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Key Points:

« Plant functional subtypes are introduced and separately calibrated against MODIS
FPAR observations to improve modeled vegetation estimates

« The calibration globally reduces the model error and bias with respect to obser-
vations with a neutral impact on the correlation skill

« Changes to the modeled vegetation activity propagate into the broader model eco-

hydrology
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Abstract

An empirical model calibration approach is presented that aims to approximate miss-
ing biosphere processes in a global land surface model without the need for substantial
model structural changes. The strategy is implemented here using the NASA Catchment-
CN land surface model and Moderate Resolution Imaging Spectroradiometer (MODIS)
observations of the fraction of absorbed photosynthetically active radiation (FPAR). Ex-
isting plant functional types (PFTs) of the Catchment-CN model are divided into 3 sub-
types, based on the bias between the model simulated and MODIS observed FPAR. Sep-
arate sets of vegetation parameters for each subtype are then calibrated at a small num-
ber of grid cells with homogeneous, single-PFT land cover, using MODIS FPAR refer-
ence observations from 2003-2009. The effectiveness of the empirical approach at improv-
ing the realism of modeled vegetation dynamics is investigated with two global model
simulations for the period 2010-2016, one using the newly calibrated parameter values
and the other using the original values. Globally, the calibrated parameters reduce the
RMSE of the modeled FPAR with respect to MODIS by 0.029 (approx. 10% ) on av-
erage. In some regions, substantially larger RMSE reductions are achieved. RMSE re-
ductions are primarily driven by model bias reductions, with neutral effects on the tem-
poral correlation skill. While the empirical approach is suitable for achieving consistent
model improvements, it is shown to be sensitive to the characteristics of the model er-
ror, specifically a dominance of the bias component in the case of Catchment-CN. Ul-
timately, more fundamental model structural changes may be required to achieve bet-

ter improvements.

Plain Language Summary

Plants impact the exchange of water, energy, and carbon between the land surface
and the atmosphere and are thus one of the key factors controlling land-atmosphere in-
teractions. Because vegetation also evolves more slowly than the atmosphere, being able
to correctly model vegetation activity is important to make accurate predictions of at-
mospheric behavior, for example for weather or seasonal forecasts. This study presents
an approach to introduce more vegetation types in a land surface model and to use satel-
lite observations of vegetation activity to calibrate the parameters that describe the be-
havior of each vegetation type. We show that using this approach results in better model

simulations of vegetation activity globally compared to observations. We also show that
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changing the vegetation has wide-reaching consequences on other model components, in-

cluding the water and carbon cycle at the land-atmosphere boundary.

1 Introduction

In the context of global Earth system modeling, one of the primary functions for

land surface models is to provide accurate estimates of terrestrial water, energy and car-

bon fluxes to serve as boundary conditions for atmospheric model simulations (e.g. (Holtslag

& Steeneveld, 2011)). The land states impact the atmosphere via two primary pathways:
(1) through direct fluxes from the soil to the atmosphere (primarily controlled by soil
moisture) and (2) via the surface vegetation. The longer memory of land surface states,
such as soil moisture and vegetation and their related surface fluxes, can contribute to

improved predictions of mean atmospheric behavior weeks or even months in advance.

The link between soil moisture and atmospheric states has been extensively inves-
tigated (e.g., (R. D. Koster et al., 2004; Dirmeyer et al., 2018)) and dedicated soil mois-
ture satellite missions such as the Soil Moisture and Ocean Salinity (SMOS, (Kerr et al.,
2012)) and Soil Moisture Active Passive (SMAP, (Entekhabi et al., 2010)) missions have
contributed to improved understanding and modeling of these processes. By compari-
son, the role of the vegetation has received little attention, despite being the largest con-
tributor to surface fluxes (Good et al., 2015). Through photosynthesis plants move wa-
ter from the root zone to the atmosphere (transpiration), while at the same time fixing
atmospheric carbon dioxide. The efficiency of carbon uptake and transpiration depends
on the ecosystem sensitivity to climatic drivers (e.g., (Poulter et al., 2013)), particularly
during extreme events (Tardieu & Simonneau, 1998). Furthermore, vegetation helps de-
termine the surface albedo and surface roughness, intercepts precipitation, and reduces
surface runoff (e.g., (Zhang et al., 2015)). In short, the vegetation state exerts a key con-
trol on surface water and energy partitioning and the associated response of terrestrial
water, energy and carbon fluxes to environmental drivers. Through this control, the in-
fluence of vegetation propagates to other parts of the Earth system, such as near-surface
atmospheric states (temperature, humidity), the planetary boundary layer (De Kauwe

et al., 2017), and precipitation.

The current generation of land surface models typically uses Dynamic Vegetation

Models (DVMs) to simulate the dynamic response of vegetation to environmental drivers,
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with variations in sensitivity to those drivers characterized through so-called Plant Func-
tional Types (PFTs) (e.g., (Cox, 2001; Sitch et al., 2003; Oleson et al., 2010)). An ex-
ample of this is the NASA Catchment-CN land model, which combines the land surface
energy and water budget calculations of the Catchment land model with the carbon and
nitrogen modules of the Community Land Model (CLM) (section 2.1). Initial simula-
tions show that Catchment-CN can discern some of the variability in plant responses to
environmental drivers, though with some strong biases with respect to observations (Fig-
ure 1(a)), and generally only produces a fraction of the observed temporal variability (Fig-
ure 1(c); see also R. D. Koster et al. (2014) and Lee et al. (2018)). The model also un-
derestimates the observed variability within vegetation types, a known issue associated
with the characterization of vegetation responses through PFTs (e.g., (Konings & Gen-
tine, 2017)). Such errors in the modeled vegetation phenology can result in modeled sur-
face water and energy fluxes that are out of phase or biased. This can lead to substan-
tial biases in near surface states, such as air temperature and relative humidity, as well
as a misrepresentation of soil moisture dynamics — problems that persist at the monthly

and longer timescales often associated with vegetation anomalies.

Generally, there are three strategies for addressing errors in the modeled vegeta-
tion phenology. The first involves changes to the model structure, for example by includ-
ing missing model processes or replacing existing vegetation parameterizations with more
sophisticated process representations. Examples are the inclusion of plant hydraulics (Sperry
& Love, 2015; Anderegg, 2015), vegetation mortality (McDowell et al., 2018), or legacy
effects after extreme events (Anderegg et al., 2015). This approach, while appropriately
grounded in the understanding of vegetation physics, tends to be time and labor inten-
sive and poses the risk of increased model complexity, which is not always desirable. The
second strategy, employed here, is to optimize the values of the model parameters within
the existing modeling framework, the idea being that the existing framework, deficient
as it might be, could be made to work better. This approach is simpler than the first,
though it is less tailored toward correcting specific model deficiencies. The third strat-
egy to improve model estimates is through the assimilation of observations. This approach,
of course, can only impact model skill within a finite spatial and temporal interval de-

fined by the availability of observations.

The objectives of the present study are (i) to optimize the Catchment-CN vege-

tation parameters to extract as much physical realism as possible from the existing mod-
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eling framework and (ii) to quantify the resulting impact on the accuracy of modeled veg-
etation dynamics across the globe. Specifically, we use a two-pronged approach. First,
we use the bias of modeled vegetation with respect to observations from the Moderate
Resolution Imaging Spectroradiometer (MODIS) to divide the model’s existing PFTs
into subtypes. Secondly, we use the same MODIS observations as a reference to calibrate
the model’s vegetation parameters for each new subtype at a small number of model grid
cells with a mostly homogeneous, single-PFT land cover. In effect, we increase the num-
ber of model PFTs by a factor of three, with the parameters for each PFT independently
calibrated in such a way as to allow the model to reproduce, to the fullest extent pos-
sible, observed vegetation variability and sensitivity to climatic drivers at the calibra-
tion sites. We assess the overall effectiveness of our procedure through the evaluation,
against MODIS observed vegetation dynamics, of two 7-year global model simulations

— one using the newly expanded catalogue of PFTs and calibrated parameters and the
other using the original Catchment-CN model. We use the same global simulations to

assess the broader hydrological impacts of our changes.

We should emphasize that while the approach is applied here to the Catchment-
CN model, the findings have broader significance. Our overall strategy for optimizing
model parameters could, in principle, be applied to any DVM. That is, the success (or

lack of success) we find here should have implications for DVM development in general.

The paper is structured as follows. Section 2 describes the Catchment-CN land sur-
face model and MODIS observations used to develop and test the proposed empirical
approach. Section 3 explains the methodology used to introduce the PFT subtypes, cal-
ibrate the vegetation parameters, and evaluate the modified model. Section 4 presents
the results of the model calibration and evaluation, and section 5 discusses the findings

of this study and presents conclusions regarding the efficacy of the proposed approach.

2 Model and Data
2.1 Catchment-CN

In this study we use the NASA Catchment-CN land model (R. D. Koster et al.,
2014) to investigate how the introduction and calibration of PFT subtypes can lead to
more realistic simulations of vegetation behavior. Catchment-CN is a hybrid of the NASA

Catchment model (R. D. Koster et al., 2000; Ducharne et al., 2000) and CLM, version
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4 (Oleson et al. (2010)). Simply put, the hybrid merges the Catchment model’s water
and energy budget framework with the CLM carbon and nitrogen dynamics for carbon
reservoir and carbon flux calculations and with CLM’s photosynthesis-based estimates
of canopy conductance. The hybrid nature of Catchment-CN has a distinct impact on
all modeled quantities, enough so that Catchment-CN is not simply equivalent to CLM
in its simulation of vegetation and carbon behavior. Specifically, Catchment-CN inher-
its Catchment’s advanced treatment of land surface hydrology, which ties the subgrid
variability of soil moisture and temperature to a description of the topographic variabil-
ity (cf. Fig. 2 in R. D. Koster et al. (2014)), allowing Catchment-CN to differentiate be-
tween vegetation properties in valley bottoms, hillsides, and hilltops. Carbon prognos-

tic variables in Catchment-CN are followed independently in these three hydrological zones,

allowing the vegetation in the different zones to respond to zone-specific hydrological states.

Catchment-CN was exercised extensively in a coupled land-atmosphere system by R. Koster

and Walker (2015).

Catchment-CN specifies 19 PFTs (Table 1) derived from ESA GLOBCOVER data
(Arino et al., 2007; Bontemps et al., 2011), with up to 4 coexisting PFTs in each model
grid element. The default number of types we would apply is two per element, but ini-
tial model simulations showed that the temperature stress control for the cropland, tem-
perate grassland, and temperate shrubland PFTs led to an unrealistic vegetation shut-
down during cold spells. To mitigate this, these three PFTs were split (in the standard
Catchment-CN implementation) into two subtypes each, with one subject to a “mois-
ture stress control” only and the other subject to a “moisture stress and deciduous con-
trol”. The “moisture stress only” PFTs occur exclusively equatorward of 32°, and the
“moisture and deciduous stress” PFTs occur exclusively poleward of 42°. A linear blend

of both types is applied between 32° and 42°.

Model simulations with Catchment-CN are driven with surface meteorological data
at 0.5°x0.625° resolution from the Modern-Era Retrospective analysis for Research and
Applications, Version 2 (MERRA-2; (Gelaro et al., 2017)). The precipitation forcing data
are corrected using global gauge-based observations from the NOAA Climate Prediction
Center Unified (CPCU; (Xie et al., 2007)) product (except over Africa and poleward of
62.5°N/S latitude), after scaling the CPCU product to the climatology of the Global Pre-

cipitation Climatology Project (GPCP) v2.2 pentad precipitation product (Adler et al.,

2003). Details of the precipitation correction approach are discussed in Reichle et al. (2017).
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The MERRA-2 background precipitation is also scaled to the GPCP v2.2 climatology
(Reichle et al., 2019).

Here we run model simulations on the 9-km resolution Equal-Area Scalable Earth
grid version 2 (EASE v2; (Broduzik et al., 2012)), with up to 4 PFTs in each grid cell,
and diagnose daily estimates of model Fraction of absorbed Photosynthetically Active
Radiation (FPAR) — estimated from modeled incident and absorbed photosynthetically

active radiation.

2.2 MODIS FPAR

As a reference to calibrate the Catchment-CN vegetation parameters, we use ob-
servations of FPAR from MODIS flown aboard the Terra (since 1999) and Aqua (since
2002) satellites. The decision to use FPAR observations is driven by the fact FPAR is
more directly linked to the raw MODIS reflectances than the leaf area index. This means
that FPAR values and - by extension - differences between observed and modeled FPAR,
are less dependent on specific assumptions in the satellite retrieval algorithm, thus re-
ducing the risk of the algorithm-related differences being aliased into the parameter val-
ues during the calibration. Furthermore, the computation of FPAR within the Catchment-
CN model is straightforward, making FPAR an attractive choice for the calibration vari-

able.

Here we use the MODIS Collection 6 joint Aqua/Terra FPAR product (MCD15A2H,
(Myneni et al., 2015)), provided as 8-day composites with a 500-m resolution on a sinu-
soidal grid. The FPAR is estimated with a look-up table-based procedure that uses MODIS
red (648nm) and near-infrared (858nm) reflectances in addition to vegetation and view-
ing geometry ancillary information. Details about the processing of the MODIS FPAR

observations for the Catchment-CN parameter calibration are provided in section 3.2.

3 Methodology

Central to our modification of the Catchment-CN vegetation module are (1) the
introduction of multiple subtypes per PFT, and (2) the calibration of vegetation param-
eter sets for each subtype using MODIS FPAR observations as a reference. We will in-
troduce 3 subtypes for each PFT, reflective of the model’s FPAR bias with respect to

MODIS. The idea is simple — we assume that the original PFT designations used in the
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Catchment-CN model are too limiting, as they do not account for significant within-PFT
variations in behavior. For instance, the PFT designation “needleleaf evergreen temper-
ate trees” does not capture the differing behaviors of pine trees and spruce trees. Within
a given PFT, we group together those locations for which the FPAR bias is positive (neg-
ative), assuming that the vegetation in these locations indeed behaves similarly and is
distinct, in terms of optimal parameter values, from that in locations with a different di-
rection of bias. In other words, we assume that the bias with respect to MODIS reflects
intra-PF'T differences in vegetation characteristics and can be used to inform the intro-

duction of new PFT sub-types.

Specifically, the first subtype we define uses the default vegetation parameters of
the current Catchment-CN; this type is assigned to locations for which the absolute bias
between the model and MODIS FPAR falls below a threshold of 0.05 and for which the
model performance is thus already considered acceptable. The second/third subtype is
assigned to those locations where the model is positively /negatively biased with respect
to MODIS. Vegetation parameter sets are separately calibrated for these latter two sub-
types. Hereafter, we will refer to the first, second and third subtypes as the ‘neutral sub-
type’, ‘positive subtype’ and ‘negative subtype’, respectively, and — when discussing the

calibration exercise — use ‘subtypes’ as a summary term for the positive and negative sub-

types.

In summary, we first identify suitable Catchment-CN vegetation parameters to be
included in the calibration (section 3.1). Next, we prepare the MODIS reference obser-

vations (section 3.2). The parameter calibration then consists of 3 steps for each cali-

brated PFT: (1) select suitable calibration locations (section 3.3.1), (2) calibrate the Catchment-

CN parameters separately at all selected locations (section 3.3.2), and (3) from the cal-
ibrated locations, select the parameter sets that achieves the largest general error reduc-
tion (section 3.3.3). The parameter calibration is conducted using the MODIS data pe-
riod 2003-2009, a period independent of that used later to evaluate the calibration at the

global scale (section 3.4).

3.1 Calibration Parameter Selection

To select which model vegetation parameters to calibrate, we analyzed the sensi-

tivity of the modeled FPAR estimates to perturbations in a number of candidate Catchment-
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CN parameters (not shown). Only parameters that led to a significant change in mod-
eled FPAR when varied across their physically reasonable range (as informed by liter-
ature) were included in the calibration exercise. These parameters, which are listed in
Table 2, can be broadly grouped into three categories: (i) parameters controlling the tim-
ing of vegetation activity through leaf-out, senescence, and carbon and nitrogen storage,
which impacts the model’s correlation skill; (2) parameters controlling photosynthetic
efficiency, which impacts the model bias, and (3) optical parameters controlling the veg-

etation radiative properties.

3.2 MODIS Pre-processing

To prepare the MODIS FPAR observations for their use as a reference in the Catchment-
CN parameter calibration we implement 5 pre-processing steps, as listed below. For the
MODIS observations used to validate the global model simulation (section 3.4), only steps

1 and 2 are implemented.

1. Quality Control. The MODIS FPAR observations are quality controlled using the
flags provided with the product. Following the approach of Stockli et al. (2011),
we remove observations impacted by dead detectors, cloud presence or unclear con-
ditions, as well as those marked with flags indicating a failed retrieval, non-land
pixels, snow or ice, internal cloud mask, or cloud shadow (Myneni & Park, 2015).

2. Aggregation to 9-km grid. The MODIS FPAR observations are aggregated from
their original 500-m resolution to the model’s 9-km resolution through a simple
averaging of all MODIS data points whose center falls within a 9-km model grid
cell.

3. Spectral Noise Correction. We use a spectral filter to remove residual noise in
the MODIS observations still present after the quality control and aggregation steps.
The filter employs a Fast Fourier Transform to compute the power spectrum of
the MODIS time series separately for each calibration location. Next, all frequen-
cies with a power less than the 99th percentile are removed in order to retain only
those MODIS signatures reflective of the seasonal phenology. Finally, the inverse
FFT is applied to obtain a noise-corrected MODIS time series.

4. Computation of Mean Seasonal Cycle. The objective to improve the Catchment-

CN simulated phenological cycle drives our decision to calibrate the model against
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the MODIS FPAR mean seasonal cycle rather than against the raw yearly-varying
MODIS data. In each calibration location, we estimate a 366-point mean seasonal
cycle by averaging all MODIS FPAR observations from the same day-of-year in
the calibration period 2003-2009, and assuming that the MODIS 8-day compos-
ite FPAR represents the FPAR for each of the 8 days. We subsequently smooth
the 366-day mean seasonal cycle using a 5-day moving window centered on the cur-
rent day.

5. Scaling of MODIS Mean Seasonal Cycle for deciduous tree PFTs. Catchment-
CN does not simulate vegetation in the understory that is nevertheless observed
by MODIS. This may explain large differences between simulated and MODIS-
based FPAR during winter for deciduous tree PFTs, a difference that cannot be
rectified without a fundamental change in model structure. In fact, forcing the cal-
ibrated FPAR to the nonzero value observed by MODIS during winter for a PFT
that lacks leaves in the winter months, would result in parameter values that are
not optimal for the growing season months. To prevent this, we scale the MODIS
mean seasonal cycle for deciduous tree PFTs to match the model simulated FPAR
minimum in the winter months. Specifically, the dynamic range of the MODIS mean
seasonal cycle [MOD i, MOD,p4.] is scaled to the new range [CCNypin, MOD 2],
where M OD,, 4, and MOD,,;, are the maximum and minimum, respectively, of
the MODIS FPAR mean seasonal cycle at each location and CC Ny, is the min-
imum of the Catchment-CN FPAR mean seasonal cycle. This scaling step is ap-
plied only for deciduous trees (PFTs 3, 7, and 8; Table 1), which in the model are

photosynthetically inactive during winter.

3.3 Calibration
3.3.1 Selection of Calibration Locations

The objective of our study is to introduce separately calibrated PFT subtypes that
are able to improve the global simulation of vegetation behavior. The parameter set for
a given positive (or negative) PFT subtype is calibrated at 10 locations that: (i) are found
in areas homogeneously covered by the PFT, (ii) provide a reasonable sample of the ge-
ographic areas where the PFT occurs, and (iii) are representative of the corresponding
median positive (or negative) bias between the original model and the MODIS obser-

vations across the globe.

—10—



208 The selection of the calibration locations is schematically illustrated for one pos-
2090 itive subtype in Figure 2 and described in more detail as follows. For a given PFT, we

300 first identify all locations with the same dominant PFT in both the model and MODIS-

301 derived PFTs, requiring both datasets to indicate a homogeneous PFT cover, defined
302 here as an area fraction in excess of 95% (Step 1 in Figure 2). The resulting set of can-
303 didate locations is then subjected to a 5-element k-means clustering of their geographic
304 location (latitude and longitude) to obtain 5 clusters that represent different geographic
30 regions (Step 2 in Figure 2). From each of the 5 clusters, we then select two locations
306 that are representative of the median positive bias of the original model and two more
307 locations that are representative of the median negative bias (Step 3 in Figure 2). Two
308 locations are chosen for both the positive and negative sub-type to provide a robust num-
300 ber of 10 calibration locations for each sub-type, while also keeping the overall compu-
310 tational cost of the calibration at a feasible level.

a1 To estimate the median positive and negative bias for each PFT, we first compute

312 the global model vs. MODIS bias distribution separately for each PFT. At each model

313 grid cell with multiple PFTs, we use a small number of neighboring grid cells to unmix

314 the bias contribution of each PFT (described in detail in Appendix A). The resulting

315 global, PFT-specific bias distributions (Figure 3) are then used to estimate the median

316 positive and negative bias value for each PFT, after removing (absolute) bias values smaller

a7 than 0.05, the threshold for the neutral subtype.

318 Finally, after determining this typical, PFT-specific bias for each PFT subtype, we
319 now choose the two locations from each of the 5 geographic clusters of candidate loca-
320 tions such that the model bias at these two locations is closest to the typical bias of the

321 PFT-subtype in question (pink diamonds in Step 3 of Figure 2; plotted on map in Step
322 4 of Figure 2). Owing to the rarity of some of the PFTs, it was not always possible to
323 identify 10 calibration locations that fulfilled all of the above selection requirements, and
304 as a result, fewer than 10 calibration locations were used for some subtypes of PFTs 7,

325 8, 15 and 16 (Table 1). No suitable calibration locations could be identified for PFT 9,

326 which was therefore not calibrated at all. In addition, crops are strongly influenced by
307 human-driven processes such as irrigation and harvesting, which are observed by MODIS
38 but not represented in Catchment-CN. We do not expect the calibration to perform sen-

329 sibly over cropland, and thus exclude crop PFTs 18 and 19 from the calibration. Fig-

330 ure 4 shows a map of the final set of calibration locations.

—11-
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3.3.2 Calibration at Selected Locations

Here we use the Particle Swarm Optimization (PSO) algorithm developed by Kennedy
and Eberhart (1995) to calibrate the Catchment-CN vegetation parameters at the se-
lected calibration locations. The PSO algorithm employs an ensemble of trajectories (par-
ticles) to explore the solution space. The state of each particle is characterized by its po-
sition p, i.e., values of a possible solution (here, possible values of Catchment-CN veg-
etation parameters), and its velocity v, i.e., a combination of the direction and step size
in which that particle explores the solution space. After initialization, the particle states
are iteratively updated until an optimal solution (position) is found. Relatively unique
to the PSO approach is that the update to a particle’s state on each iteration is guided
by the particle’s own best solution encountered (cognitive aspect) as well as the best so-
lution encountered globally across all particles (social aspect). Specifically, for particle

n and iteration 4, the new position and velocity are computed using:
Un,i+1 = W;iUn i + Clrml(pbest;n - pn,i) + C2rn72(pbest,global - pn,i) (1)

DPnyi+1 = Pn,i + Unji (2)
where ppest,n is the best solution encountered by particle n on its trajectory, pyest,giobal
is the best global solution encountered across all particle trajectories, and 7, 1 and ry 2
are random numbers. The second and third terms in Eq. 1 are the cognitive and social
term, with their respective weights ¢; and co. The values chosen for ¢; and ¢y allow a
trade-off between a thorough exploration of the solution space (with a higher weight given
to the cognitive aspect) and a fast convergence (with a higher weight given to the so-
cial aspect). Finally, the term w; is the inertia weight that constrains the velocity term
and provides control over a particle’s wide-spread exploration of the solution space (for

large w;) or thorough exploration around possible solutions (for small w;).

Each iteration of the PSO algorithm consists of 3 steps: (1) evaluating the skill of
each particle position in terms of a defined cost function, (2) updating the best individ-
ual and global solution (if applicable), (3) updating each particle’s state according to Eq.
1 and 2.

In our study, the solution space is spanned by the Catchment-CN vegetation pa-
rameters defined in section 3.1, i.e., each element of the particle position vector corre-
sponds to one of the calibration parameters. The particle positions are initialized by sam-

pling from a uniform distribution spanning the range of physically reasonable values for

—12—
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each parameter, defined from literature and expert knowledge. The cost function to be

minimized is the root mean-squared error (RMSE) between the model simulated and MODIS

observed FPAR mean seasonal cycles. The choice for the PSO algorithm weights are guided
by the PSO performance analysis of Trelea (2003), as well as by the similar calibration
exercise of De Lannoy et al. (2013); the values for w;, ¢; and cq are set to 0.8, 0.7 and
1.3, respectively. Following the findings of Engelbrecht (2006) that 30 particles are suf-
ficient for calibrating hydrological models, we choose 28 particles to allow for optimal
parallelization of the calibration algorithm on the computing platform used for this study.
We enforce a minimum number of 10 iterations and introduce a stopping criterion that
halts the calibration when the global best position pyest,giobar has not been updated for

a consecutive 10 iterations.

Parameters are optimized separately for each of the calibration locations introduced
above. Seven year runs of the model (2003-2009) produce a model simulated mean sea-
sonal cycle resolved by day that is compared to the MODIS mean seasonal cycle for that

location on each iteration of the PSO algorithm.

3.3.3 Selection of Best Parameter Sets

The calibration phase yields up to 10 new parameter sets for each calibrated PFT
subtype. The remaining task is to select, separately for each PFT-subtype, the single
calibrated parameter set that has the greatest promise of improving the model skill glob-
ally, i.e., the optimal parameter set. Figure 5 illustrates our approach. First, we use each
parameter set in a 7-year model simulation (2003-2009) at all other calibration locations
used for the same subtype. Next, the resulting FPAR simulations are evaluated against
MODIS observations at each location using the RMSE, bias and Pearson correlation co-
efficient. Finally, average skill metrics for each parameter set are computed by averag-
ing the skill at individual locations, using weights that correspond to the size of the ge-
ographic cluster from which a given location originates (see section 3.3.1). We confirmed
in a separate analysis (not shown here) that this approach resulted in the same relative
skill for each parameter set as evaluating the skill of each set in a global model simula-
tion (using all locations rather than just the calibration locations) and thus does suc-

cessfully select the parameter set that works best.
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The selection of the optimal parameter set for each PFT subtype uses a hybrid met-
ric based on both RMSE and correlation. This metric addresses the degradation in the
correlation skill that was observed for parameter sets with large RMSE reductions (see
section 4). To achieve this we ranked all parameter sets once according to their corre-
sponding RMSE reductions (with rank 1 assigned to the parameter set corresponding
to the largest average RMSE reduction) and then again in terms of their correlation in-
crease (with rank 1 being assigned to the parameter set with the largest correlation in-
crease). The optimal parameter set is chosen as the one for which the sum of both ranks

is minimized.

3.4 Global Model Validation

We use a global, multi-year simulation of vegetation dynamics to assess the impact
of introducing PFT subtypes with separately calibrated vegetation parameters. In con-
trast to the calibration locations, most model grid cells in this global simulation contain
non-negligible contributions from two or more PFTs. The simulation thus also tests the
interactions (via shared soil moisture within a given land surface element) of the cali-
brated parameters for different PFTs, an aspect that was — by construction — not ad-
dressed in the calibration. The model skill is quantified as the RMSE, bias and corre-
lation of simulated FPAR with respect to MODIS observed FPAR, and this skill is com-
pared to that of the original (uncalibrated) Catchment-CN. FPAR is simulated for the
period 2003-2016 with the last seven years (2010-2016) — i.e., the years not used in the
calibration — used to evaluate the model skill. The model simulation is conducted offline
at 9-km resolution (see section 2.1) producing daily average estimates of FPAR, which

we then aggregate to 8-day composites to match the MODIS temporal resolution.

4 Results
4.1 Performance of the PSO algorithm

As a sanity-check for our PSO algorithm, we first investigate the change in model
skill at the individual calibration locations for the calibration period (2003-2009). The
calibration algorithm is able to reduce the model RMSE with respect to MODIS at all
calibration locations (Figure 6(a)), confirming that the PSO algorithm works as intended.

The RMSE reductions are largest for PFTs 10 and 11; these PFTs featured the largest
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uncalibrated model RMSE and thus the largest potential for error reduction. Generally,

the RMSE reductions are proportional to the uncalibrated model RMSE (not shown).

For most PFTs, the RMSE reductions are primarily driven by reductions in the
model bias (Figure 6(b)). Changes in the correlation skill (Figure 6(c)) and unbiased RMSE
(ubRMSE (Figure 6(d))), i.e., the metrics that are more sensitive to the vegetation dy-
namics, are generally small and can be positive or negative . In particular, evergreen trees
(PFTs 1 and 2), for which the seasonal cycle against which we calibrate is small, show
only marginal changes in the correlation skill. The ubRMSE changes are generally smaller
in magnitude than the RMSE changes, with notable exceptions for PFTs 7, 10, 13 and
14.

4.2 Parameter Set Generalization Skill

In this subsection, we assess the ability of each of the calibrated parameter sets to
reproduce the observed vegetation phenology at all of the other calibration locations used
for a given subtype during the calibration period (2003-2009). Recall that all calibra-
tion locations have nearly or completely homogeneous land cover (section 3.3.1). Also
recall that the parameter set for a given PFT subtype was selected based on the largest

rank skill improvement for RMSE and correlation (section 3.3.3).

Generally, very few parameter sets are able to come close to the ideal rank sum of
2, indicating that the parameter sets that minimize the RMSE and maximize the cor-
relation are typically not the same set (Figure 7). This is consistent with findings from
section 4.1 that hinted at a trade-off between the RMSE and correlation skill. Never-
theless, for most subtypes it is possible to identify an optimal parameter set with a rel-
atively low value (< 10 for subtypes with a full set of 10 calibration locations) for the
selection metric, indicating a reasonable compromise between RMSE and correlations

skill (red bars in Figure 7).

When applied to all calibration locations of the same subtype, the selected param-
eter sets (i.e., those producing the red bars in Figure 7) are able to consistently reduce
the model’s RMSE with respect to MODIS (Figure 8(a)). The largest RMSE reductions,
covering a range of PFTs, are observed in South America, Central Africa and Central
Eurasia. Very few locations show a degradation of the RMSE skill, suggesting that (1)

the calibration does not over-fit the parameters to the specific calibration locations and
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(2) the calibration locations are generally representative of each other. That is, param-
eters calibrated at one location generally yield skill improvements when applied at other

calibration locations of the same PFT subtype.

As before, the RMSE reduction is largely driven by a reduction of the model bias,
evidenced by the near one-to-one correspondence of the spatial patterns of the RMSE
and bias changes (compare Figures 8(a) and (b)). The impact of the new parameter sets
on the correlation skill is for the most part neutral (Figure 8(c)). Exceptions include small
correlation increases in Central Africa and Central Eurasia at sites belonging mostly to
grassland PFTs (cf. Figure 4.) A degradation of the correlation skill is observed for sev-
eral sites belonging to evergreen PFTs in the Northern US and Canada, Eastern Rus-
sia and China, as well as the tropical forests of South America and Africa. As noted be-
fore, the small amplitude of the seasonal cycle of the evergreen PFTs impedes the cal-

ibration of their timing parameters.

The full set of calibrated parameters for each PFT subtype is provided in the sup-

plementary material.

4.3 Global Model Validation

In this subsection, we evaluate the skill of the calibrated model for the indepen-
dent period from 2010 to 2016 across the global domain, which consists primarily of grid
cells with a mix of PFTs and also samples a much greater variety of climate conditions
and vegetation characteristics compared to the handful of calibration locations with ho-

mogeneous land cover.

Compared to the original model, the calibrated version introduced here consistently
reduces the RMSE with respect to MODIS observations globally (Figure 9(a)), with an
average reduction of 0.029, corresponding to ~10% of the uncalibrated model RMSE (Fig-
ure 1(b)). Locally, the RMSE reductions can reach significantly higher values of around
0.1, for example in the broadleaf deciduous forests (PFT 6, BDtT) of Central Africa, as
well as in the needleleaf evergreen forests (PFT 2, NEbT) and cold C3 grasslands (PFT
14, CC3) of the Northern US and Canada. In particular the BDtT and NEbT types showed
considerable bias in the original model (Figure 1(a)). An increase in the model RMSE
is observed in a narrow stretch in Northeastern Eurasia that coincides with the imposed

land cover boundary between needleleaf evergreen and deciduous forests (PFTs 2 and
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3). In the model’s GLOBCOVER-based land cover (section 2.1), this boundary is located
to the north of the equivalent boundary in the MODIS-based land cover classification

(not shown here), thus causing the discrepancy seen here.

As before, the change in RMSE appears to be dominated by the change in the model’s
bias with respect to MODIS (Figure 9(b)), suggesting that the parameter calibration pri-
marily adjusts the photosynthetic efficiency parameters controlling the mean FPAR mag-
nitude. The effect of the calibrations on the model’s correlation skill is largely neutral
(Figure 9(c)), with a global average decrease of 0.005. This is likely an effect of the tim-
ing parameters taking a secondary role during the calibration process (section 5). Ex-
ceptions include small correlation skill improvements in Amazonia (PFT 4) and north-
west Australia (PFT 17). The correlation skill with respect to MODIS is slightly degraded
in eastern China and parts of the southeastern US and Mexico, where temperate needle-
leaf evergreen forests (PFT 1, NETT) are dominant. Likely, this degradation is a side-
effect of calibrating against the MODIS mean seasonal cycle in regions where the sea-

sonal cycle is generally small.

The parameter calibration reduces the model’s ubRMSE with respect to MODIS
(Figure 9(b)) by 0.004 in the global average, corresponding to ~3% of the uncalibrated
model ubRMSE (Figure 1(d)). Compared to the RMSE and bias, the ubRMSE reduc-
tions are more localized, with the largest changes in the C3 grasslands of the Northern
US and Canada. Smaller ubRMSE reductions are evident for the deciduous broadleaf
forests of Europe (PFT 7) as well as the deciduous needleleaf forests of Siberia (PFT 3).
These regions correspond to vegetation types for which the calibration was found above
to be effective at reducing the model ubRMSE (Figure 6(d)). The fact that these local-
ized ubRMSE reductions appear in the absence of corresponding improvements in cor-
relation skill suggests that the ubRMSE improvements mainly derive from an improved
model FPAR amplitude compared to MODIS. The large RMSE reductions observed over
Central Africa have no correspondence on the ubRMSE map, suggesting that these im-
provements are dominated by a model bias reduction. Overall, the relatively smaller changes
in the model ubRMSE indicate that the calibration is more effective at improving the

model’s long-term mean vegetation states than at improving the vegetation dynamics.
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516 4.4 Impact on Ecohydrology

517 Changes to the model’s vegetation phenology resulting from the parameter cali-
518 bration are expected to propagate through the system and impact the model’s overall
519 simulation of hydrologic and vegetation states as well as its simulation of energy, water,
520 and carbon fluxes. Here we quantify the changes in these quantities over the validation

521 period (2010-2016).

522 The new parameter values generally reduce the modeled FPAR, (Figure 10(a)), thereby
523 counteracting the overestimation of vegetation activity observed for the uncalibrated model
524 (Figure 1(a)). The most pronounced impacts are observed in large parts of Africa, east-

525 ern Amazonia, and the high latitudes of North America, all regions with large initial model

526 errors (Figure 1(b)). In west China and in India, where the uncalibrated model RMSE

527 was also large, the FPAR changes are relatively minor because the crop PFTs that are

528 dominant in both regions were excluded from the calibration (section 3.3.1).

529 The reduced photosynthetic activity in the calibrated model leads to substantial

530 changes in the terrestrial carbon fluxes. For example, the gross primary productivity (GPP)
531 is reduced overall (Figure 10(b)), indicating that less carbon is fixed by the ecosystem.

532 The spatial pattern of the GPP changes closely mirrors that of the FPAR changes, with
533 the largest average reductions of ~ 5 gC m~2 d~! over Africa. The large FPAR changes
534 over Africa also impact the net ecosystem exchange (NEE), increasing it by as much as

535 ~ 2 gC m~2 d~! (Figure 10(c)), indicating that the land acts as less of a carbon sink.

536 The correspondence of the spatial patterns of the NEE and FPAR change is smaller than
537 was the case for GPP and FPAR, suggesting that the NEE response may be modulated

538 by additional factors. In areas bordering the Amazon and southeast Asian tropical rain-
539 forests, the new model parameters result in slightly reduced NEE. This is a result of slight
540 increases in the model FPAR (and GPP) that are too small to be seen in Figures 10(a)

541 and 10(b) .

542 We can the model GPP changes against global, daily, 0.5 degree resolution GPP
543 estimates from FluxCom, generated through a machine learning based upscaling of eddy
544 covariance tower observations and available for the period 2010-2013 (Jung et al., 2020).

545 The parameter calibration reduces the RMSE of the modeled GPP versus FluxCom data
54 by 0.24 gC m~2 day~! in the global average with the largest GPP RMSE reductions of

547 3-4gCm~? day~! occurring in the tropical forests of Amazonia, Central Africa and
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Southeast Asia (not shown). When limiting this evaluation to model grid cells that con-
tain an eddy covariance tower, i.e., locations where the FluxCom data are expected to

be more reliable, the average RMSE reduction is 0.17 gC m~2 day~!.

The reduced vegetation activity in the calibrated model also propagates into the
model’s hydrology. This is evident in a reduced transpiration, particularly over regions
with large changes in FPAR (Figure 11(a)). For example, in large parts of Africa, the
average transpiration rate is reduced by as much as 2 mm/day. Two mechanisms drive
the transpiration changes. First, the vegetation that is present is less photosynthetically
active and thus a similar leaf area in the calibrated model will transpire less than in the
uncalibrated model. Second, over time, the reduced vegetation activity leads to a reduc-
tion of the leaf area index (not shown) and thus the plant surface area that can tran-

spire.

The above changes to the surface water fluxes are also evident in the simulated soil
moisture. The reduced transpiration of a less active vegetation means that less water is
removed from the root-zone, resulting in a generally increased root-zone soil moisture
(Figure 11(c)). Similarly, the reduced interception (as evidenced by the reduced evap-
oration of intercepted water), means that more precipitation reaches the soil surface, lead-
ing to an increased surface soil moisture (not shown) and — through infiltration — increased
root-zone soil moisture. As expected, the spatial patterns of the soil moisture changes
mirror those of the transpiration changes, with substantial soil moisture increases (on
the order of ~0.1 m3m™3) over Africa and some smaller increases over North America
and southeast Asia. Evaluated against version 6 of the SMAP radiometer Level-2 36-
km surface soil moisture product (O’Neill et al., 2019), the surface soil moisture changes
in Central Africa correspond to an RMSE reduction of around 0.1 m®m~2 (not shown).
However, since the spatial extent of the soil moisture changes is limited, the global av-

erage change in model RMSE with respect to SMAP observations is neutral.

The combination of reduced plant transpiration and evaporation from interception
leads also to an overall reduced flux of water from the land surface to the atmosphere,
as characterized by a reduced total evapotranspiration (ET, Figure 11(d)). It is evident
that the ET changes are dominated by changes to the plant transpiration, reflected in
the similar magnitude and mostly similar spatial patterns compared to the transpira-

tion changes. Exceptions to this occur over North America and northeast Africa, where
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the reduced transpiration is balanced by increased soil evaporation (not shown) result-

ing from the increased soil moisture. The effects of the leaf area reduction are also clearly
visible in the reduced evaporation of intercepted precipitation (Figure 11(b)), which gen-
erally decreases with decreasing leaf area. When evaluated against evapotranspiration
estimates from the Global Land Evaporation Amsterdam Model (GLEAM) version 3.3b
(Gonzalez Miralles et al., 2011; Martens et al., 2017) for the period 2010-2017, the changes
in model transpiration correspond to a global average RMSE increase of 0.05 mm/day
(not shown). The corresponding changes in the interception loss represent a global av-
erage RMSE reduction of 0.04 mm/day. The overall impact on the modeled evapotran-

spiration RMSE with respect to GLEAM is thus neutral.

Overall, the impact of the modified vegetation phenology on the model’s ecohydrol-
ogy is consistent with expectations, in terms of both the sign and the magnitude of the
changes. The evaluation against independent observations additionally shows that the
ecohydrology changes generally go in the right direction, i.e., the calibration generally
reduces the model error with respect to observations. The ecohydrological impact is in-
vestigated here using long-term annual means (i.e., including the dormant season). As
a result, instantaneous changes in the model’s ecohydrology can be substantially larger

than those seen in Figures 10 and 11.

5 Discussion and Conclusions

In this study we present a simple approach for introducing observations-based veg-
etation variability into a traditional PFT-based dynamic vegetation model — an approach
that does not require changing the existing model framework. First, PFTs were split into
three subtypes based on the local bias between modeled and MODIS-observed FPAR.
Next, vegetation parameters relating to photosynthetic efficiency and phenology were
calibrated against the observed FPAR for two of the three subtypes (the neutral sub-
type was left uncalibrated) using a Particle Swarm Optimization (PSO) algorithm. The
optimal parameter set for each subtype was selected as the set with the best generaliza-
tion ability and the best compromise between a reduction of the RMSE and an increase
in correlation skill. Finally, skill changes obtained with the newly calibrated Catchment-

CN relative to the original model were evaluated in a global 7-year model simulation.
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610 The use of the PSO approach to calibrate Catchment-CN vegetation parameters

611 led to improved vegetation simulations (against observations) at the calibration locations

612 (section 4.1). The effectiveness of the calibration generally scaled with the original model
613 error, leading to larger improvements where the uncalibrated model was less skillful. The

614 calibrated parameters also proved transferable, improving the model’s skill against ob-

615 servations outside the particular calibration locations (section 4.2).

616 Overall, the newly calibrated parameters were able to reduce the global average model

617 RMSE with respect to MODIS FPAR (section 4.3). Locally, the reduction in RMSE was
618 largely driven by a reduction in the model bias, with a mostly neutral impact on the cor-

619 relation skill. We attribute this behavior to the large bias of the uncalibrated model. A

620 large bias may have emphasized the calibration of the parameters controlling photosyn-
621 thetic efficiency, such as VC,qq or fcur (Table 2), over that of parameters controlling
622 the dynamics of the phenology, which were found to be less effective at reducing the bias

623 (and thus the RMSE) during the calibration. A deemphasis on the timing parameters,

624 which do have a large impact on correlation skill, may have resulted in their non-optimal
625 calibration. From this we infer that the parameter calibration might be more effective

62 if it were performed in two phases: an initial calibration of the photosynthetic efficiency
627 parameters to reduce the large model bias, followed by a calibration of the timing pa-

628 rameters to adjust the modeled phenology. A more focused calibration effort would in

620 fact be in line with previous studies that successfully calibrated model parameters tar-

630 geted at specific aspects of vegetation dynamics (e.g., (Knorr et al., 2010; Forkel et al.,
631 2014; MacBean et al., 2015)).

632 A caveat worth mentioning involves the multi-century spin-up time generally re-

633 quired to bring carbon reservoirs to full equilibrium in dynamic vegetation models. Ob-
634 viously, computational constraints make such equilibration impossible during the PSO-
635 based calibration procedure. We are thus assuming here that our calibrated parameters
636 and their impacts on the model’s ecohydrology would basically be the same if full equi-

637 libration underlay each step of the PSO algorithm. Naturally, once a set of optimal pa-

638 rameter values has been identified, a proper multi-century spin-up using these param-

639 eter values would be appropriate.

640 It is important to keep in mind that differences in modeled and observed FPAR

641 are driven by a multitude of factors beyond error in parameter values, including biases
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in the meteorological forcing data, uncertainties in the vegetation canopy radiative trans-
fer scheme or inaccuracies in the modeled vegetation processes. During any model pa-
rameter calibration, the differences caused by some of these factors will be aliased into
the parameter values. That is, the model parameters might be adjusted to compensate
for structural deficiencies, which can cause problems in other parts of the model. A sim-
ilar consideration holds for the MERRA-2 meteorological forcing data, which — although
constrained by observations — have residual uncertainties that may lead to compensat-
ing errors in the parameter values. The ideal approach would thus be to simultaneously
address these model structural deficiencies and forcing data uncertainties in tandem with
adjusting the parameter values. However, while it is important to be cognizant of the
interplay between parameters, model structure and forcing data, a more comprehensive

approach is beyond the scope of this study.

Again, the overall goal of this study was to improve the realism of the Catchment-
CN’s simulated phenology by calibrating existing model parameters only, that is, with-
out making fundamental, structural changes to the model’s dynamic vegetation mod-
ule. Our approach, we must emphasize, is not specific to the Catchment-CN model; it
could in principle be applied to any DVM, and thus our results here have broad signif-
icance. The approach does result in simulated phenology that is in better agreement with
observations globally. The average skill changes, however, are small. This suggests that
the relatively simple sub-typing introduced here is insufficient to fully capture the com-
plex processes that lead to observed intra-PFT vegetation variability. Apparently, more
comprehensive model changes are required to realistically simulate vegetation dynam-
ics and observed intra-PFT variability. Useful model changes might include, for exam-
ple, the explicit treatment of plant hydraulics (Konings & Gentine, 2017) and enhanced
representations of anthropogenic processes, such as burning, deforestation, harvesting
and irrigation. Secondary processes that could further improve the realism of simulated
vegetation include tree mortality (McDowell et al., 2018) or legacy effects from droughts
(Anderegg et al., 2015).

Another avenue for improving the simulation of vegetation processes is through the
merging of model and observation information in a data assimilation framework (e.g.,
(Fairbairn et al., 2017; Albergel et al., 2017; Fox et al., 2018; Kumar et al., 2019)). Tra-
ditional data assimilation (DA) typically requires the removal of biases between the ob-

servations and the model; however, several studies argue that in the case of phenology
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observations, the bias is informative of model deficiencies and should be retained (e.g.
Fairbairn et al. (2017)). Nevertheless, DA is only able to correct the model when and
where observations are available is thus not well-suited to correct the more systematic
model errors found for the uncalibrated Catchment-CN. However, DA does represent an
attractive tool to inform the day-to-day vegetation dynamics during periods when ob-
servations are available, perhaps alleviating the often poor correlation skill found with

respect to MODIS observations.
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Appendix A Estimation of PFT-specific global bias distribution

As part of the calibration location selection process, we compute the median bias
with respect to MODIS for each PFT subtype. To this end, we first estimate the global
model vs. MODIS bias distribution separately for each PFT (Figure 2). For grid cells
containing a single PFT, this is simply the long-term bias between modeled and MODIS-
observed FPAR computed over the period 2003-2010. In mixed grid cells, we disaggre-
gate the bias contribution from each PFT through a multi-linear regression applied over
a center grid cell and its 24 neighbors (Step 1 in Figure A1l). We make the assumption
that similar environmental conditions lead to similar model biases for a given PFT, with
variations in the total model bias across neighboring grid cells driven by the varying area
fraction of the contributing PFTs (Step 2 in Figure Al). The (additional) implicit as-
sumption here is that within the area defined by the neighbor grid cells no mixing of PFT
subtypes occurs. Based on these assumptions, we can construct the following system of

equations:

b:1 = ai11b1 +a21b2 +a3,103 + aq1bs

(A1)
bios = a1,25b1 + ag.25b2 + a3.2503 + a4,2504

where b; ,, is the total bias in grid cell n, b, is the bias of PFT p, assumed constant over

the 25 grid cells, and a,,, is the known area fraction of PFT p in grid cell n. We require

at least 5 data points b; , to attempt a solution. The above system can then be solved

for the PFT-dependent biases by, resulting in a global bias map for each PFT (Figure

A1 Step 3). As a last step, the bias distribution for each PFT can be used to identify

the median positive and negative bias after removing bias values that fall into the ‘neu-

tral’ zone [-0.05 0.05].
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Table 1.

Catchment-CN plant functional types

Nr. Abbreviation Name # cali-
bration
locations

1 NETT needleleaf evergreen temperate trees 20

2 NEbT needleleaf evergreen boreal trees 20

3 NDbT needleleaf deciduous boreal trees 20

4 BEtT broadleaf evergreen tropical trees 20

5 BETT broadleaf evergreen temperate trees 20

6 BDtT broadleaf deciduous tropical trees 20

7 BDTT broadleaf deciduous temperate trees 12

8 BDbT broadleaf deciduous boreal trees 3

9 BETS broadleaf evergreen temperate shrubs n/a

10 BDTS broadleaf deciduous temperate shrubs 20

11 BDTSm broadleaf deciduous temperate shrubs (mois- | 20

ture stress only)

12 BDbS broadleaf deciduous boreal shrubs 20

13 AC3 arctic C3 grasses 20

14 CcC3 cold C3 grasses 19

15 CC3m cold C3 grasses (moisture stress only) 12

16 WC4 warm C4 grasses 3

17 WC4m warm C4 grasses (moisture stress only) 20

18 CROP crops n/a

19 CROPm crops (moisture stress only) n/a
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Table 2.

Catchment-CN vegetation parameters included in the calibration. Shown are the

parameter name, description, and units. Also shown is the parameter characterization as timing

parameters (t), photosynthetic efficiency parameters (e), and optical parameters influencing the

vegetation radiative properties (o).

Name Description Units parameter
type
ndays,, number of days to complete leaf-onset days t
ndayse s f number of days to complete leaf offset days t
crit. dayl. critical day length for offset seconds t
gdd q constant in calculation of critical onset growing degree-day sum | - t
gddeo constant in calculation of critical onset growing degree-day sum | - t
SWigp onset soil water index - t
SWioff offset soil water index - t
o leaf reflectance (visible) - o
Ps stem reflectance (visible) - o
feur fraction of allocation that goes to currently displayed growth, - e
remainder goes to storage
] leaf/stem orientation index - 0
T leaf transmittance (visible) - 0
Ts stem transmittance (visible) - 0
VCmaz,25 maximum rate of carboxylation at 25°C pmol CO4 e
m—2 5!
qeas quantum efficiency at 25°C umol COy / | e

pmol photon
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Figure 1. Skill of the uncalibrated Catchment-CN FPAR simulations evaluated against
MODIS observed FPAR for 2010-2016 in terms of the (a) bias (model - MODIS), (b) RMSE bias

(model - MODIS), (c) Pearson correlation coefficient and (d) the unbiased RMSE (ubRMSE).
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Step 1

Select locations with:

* Same PFT in model and MODIS

* Homogenous land cover (dominant PFT area
fraction > 95%)

Step 2

Divide candidate locations into 5 distinct
geographic clusters

Step 3

Compare model bias at candidate locations to
typical model bias (illustrated for positive bias
subtype).

Typical positive model bias

Candidate locations from different
geographic clusters

4

Candidate location with closest bias

Not considered in selection, because
bias is negative or smaller than 0.05
threshold

Step 4

Select two locations per cluster that are most
representative of typical model bias. These are
the calibration locations for PFT X.

Figure 2.

subtype.
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Schematic illustration of the calibration location selection for one (positive) PFT
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O©NETT @ NEbT A NDbT M BEtT = BETT @BDtT € BDTT A BDbT % BDTS

@BDTSm @ BDbS A AC3 W CC3 =& CC3m OWC4 < WC4m

Figure 4. Calibration locations for each PFT. Abbreviations correspond to those introduced

in Table 1. PFTs shown in gray are not included in the calibration.
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Parameter Set

S1 >
(calibrated at L1)

Evaluation against
MODIS FPAR

Skill at calibration locations L Avg. skill
L1 13 L5 L7 19
— [ = - O
L2 L4 L6 Lg L10

Width reflective of size of
geographic cluster that
location L originates from

Optimal Set

L1 L3 L5 L7 L9
eamin > BT ] | v
(calibrated at L2) —> S
L2 L4 L6 Lg L10
L1 L3 L5 L7 L9
s10 —> | FPARsimulations I:l
(calibrated at L10) using 10 at —> | | | | | | | | I | ->
L2 L4 L6 18 L10

parameter set origin location (excluded
from skill assessment)

Figure 5.

skill against MODIS FPAR

small skill
improvement

e

large skill
improvement

Schematic illustration of the optimal parameter set selection approach. Each pa-

rameter set S calibrated at a location L is applied at all other locations of the same subtype

in a 7-year (2003-2009) model simulation. The model skill at each location is evaluated against

MODIS FPAR observations and combined in a weighted average of the skill at individual loca-

tions, with weights corresponding to the size of the geographic origin cluster of each location

(section 3.3.1). The parameter set resulting in the largest average skill is selected as the optimal

parameter set.
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Figure 6. Performance of PSO vegetation parameter calibration at each calibration location
showing the difference in (a) RMSE, (b) bias, (c) correlation R, and (d) ubRMSE for 2003-2009
relative to MODIS FPAR between the calibrated and uncalibrated model (calibrated — uncali-

brated). PFTs shown in gray are not included in the calibration
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Figure 7. Performance of the parameter sets for the (a) positive and (b) negative subtypes
in terms of the selection metric for 2003-2009. Each histogram bar in a given PFT’s grouping
shows the ability (measured as the sum of two rank skill values) of the parameter set derived at
a particular calibration location to capture the observed FPAR behavior at the subtype’s other
calibration locations (section 3.3.3). Not plotted are the bars for parameter sets that degraded
the model skill. The optimal (selected) parameter set for each PFT subtype is highlighted in red

and the best possible value of the selection metric of 2 is indicated by the dashed lines.
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Figure 8. Performance of the selected parameters sets at calibration locations. Shown is the
difference (calibrated - uncalibrated) in (a) RMSE, (b) bias, and (c) correlation with respect to

MODIS FPAR for 2003-2009 . Blue colors indicate a skill improvement from the calibration, red
colors indicate a degradation. The circles correspond to positive subtype calibration locations

and squares represent negative subtype calibration locations.
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Figure 9. Change in (calibrated - uncalibrated) model (a) RMSE, (b) absolute bias, (c¢) cor-
relation skill , and (d) ubRMSE versus MODIS FPAR observations for 2010-2016. Also shown is

the global average skill change across all locations.
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Calibrated Catchment-CN minus uncalibrated Catchment-CN
(a) FPAR [-]

0.5

-0.5

Figure 10. 2010-2016 mean difference in (calibrated minus uncalibrated) Catchment-CN (a)

FPAR, (b) gross primary productivity (GPP) , and (c) net ecosystem exchange (NEE).
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Calibrated Catchment-CN minus uncalibrated Catchment-CN

(a) Transpiration [mm d'] 1 (b) Evaporation of intercepted water [mm d''] 05
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Figure 11. 2010-2016 mean difference in (calibrated minus uncalibrated) Catchment-CN
(a) transpiration, (b) interception loss, (c¢) root-zone soil moisture, and (d) total evapotranspi-
ration. Note that the value range plotted for the interception loss differs from that plotted for

transpiration and total evapotranspiration.

—492—



Step 1 Step 2

Identify center grid cell and Assume that bias b, corresponding to PFT X is

its 24 neighbors constant across all 25 grid cells and that variations
in the total bias are due to changes in the PFT
area fractions a across the grid cells. Thatis b, ; =
b1,2 == b1,25 =b,;

Dy 4,

b, 1, 24 by1, 22,1

b2 a3,

by a1,

bs. a3,

by, a
31931 by a1,

by = ay1by +as by + ag by + ay1by

beos = a195b1 + asosbe + azosbs + ag05by

Step 3 Step 4
Solve equations for each grid cell and Determine ‘typical’ positive and negative bias
each PFT to obtain PFT specific bias (defined as median of positive and negative
maps. half of bias distribution, respectively),
excluding ‘neutral’ bias values.
FPAR model bias for PFT X Histogram of FPAR model bias
5000 T T
B H 4500 -
:’ = ; ‘-? : .;h‘ ) f) 3500
BEn) : iy : F 3000
: i o e 2500
‘ Sy e Ry 0N 2000}
: ,,j . o ;\h x 1500+
1 e /oy 1000+
: ‘ : x4 500
| T 0
-0.5 0 0.5 7~
bias [-] Typical negative model Typical positive model

bias bias
== Neutral bias thresholds

Figure Al. Schematic illustration of the procedure for computing the typical model bias for

each subtype, which is used in the calibration location selection process.
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