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Abstract. Earth system processes exhibit complex patternsmulti-year oscillations in climatological drivers, and ecosys-
across time, as do the models that seek to replicate thesem succession are known to be important for determining
processes. Model output may or may not be significantly re-ecosystem function. Mechanistic improvements to models
lated to observations at different times and on different fre-must be made to replicate observed NEE variability on sea-
quencies. Conventional model diagnostics provide an aggresonal and interannual timescales.

gate view of model-data agreement, but usually do not iden-
tify the time and frequency patterns of model-data disagree-

ment, leaving unclear the steps required to improve model

response to environmental drivers that vary on characteristid Introduction

frequencies. Wavelet coherence can quantify the times and

timescales at which two time series, for example time se-Land surface models represent our understanding of how
ries of models and measurements, are significantly differentterrestrial ecosystems function in the climate system. It is
We applied wavelet coherence to interpret the predictionseritical to test, compare, and improve these models as new
of 20 ecosystem models from the North American Carboninformation and methods become available, especially be-
Program (NACP) Site-Level Interim Synthesis when con- Cause numerous recent syntheses have demonstrated a con-
fronted with eddy-covariance-measured net ecosystem exsiderable lack of model skill when confronted with observa-
change (NEE) from 10 ecosystems with multiple years oftions (Schwalm et a.201Q Wang et al. 2010 Schaefer et
available data. Models were grouped into classes with simi2l. 2012. Models are commonly diagnosed using statisti-
lar approaches for incorporating phenology, the calculationcal metrics that can be combined for a more complete view
of NEE, the inclusion of foliar nitrogen (N), and the use of model performanceTgylor, 2001). Such model diagnos-

of model-data fusion. Models with prescribed’ rather thantiCS are able to |dent|fy whether a different mOdEL different
prognostic, phenology often fit NEE observations better onmodel parameterization, or different subroutine represents an
annual to interannual timescales in grassland, wetland andnprovement fkaike, 1974, but are not intended to iden-
agricultural ecosystems. Models that calculated NEE as nelify the symptoms of model-data disagreement across time
primary productivity (NPP) minus heterotrophic respiration and scales in time in order to |dent|fy the conditions that re-
(HR) rather than gross ecosystem productivity (GPP) minussult in discrepancies. Residual analyses and detailed inves-
ecosystem respiration (ER) fit better on annual timescaledigations of model performance during different time peri-

in grassland and wetland ecosystems, but models that caPds give important insight into the mechanisms underlying
culated NEE as GPP minus ER were superior on monthlymodel failure, but are rarely interpreted with respect to pat-
to seasonal timescales in two coniferous forests. Modelderns of model/measurement mismatch in the frequency (or
that incorporated foliar nitrogen (N) data were successfultimescale) domain (see howeRietze et al.2011; Mahecha

at capturing NEE variability on interannual (multiple year) €t al, 201Q Vargas et al.201Q andVargas et a/.2013. In
timescales at Howland Forest, Maine. The model that emhis paper, we quantify periods in time and scales in time
ployed a model-data fusion approach often, but not a|Waysyvhen ecosystem models are not significantly related to eddy
resulted in improved fit to data, suggesting that improving covariance measurements of net ecosystem exchange (NEE)
model parameterization is important but not the only stept0 identify periods in which models can and should be im-
for improving model performance. Combined with previ- Proved Williams et al, 2009.

ous findings, our results suggest that the mechanisms driving Improving individual models is a noteworthy goal, but
daily and annual NEE variability tend to be correctly simu- modern studies often combine multiple observations and
lated, but the magnitude of these fluxes is often erroneousnultiple model simulations (i.e., multiple databases) to ar-
suggesting that model parameterization must be improvediive at a synthesisFHfiedlingstein et a).2006 Schwalm et

Few NACP models correctly predicted fluxes on seasonafl- 2010. In other words, such studies adopt a data-intensive
and interannual timescales where spectral energy in NEE ob2Pproach to scientific inferenc&(ay, 2009, and techniques

servations tends to be low, but where phenological eventsfrom nonlinear time-series analysis and knowledge discov-
ery in databases (i.e., “data mining”) may provide important
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insights into the aggregate or divergent behavior of theseof CO, in North America. Following previous studies, we
model and observational databases. In this study, we quariypothesize that models will tend to match flux patterns on
tify significant relationships among 20 ecosystem modelsdaily and annual timescales, and we focus our investigation
and 10 multi-year time series of NEE measurements from theon timescales between weeks and multiple months as well as
North American Carbon Program (NACP) Site-Level Interim interannual timescales, where we postulate that models will
Synthesis $chwalm et al. 2010 using a technique called replicate observations more poorly.

wavelet coherencegrinsted et al.2004 Torrence and Web-

ster, 1999. Wavelet coherence is conceptually similar to a

measure of correlation between data series across time arfd Methods

timescale (related to frequency). Like correlation, significant .
e 2.1 Eddy covariance data and ecosystem models
values of wavelet coherence can be quantified, in this case by

comparison against appropriate synthetic null spectra. Uny s hourly (or hourly) micrometeorological and eddy co-

like simple correlation, statistical significance can be quan-griance measurements were collected by site principal

tified across both time and timescales simultaneously. WE?nvestigators and research teams and were provided to
use wavelet coherence to determine the times and timescalg§a AmeriFlux and Fluxnet-Canada consortia to create the
when NACP modgls and measurements are significantly reyaocp site Level Interim Synthesis produGdhwalm et al.

lated and, more importantly, when they are not. Notably,»01() For this analysis we examine 20 ecosystem models
v_vavelet coheren_ce can quantify significance in th.e time a”dagainst measurements of the net ecosystem exchange,of CO
timescale domains even when common power (i.e., sharef\eg) from the 10 eddy covariance research sites investi-
variability) among time series on these scales is I8#i- 5104 hyDietze et al(2017) (Tablel). These sites were cho-
sted et al.2004, and may offer an improvement over resid- gep hecause the length of the observation period tended to be
ual analyses for this reason. Wavelet coherence has foungger and more continuous, allowing us to investigate inter-
applications in comparing ecological models and measuréznn a1 (multiple year) variability, and because more models

ments for the goal of model improvemeWilliams et al,  {ended to be run for these ecosysteewalm et a.201Q
2009 Wang et al, 2011), but not across multiple model and - g¢paefer et 312012, Missing meteorological data were gap-
observational time series to date. filled using National Oceanic and Atmospheric Administra-

Previous studies of ecosystem models in the timescale dd;,n (NOAA) meteorological station data and Daymet reanal-
main have dgmonstra_ted that r_‘node!s tend to miss patterns 'Vsis productsRicciuto et al, 2009. Half-hourly (or hourly)
flux observations on intermediate (i.e., weekly to monthly) NEE values were filtered to remove periods of insufficient

and interannqal timescaleSiqueira ?t 6‘,112096 S.toy etal, turbulence determined using friction velocity*} thresh-
2005. Biological responses to variability in climate often olds, and despiked to remove outlieRapale et a).200§
dominates flux variability on these timescalBsohardson et Reic;hstein et a).2005. Missing NEE data were then gap-
a_I., ?OOD, and models tend to replicate this biological func- f1ed following Barr et al.(2009. We note that gap-filling
tioning poorly. Such responses include weekly to monthly o els tend to match closely the orthonormal wavelet coef-
shifts in leaf-out/leaf-drop phenology and the multitude of fiients of NEE measurements at timescales longer than one
factors, including lagged responses, known to contribute today Stoy et al, 2009, and thus gap-filling artifacts should
interannual carbon flux variabiliRjchardson et al2013. 5y minimal impact on our results. Model runs at each site
With respect to the NACP, findings to date have identifiedq)ioed a prescribed protocol for intercomparison described
superior model fit when phenology is prescribed by remotey,,, gchwalm et al(2010. Ancillary biological, disturbance,
sensing observations as opposed to prognostic via a phenoé'daphic, and management data used by model runs for each

ogy model, Whe'n a sub—daily (i.e., half hourly or hourly) giia \were given by the AmeriFlux BADM templatdsafv et
rather than a daily time step is used, and when net ecosysy 008, The ecosystem models explored here are listed in

tem exchange (NEE) is calculated as the difference betweekyp|eo and described in more detail Schwalm et al(2010)
gross primary productivity (GPP) and ecosystem respirationyq the original publications. Likewise, information regard-

(ER) rather than the difference between net primary producyng the study sites is best found in the original publications
tivity (NPP) and heterotrophic respiration (HF9ghwalm et (Table).

al., 201Q Richardson et al.2019. Schwalm et al(2010

also found that model performance was poorer during spring.2 \Wavelet coherence

and fall when phenological events dominate surface flux and

during dry periods within the growing season. Less certain isThe times and timescales at which two corresponding data
how models match measurements on multiple timescales aseries (here time series) have high common power can be
they respond to climatic and biological forcings that act on quantified using the wavelet cospectrum. Wavelet coherence
multiple timescalesietze et al. 2011). Quantifying such  uses wavelet spectral and cospectral calculations to quan-
model-measurement relationships contributes to the NACRify correlations in the time and timescale domai@&ri(-
objective to measure and understand the sources and sinlsted et al.2004 Torrence and Webstet999, and we refer

www.biogeosciences.net/10/6893/2013/ Biogeosciences, 10, &3d8-2013
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Table 1. Measurement sites of the North American Carbon Program Site-Level Interim Synthesis investigBietzeyet al.(2011) and
explored in the present analysis. CRO: crop; DBF: deciduous broadleaf forest; ENF: evergreen needleleaf forest; GRA: grassland; PFT: plant
functional type; WET: wetland.

Site ID Name PFT  Years Figs. 6-9 References
subplot
CA-Cal Campbell River: Mature Forest Site ENF  1998-2006 A Schwalm et al(2007)
CA-Let Lethbridge GRA 1999-2007 B Flanagan et a(2002
CA-Mer Eastern Peatland: Mer Bleue WET 1999-2006 C Lafleur et al.(2003
CA-Oas SSA Old Aspen DBF 1997-2006 D Krishnan et al(2006
CA-Obs SSA Old Black Spruce ENF  2000-2006 E Griffis et al. (2003
US-Hal Harvard Forest DBF  1992-2005 See Figs. 143rbanski et al(2007)
US-Hol Howland Forest ENF  1996-2004 F Richardson et a(2009
US-Me2 Metolius: Intermediate Aged Ponderosa Pine ENF  2002-2007 G Thomas et al(2009
US-Ne3 Mead: Rainfed Maize/Soybean Rotation CRO 2002-2004 H Verma et al (2005
US-UMB  University of Michigan Biological Station DBF  1999-2006 | Schmid et al(2003,
Gough et al(2008,
Gough et al(2009

Table 2. A list of model attributes per model followin§chwalm et al(2010. Model/attribute combinations with no checked boxes indicate
that a different formulation was used. These are not considered here. ER: ecosystem respiration; GPP: gross primary productivity; HR:
heterotrophic respiration; NEE: net ecosystem exchange; NPP: net primary productivity.

NEE calc. Phenology Foliar N
Model NPP-HR GPP-ER Prognostic  Prescribed Yes No Reference
AgrolBIS X X X Kucharik and Twing2008
BEPS X X X Liu et al. (1999
Biome-BGC X X Thornton et al(2005
Can-IBIS X X X Williamson et al.(2008
CN-CLASS X X X Arain et al.(2009
DLEM X X+ X Tian et al.(2010
DNDC X X X Li etal. (2010
Ecosys X X X Grant et al(2005
ED2 X X X Medvigy et al.(2009
EPIC X X X Causarano et a{2007)
ISOLSM X X X  Riley et al.(2002
LoTEC X X X Hanson et al(2004)
LPJ-wsl X X X Sitch et al(2003
ORCHIDEE X X X Krinner et al.(2005
SiB3 X X X* Baker et al (2008
SiBCASA X X X Schaefer et a(2009
SiBcrop X X X Lokupitiya et al.(2009
SSiB2 X X X Zhan et al(2003
TECO X X X Weng and Luq2008
Triplex-FLUX X X X Zhou et al(2008

+ Semi-prognostic phenology.
* SIB3 includes N in the assignment of phenology from remotely sensed products, but does not otherwise include it as a prognostic variable.

the reader to the original publications for a detailed expla-not necessarily both, of the time series under investigation
nation of wavelet coherence. Briefly, followir@rinsted et  exhibits high power at a given time and timescalafaun

al. (2009, wavelet coherence is defined in a similar mannerand Kurths2004).

to the coefficient of determinatioR€) using instead wavelet Grinsted et al(2004 noted that many geophysical time se-
coefficients. Wavelet coherence, rather than the wavelet crosses are characterized by red (Brownian) noise, which can be
spectrum, is preferred for significance testing as spuriousnodeled as a first-order autoregressive process (AR1). These
peaks in the wavelet cross spectrum often result if one, bupatterns can be used as a null model by simulating synthetic

Biogeosciences, 10, 6898909 2013 www.biogeosciences.net/10/6893/2013/
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data that were simulated with AR1 coefficients to quantify parison among models that operate on daily and sub-daily
significant wavelet coherence at the 95% confidence leveltime steps and to focus our analysis on the longer timescales
Eddy covariance time series approximate pink nois¢ (1/ (e.g., seasonal or interannual timescales) on which models
noise) Richardson et gl.2008, which is likewise a class often fail.

of autoregressive noise, agfinsted et al(2004 demon-

strated that the color of noise has little impact on the deter2.2.1 Combined wavelet coherence significance analysis
mination of the significance level. Wavelet coherence values | ) o

above 0.7 were found brinsted et al(2004) to be signifi- A time-timescale graph of wavelet coherence S|gn|f|cance'
cant against synthetic data sets across a wide range of scal$@!ues can be created for each model-measurement combi-
when ten scales per octave (i.e., per a doubling or halvingrat'on for each site. As sgch, S|g_n|f|cance_ values from _dlf-
of frequency) were chosen in the scale-wise smoothing, giferent models run for a single site thatllle upon identical
though higher coherence values (ca. 0.8 or higher) shoul@*€S can be combined for an aggregate view of model perfor-
be chosen at very high and low frequencies. We used tef"@nce. The approach that we explore is to sum wavelet co-

scales per octave and also chose the commonly used o efficients that represent significance values at different times

wavelet coherence threshold for determining significance @"d timescalesi] for models that possess a given attribute

We de-emphasize the interpretation of high-frequency co* (4:). divide by the number of models with (Ny4), then

herence (e.g., on hourly and sub-daily timescales) to focysSubtract the sum of the wavelet coh_erence signifigance values
on the longer timescales (i.e-,one day) where models of- OF models that possess the opposing model attriBu(8;)

ten fail. Wavelet coefficients on very long timescales (yearsdivided by the number of models with (V5):

to multiple years) often exceed the so-called cone of influ- Na Np

ence beyond which the coherence calculation is dominated - ZA" 1 ZB"' (1)

by edge effects because of incomplete time locality acrossVa —{ Np =~

frequencies Torrence and Compadl998. Wavelet coeffi-
cients outside the cone of influence are unreliable and will . g
not be interpreted here. Also for consistency viitfinsted et~ 11C between-1and 1 for cases where, andN s may be dif-

al. (2004, we chose the Morlet wavelet basis function with a férent but are weighted equally to simplify comparison. The
wave number of six. Time series were truncated to powers of0@l IS {0 identify regions in time and timescale at different
two for spectral calculations. Further, it is common to presentSIt€S wWhere a certain model attribute outperforms the other
wavelet coefficients as the absolute value of their real andOr Others) across all models investigated here, with the goal
imaginary components along time and frequency axes: thof intgrpreting the success or failure of different model for-
so-called wavelet half-plane. Here, we present wavelet cohefnulations across time and timescale for different ecosystem

ence values in a similar manner along the time and timescal®P€S: An infinite number of alternate approaches to compare
axes multiple models exists. To avoid over-interpreting results and

The dimensions of time and timescale (subsequentl}o simplify the visual display, we only plot absolute values

called “regions”) adjudged to be significant may occasionally©f Ed- (1) that exceed 0.33 to focus our study on times and

be larger than uncertainty bounds on account of autocorrelalimescales where the first and second terms of Eq. (1) differ

tion in time and timescaléMaraun et al.2007). As a conse- Y atleast one-third.

quence, we advocate a conservative analysis of the precise di-

mensions of regions adjudged to have significant coherencey Reasuits and discussion

and we do not seek here to interpret the dimensions of all

regions here, rather the existence of significant wavelet cog.1 \Wavelet coherence

herence. We also note that, following the Monte Carlo analy-

sis, significant wavelet coherence may occur by chance. OutWe begin by demonstrating significance testing using

analysis focuses on regions where models and measurement&velet coherence with a single site/model combination.

do not exhibit significant coherence under the expectationThe time series of NEE from the Harvard Forest (US-Hal)

that models should match measurements, and with the ursite encompasses 140 256 potential hourly observations from

derstanding that one learns more about a given system whet991 until the end of 20068Urbanski et al.2007). We in-

models fail. terpret the 27 (=131 072) NEE measurements between 18
Results are presented with two different representations ofanuary 1992 and the end of the time series and NEE sim-

timescale in mind. For the demonstration of the wavelet co-ulations from the Ecosystem Demography model version 2

herence technique, we interpret all relevant scales from twicdED2, Medvigy et al, 2009. The wavelet coherence be-

the observation time step (usually 1 to 2 hours) to half thetween US-Hal and ED2 tends to be largeQ(7) on the

length of the truncated time series. For the comparison ofdaily timescale (24 h, ca. 38%) during growing seasons and

model output against flux observations, we interpret waveleon the annual timescale (8760 h, ca®1#) across the entire

coherence on timescales longer than one day to enable a cormeasurement period (Fi@). Measured NEE from US-Hal

The purpose of this calculation is to provide a simple met-

www.biogeosciences.net/10/6893/2013/ Biogeosciences, 10, &3d8-2013
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Fig. 1. Wavelet coherence between Harvard Forest (US-Hal) net
ecosystem exchange of GANEE) observations and Ecosystem Fig. 2. Same as Fig. 1 but for regions of significant wavelet coher-
Demography 2 (ED2) model simulations along the time and scaleence between net ecosystem exchange (NEE) measurements at Har-
axes. The model was not run for the first year of measurements fovard Forest (US-Hal) and the Ecosystem Demography v2 (ED2)
the North American Carbon Program Site-Level Interim Synthesis.model simulations, calculated followir@rinsted et al(2004. Re-
The black line is the cone of influence beyond which wavelet coef-gions in time and timescale with significant coherence are white
ficients should not be interpreted. and given a value of unity; regions without significant coherence

are black and given the null value.

and modeled NEE from ED2 demonstrate common power on
these timescales. Some multi-day to multi-month (seasonal
periods likewise have high wavelet coherence, but wavelePy the models. This finding is expected given the dominant

coherence is generally low=0.7) on timescales longer than role of orbital motions in controlling climate and flux in the
one year. temperate zone on these timescales. We note tha8kind

subsequent figures ignore timescales smaller than one day to
3.2 Wavelet coherence significance testing facilitate co_mp_arison between models that run on _the daily
and sub-daily time steps, and to emphasize longer timescales

Wavelet coherence coefficients were converted to binary sigin the wavelet coherence significance tests.

nificance values as demonstrated in Fig.Here, regions Figure3 also demonstrates that results from some models
in time and timescale that have significant coherence at th@re significantly related to measurements at different times
95 % level (i.e., wavelet coherence coefficient8.7 follow- and timescales. LOTEC in particular is frequently related to
ing Grinsted et a].2004 are given the value of one and ap- observations on weekly and monthly timescales, but LoTEC
pear in white in the figure, and non-significant regions areis the only NACP model that implemented a data assimila-
given the value of zero and appear in black in the figure.tion procedure, and should be expected to have a stronger
Figure2 reveals that ED2-modeled NEE is significantly re- relationship to measurementSahwalm et al.2010. Sig-
lated to the NEE measurements on daily timescales duringificant wavelet coherence exists among US-Hal NEE mea-
the growing season (i.e., the white areas in Ejgon the an- surements and the SIBCASA, ED2 and LoTEC models, but
nual timescale, and on seasonal timescales during the earli®tot ORCHIDEE, on the seasonal timescale (one to several
part of the measurement period, but not during most of the remonths) before 2002. Such findings question whether com-
maining times and timescales. Smaller regions in the figuregnon model attributes (Tab®) are responsible for good fit or

with significant coherence should not be over-interpreted ag0or fit during these times and timescales.
these occur in some 5% of cases by chance. A major advantage of converting the wavelet coherence

values into binary significance maps is that the output of dif-
3.3 Wavelet coherence significance testing of multiple ferent models for the different measurement sites can be av-
models at a single site eraged or summed to explore aggregate model performance
(e.g., via Eq. 2 or other metrics). We can begin by summing
Comparing significant wavelet coherence among US-Halsignificant wavelet coherence for all 15 models that were
NEE and the output of multiple models (choosing SIBCASA, run for US-Hal (Fig4, seeDietze et al. 2011). Figure4
ED2, LoTEC, and ORCHIDEE, Fig3) reveals that the ob- demonstrates that models are significantly related to NEE
served annual variability of NEE tends to be well-replicated on the annual timescale for at least part of the measurement

Biogeosciences, 10, 6898909 2013 www.biogeosciences.net/10/6893/2013/
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Fig. 3. Same as Fig. 2 but showing significant wavelet coherence at timescales greater than 2 days between NEE measurements at Harvar
Forest (US-Hal) and th@) SIBCASA, (B) ED2,(C) LoTEC and(D) ORCHIDEE model simulations.

period. More than 10 models are significantly related to thecanopy phenology, the calculation of NEE as GPP minus ER
measurements on seasonal timescales, and frequent periodsas NPP minus HR, the inclusion of foliar nitrogen in the
when multiple models are significantly related to measure-model, and a comparison of models that use data assimilation
ments appear on weekly and monthly timescales. These feghere namely LOTEC) versus those that do not (T&ple
tures may be related to model structural attributes that can The results of the combined wavelet coherence signifi-
guide model testing and interpretation. We demonstrate sucbance analysis for US-Hal are shown in Fig. 5. In Fig. 5a, re-
an approach by first exploring further the NEE observationsgions in time—timescale space for which coherence between
and model output for US-Hal. We then proceed to interpretNEE measurements from US-Hal and all models with prog-
results from the other nine research sites evaluated in thisostic phenology is significant, noting uncertainty, are given
analysis (Tabld). the value of 1 (see Eq. 2). From this, significant regions for
which all models with prescribed phenology were subtracted.
3.4 The role of common model features in determining  |f all models with prognostic phenology are significantly re-
significant wavelet coherence lated to NEE measurements for a given region in time and
) _ ) scale, and none with prescribed phenology are significant,
Models in the NACP synthesis share featuresin common.(Tafhe value of Eq. (2) equals 1-0=1 (dark blue). If the oppo-
ble 2, Schwalm et al.2010. The role of these features in  gja no|ds, then the region equals negative 1 and is shown in
model performance across time and scale can be exploregd, . veq. This procedure is repeated for the different model
using the binary wavelet coherence significance approadéttributes investigated (TabB.
demonstrated in F|gs. _2 and 3. Logical model attributes to ., example, from Fig5a, all (or most) models with
explore follow the findings oSchwalm et al(2010 and  ,,,4n0stic phenology are often significantly related to NEE
include comparisons between prescribed versus prognostic
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of the combined wavelet coherence significance analysis for
different models and sites (Tablésnd?2).

3.5 Phenology

Ecosystem models often fail to replicate the timing of spring
green-up and autumn leaf senescenRéelt{ardson et a|.
2012, and, interestingly, incorporating satellite remote sens-
ing data (i.e., prescribing phenology in models) may not
represent an improvement in capturing phenological events
(Fisher et al.2007). However, NACP model results from the
10 study sites indicate that prescribing the phenology of leaf
area index (LAIl) often improves modeled carbon fluxes on
seasonal and annual timescales at the cold, non-forest sites
(i.e., CA-Let and CA-Mer, the deciduous forests CA-Oas and
1994 1996 1998 2000 2002 2004 2006 ° US-Hal, and to a lesser degree US-UMB), and the agricul-
Viea tural ecosystem US-Nel (Figsand6). Models that include

Fig. 4. The sum of significant wavelet coherence coefficients for netprognostlc phenology are often significantly related to NEE

ecosystem exchange (NEE) observations at the Harvard Forest (UgPServations at seasonal and annual timescales at the conif-
Hal) and simulations by 15 ecosystem models (Taighis figure ~ €rous ecosystems in the temperate continental climate zone:
represents the sum of the subplots of Fig. 3 including the other modCA-Obs and US-Hol.

Scale (Hours)

els that were run at US-Hal listed Dietze et al(2011). A value Despite many successes, prescribing phenology resulted
of 15 indicates that all 15 models explored here are significantlyin erroneous model fit in some ecosystems, times, and
related to NEE observations. timescales (Fig. 6), in agreement wiRichardson et al.

(2012, who found that model biases of two weeks or more
were common for deciduous forests. Predicting phenology
observations from US-Hal during seasonal timescales, edn the coniferous forests (CA-Obs and US-Ho1) is a supe-
pecially earlier in the measurement period. These resultsior strategy for modeling NEE on seasonal timescales. This
suggest that phenology models work well in simulating makes sense given the difficulty of using remote sensing to
the seasonal patterns that they seek to replicate, but pradetect seasonal changes in leaf area and photosynthetic activ-
scribing phenology using remote sensing observations reity in evergreen canopies. The creation of effective prognos-
sults in model patterns that are not significantly related totic phenology models for grasslands and croplands remains
the pattern of measurements at these times and timescaleshallenging, especially when cropping systems often depend
Schwalm et al.(2010 found that models with prognostic on the decisions of land managers. Remote sensing is often
phenology and (to a lesser degree) those that calculate NEEnsuccessful for capturing grassland phenoldgged et al.
as GPP minus ER tend to show better performance acrost994, due in part to the fact that the shift from green to
sites (Fig.5a and b). When this holds at US-Hal, it is on brown biomass is critical for modeling NEE but can be sub-
timescales between ca.4%h (i.e., one month) and #dh tle and difficult to ascertain remotel(s et al.2010, and,
(i.e., 4months), which are the intermediate timescales orregardless, photosynthetic activity may decline long before
which model performance tends to diverge as identified byleaf spectral indices begin to chandga(erle et al.2012.
Dietze et al(2011). This analysis reveals that the model at-
tributes identified byschwalm et al(2010 as advantageous, 3.6 NEE calculation
prognostic phenology and NEE = GRHER, correspond to
better performance on monthly to seasonal timescales at USWiodels calculate ecosystem carbon uptake and loss in dif-
Hal. Interestingly, including foliar N in the model did not re- ferent ways, and the NACP models can roughly be catego-
sult in unambiguous model improvement (F3g), and there  rized as those that calculate NEE as GPP minus ER and
were times and timescales when excluding N from the modethose that calculate NEE as NPP minus Hitl{walm et
resulted in improved model fit. The LOTEC model, with the al., 2010. Models that calculate NEE as NPP minus HR
data assimilation procedure, resulted in improved fit to dataend to fit better than models that calculate NEE as GPP
at many daily to seasonal timescales, but not annual or interminus ER on the annual timescale at the Canadian grass-
annual timescales (Figd), noting that most models simu- land (CA-Let) and bog (CA-Mer) sites, which are character-
lated annual variability correctly (Fid). Interpreting signif-  ized by short-statured vegetation and pronounced seasonality
icance across all sites and model attributes at all times angFig. 7). Models that calculate NEE as NPP minus HR also
timescales is beyond the scope of this analysis, and we focuspresent an improvement on seasonal and annual timescales
the remainder of our comparison on the dominant featurest the deciduous forests Ca-Oas and US-UMB, and at daily
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Fig. 5. The ratio of significant wavelet coherence for different model attributes for the net ecosystem exchange (NEE) observations at
the Harvard Forest (US-Hal) following Eq. (1). Areas of dark blue represent times and scales where all models that include prognostic
phenology(A), the NEE calculation as GPP minus EB), the inclusion of nitrogeifC), and a model that used data assimilation (LoTEC,

D) are significantly related to NEE observations, and when none of the opposing model strategy listed in Table 2 is significant. Areas of dark
red represent periods when the opposite holds.

to weekly timescales at the coniferous forests Ca-Obs, USOllinger et al, 2008. However, it is discouraging that incor-
Ho1l, and US-Me2. Models that calculate NEE as GPP minugorating N improves interannual model fit for only a couple
ER tend to fit better on monthly to seasonal timescales at thef sites rather than for all sites; note for example the poor fit
coniferous forests CA-Obs and US-Hol. In general, simulat-of models that include N on timescales shorter than the inter-
ing NEE and HR results in poorer NEE model fit at seasonalannual timescale at Ca-Oas (Fgl). Climatic variables tend
and annual timescales in coniferous stands, and simulatingp be unrelated or weakly related to observed NEE on inter-
GPP and ER presents more of a challenge in grasslands, wesnnual timescalesSgoy et al, 2009, and variability in bio-
lands, and deciduous foresiafgas et al.2013. Many of logical drivers like canopy N is thought to be a principle con-
the subplots in Fig7 show a scale-wise shift (from red to trol over NEE variability on interannual timescal&i¢hard-
blue or vice versa) as one moves to longer scales in timeson et al.2007). The role of biological lags (e.g., growth and
suggesting that the responses of GPP, NPP, ER and HR tNPP lagging behind C uptake) tends to be poorly represented
environmental drivers that act on different timescales need ton the current generation of ecosystem mod&lsghan et

be examined carefully for proper frequency response. al., 2012, as are the dynamics of the non-structural carbo-
hydrates that can contribute to such laGeygh et al.2009
3.7 Nitrogen 2010 Richardson et al.2013. Modeling the biological re-

sponses to interannual climatic variability continues to be a
Models utilizing measurements of foliar N show improved Major research challeng&igchardson et 82007 Siqueira
fits on interannual timescales compared models that exclud&t &> 2008, and it appears that modeling N improves mod-
N at a coniferous forest (US-Hol; Figf) and to a lesser els of NEE, but only in certain instances. Including foliar N
degree at a deciduous forest (CA-Oas, Bit). This finding improves model fit on certain timescales for different sites;
supports the incorporation of canopy N as an important com{or €xample including N appears to improve models in CA-

ponent for accurately modeling spatial and temporal pattern& €t CA-Oas and CA-Obs, during summer months in 2006.
in NEE (Hollinger et al, 2009 Ollinger and Smith 2005 The summer of 2006 was at the time the second warmest on
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Fig. 6. The ratio of wavelet coherence significance tests for models with prognostic prescribed phenology for nine sites in the North American
Carbon Program Interim Synthesis. The color bar follows Fig. 5. Areas of dark blue represent times and scales for which models that use
prognostic leaf area index (LAI) are significantly related to NEE measurements and those that use prescribed LAI are not significantly related

to NEE measurements. Regions for which models that use prescribed LAl are significant and those that use prognostic LAI are not significant
are shown as dark red. The color bar follows FEg.

record in Canada, but the role of N in improving modeled strated improved fit compared to other models at seasonal
NEE during these conditions is difficult to interpret and may and/or annual timescales at the coniferous forests CA-Obs
be due to correct hydrological response regardless of the Mind US-Hol and the crop US-Nel. LoTEC was not signif-

subroutine in the models. icantly related to NEE measurements (and the average of
other models were) across most sites with the exception of
3.8 Data assimilation CA-Oas and US-UMB. Results suggest that the optimized

parameters computed in the LOTEC data assimilation proce-
Data assimilation for formally fusing observations and mod- dure can improve fit across times and timescales, especially
els has gained increased attention in the biogeoscieBies ( for some of the ecosystems that exhibit pronounced seasonal-
etze et al. 2013 Hill et al. 2011 Rastetter et al.201Q |ty|_n canopy dynamics (i.e., some deciduous forests, and the
Raupach et a.2005 Williams et al, 2005. LoTEC ap- agrl_cu_ltur_al ecosystem). Results alsq de_mo_n_strate that_ data
plied a data assimilation procedure in the NACP mode”ngassmllatmn does not always result in significant relation-
exercise, and output in many instances represented a stnl?h'ps between measurements and models; there are many pe-
ing improvement against the aggregate output of other mod”OdS often timescales between a day and about a month and
els (Fig.9). Namely, LoTEC output is significantly related a half (1¢h) and at interannual timescales, where LoTEC
to NEE measurements across many timescales at the demg not significantly related to measurements. Such findings
uous forests CA-Oas and US-UMB. LoTEC also demon-9€monstrate the importance of model parameterization, and
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Fig. 7. The ratio of wavelet coherence significance tests for models with different calculations of the net ecosystem exchange (NEE). The
color bar follows Fig. 5. Areas of dark blue represent times and scales for which models that calculate NEE as gross primary productivity
(GPP) minus ecosystem respiration (ER) are significantly related to NEE measurements and models that calculate NEE as net primary
productivity (NPP) minus heterotrophic respiration (HR) are not significantly related to NEE measurements. Regions for which models that
calculate NEE as NPP minus HR are significant and GPP minus ER are not significant are dark red. The color bar foBows Fig.

also suggest that data assimilation should not take the plackeen applied to identify model/measurement mismatches

of efforts to improve model structure. resulting from phenological response to monsoon activity
(Hong and Kim 2011) and for detailed studies on the
3.9 The analysis of models at multiple timescales controls over carbon cycling in individual sitegaf Gorsel

et al, 2013. We suggest that any comprehensive model
We used wavelet coherence as a criterion fordiagnostic toolkit should explore model frequency response,
model/measurement comparison in this study. Spectrahnd we demonstrate the application of wavelet coherence
analyses can also be used to discriminate among modeds a model-measurement comparison technique that is also
subroutines and inputsS{oy et al, 2005 or demonstrate visually intuitive. It is important to note that a wavelet co-
model improvementWilliams et al, 2009, and it is for  herence test for matches in patterns, rather than magnitudes,
these purposes that wavelet coherence may find the most apnd by itself is an incomplete metric for model fidelity. The
plication in the biogeoscienced/ang et al.(2011) recently  potential for wavelet coherence to identify regions of false
used wavelet coherence to quantify patterns of CABLE positive coherence erroneously must be acknowledged when
model output Kowalczyk et al, 200§ and demonstrated interpreting results\laraun et al.2007).
how model refinements improved predictions of NEE, latent Future research efforts should compare wavelet-based ap-
heat and sensible heat on multiple timescales, althouglproaches with other time-series decomposition techniques,
observed patterns in interannual variability in NEE remainedincluding singular systems analysiglgdhecha et al.2010),
difficult for CABLE to resolve. Wavelet coherence has also
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Fig. 8. The ratio of wavelet coherence significance tests for models that include or exclude foliar nitrogen (N). The color bar follbws Fig.
Areas of dark blue represent times and scales for which models that incorporate N are significantly related to NEE measurements and model
that exclude N are not significantly related to NEE measurements. Regions for which models that exclude N are significantly related to NEE
measurements and those that include N are not are dark red. The color bar follo®s Fig.

spectral analysis of model residuaBidtze et al.2011; Var- ities at the diurnal and seasonal timescales and result in im-

gas et al.201Q 2013, and/or quantification of causal re- possible time series against which to ascertain significance;

lationships among measurements and models across timeence the original red noise spectra selecte@Ghpsted et

and spectra using the Granger definiti@efto et al, 2012. al. (2009 were also chosen.

Here, it is pertinent to point out that different approaches to

creating null spectra or surrogate time series for significance ,

testing are favored for different time-series methodologies? €onclusions

and to reiterate that the estimation of significance reside§Ne demonstrated an application of wavelet coherence for

g:t rgiae”syir\:vg’]hetgizcgg;ccﬁecr):cr;i” ?;\?iléré%%(?r?w Spe(.:rt]riaétzfcemtesting significant relationships between flux observation and
9 provic : Pl : X the output of multiple ecosystem models run at multiple dif-

.(2010 andpetto etal(2013 applied iterative ampl_ltude ad- ferent study sites. Models with prognostic phenology were

]usted_ Fourier transform (IAAFT) surrogatcﬁ(mrelbe_r and often significantly related to NEE measurements on sea-

Schmitz 1996 2000 Ve”‘?'f“a e.t a;.ZO_Oa to create signals Gsonal timescales in coniferous sites, but models with pre-

that preserve the probability distribution, power spectra, an L cribed phenology improved seasonal and annual model fit

linear correlation structure of the measurements for deter:

mining significant spectral Granger causality in rainfall and in grassland and wetland study sites, and to a lesser de-
g significant sp ranger causaity . gree in the deciduous forests US-Hal and US-UMB. The
canopy assimilation and soil respiration time series. Here

o .. _inclusion of foliar N improved model performance on inter-
such an approach would shuffle the deterministic periodic- .
annual timescales at US-Hol.
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Fig. 9. The ratio of wavelet coherence significance tests for the model using a data assimilation procedure (LOTEC) versus other models
that do not use data assimilation. The color bar follows Fig. 5. Periods and scales in time for which LOTEC is significantly related to NEE
measurements and other models are not significantly related to NEE measurements (on average) are shown as dark blue. Regions for whic
models other than LOTEC are significantly related to NEE measurements and LOTEC is not significantly related to NEE measurements are
shown as dark red. The color bar follows Fig.

Model pattern tended to match observed NEE on diur-elude most models, although correctly modeling N dynamics
nal timescales during the growing season and on annuaiay be a strategy for progressing on this problem in some
timescales (e.g., Figs. 1 and 2), but previous analyses indiecosystems (Fid).
cate that models often misrepresent the magnitude of fluxes Wavelet coherence adds an additional diagnostic tool to
on these highly energetic timescalBsdtze et al.2011). De- a modeler's conceptual toolbox for evaluating the perfor-
spite correct frequency responses on growing-season diurnahance of single models or suites of modelgi(isted et al.
and annual timescales as we find hdd&tze et al.(2011) 2004 Torrence and Compd 998 Williams et al, 2009. Fu-
demonstrated that proper parameterization of flux magnitudeure efforts should determine the benefits and drawbacks of
on these scales should remain a focus of modeling effortswavelet, Fourier, and singular systems analysis approaches
LoTEC results (Figs3 and9) hint that data assimilation can for model/measurement comparisoka{ul et al, 2001 Ma-
improve model fit on the intermediate weekly to seasonalhecha et a).201Q Siqueira et al.2006 Maraun et al.2007%,
timescales during many periods, but modeled flux variabil-Vargas et al.2010, use the outcomes of multiple spectral
ity on diurnal and interannual timescales was often not sig-analyses to provide insight into how and why models fail,
nificantly related to measurements, suggesting that modeland use this information to improve model performance at
still require mechanistic improvements even under parametethe multiple times and timescales at which biogeochemical
sets optimized by the data assimilation routine. Mechanistidluxes vary.
explanations for describing interannual NEE variability still
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