulties in calibrating such models. To meet with problems in calibrating such simple models
was surprising, but it brought to our attention an issue that, to our knowledge, had not been studied
before in the field of forest modelling. Several well accepted studies and models could be affected
by similar problems, and there is a need for a more careful approach to calibration to solve potential
problems, which have been rarely mentioned before.

Due to the extreme difficulties in obtaining reliable parameter estimates from the calibration
procedure, the advantages of using a computationally fast and mathematically simple model were
lost. In the light of these findings, a more complicated structure may have to be applied to LUE-
models. For example, including Prelued as a module in a more structured model (like its successor
PRELES, Minunno et al. (2016)) could reduce the difficulty in calibration, and better constrain the
parameter values by allowing a calibration on multiple variables (instead of on GPP alone). It

should also be pointed out that this kind of model does not allow to compare model estimates
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against actual data: GPP is not measured, it is derived from NEE or estimated from remote-sensing
data. So, NEE would be a preferable model output against which to calibrate, and it should be
included in LUE models via combination with a respiration model. Another important point relates
to the empirical nature of the parameters: when possible, the use of parameters with no physical or
physiological meaning should be avoided, in order to rely on the physiological basis of GPP as

much as possible.

5. Conclusions

In this study, we compared the performance of three different Markov Chain Monte Carlo-based
algorithms within a Bayesian framework to calibrate two Light Use Efficiency models (Prelued and
the Horn and Schulz (2011a) model). The application of the three different algorithms of increasing
complexity (Metropolis-Hastings Random Walk, Adaptive Metropolis, Differential Evolution
Markov Chain) with different number of iterations showed that all three MCMC-methods were
similarly effective in reaching convergence. For all of them, a very high number of iterations (10°)
was required for the Markov Chain to stabilize in the convergence region. This was due to the
combination of at least two different factors: a strongly multiplicative mathematical structure,
coupled with empirical parameters with neither ecological nor physiological meaning. In this
extreme situation, even very well-defined and informative prior distributions proved insufficient to
reduce issues related to slow convergence.

Our analysis suggests that this problem is not specific to a single model, but could affect several
LUE-based models. We therefore strongly recommend a more careful approach to calibration to
solve potential problems when applying models characterized by a multiplicative mathematical
structure, especially when predictions are made based on calibration results.

We identified the DEMC algorithm as the best choice in this case study, even if its efficiency was
similar to the other algorithms used, due to the advantages of automatic computation of both the
scale and orientation of the MCMC sampling and to the better results in exploring parameter space
with informative prior distributions. Finally, we recommend inclusion of NEE in LUE-models by
combining them with ecosystem respiration models, to allow comparisons with actual measured

eddy-covariance data rather than indirectly derived quantities such as GPP.
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