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Technical Note:Flagging inconsistencies in flux tower data
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Abstract. Global collections of synthesized flux tower data such as FLUXNET have accelerated scientific progress beyond
the eddy covariance community. However, remaining data issues in FLUXNET data pose challenges for users, particularly for
multi-site synthesis and moded activities.

Here we present complementary consistency flags (C2F) for flux tower data, which rely on multiple indications of
inconsistency among variables, along with a methodology to detect discontinuities in time series. The C2F relates to carbol
and energy fluxes as well as to core meteorological variables, and consists of: (1) flags for daily data values, (Drtags for

site variables, (3) flags at time stamps that mark large discontinuities in the time series. The flagging is primaridy base
combining outlier scores from a set of predefined relationships among variables. The methodology to detect break points ir
the time series is based on a yparametric test for the difference of distributions of model residuals.

Applying C2F to theFLUXNET 2015 dataset reveals that: (1) Among the considered variables, gross primary productivity
and ecosystem respiration data were flagged most frequently, in particular during rain pulses under dry and hot conditions
This information is useful for ntelling and analysing ecohydrological responsestf{2je There are elevated flagging
frequencies for radiation variables (shortwave, photosynthetically active, and net). This information can improve the
interpretation and modelling of ecosystem fluxethwispect to issues in the driver. (3) The majority of i{targ sites show
temporal discontinuities in the time series of latent energy, net ecosystem exchange, and radiation variables. This should b
useful for carefully assessing the results on intemahvariations and trends of ecosystem fluxes.

The C2F methodology is flexible for customizing, and allows for varying the desired strictness of consistency. We discuss the

limitations of the approach that can present starting points for futym@vemeisdevelopments
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1 Introduction

The eddy covariance (EC) technique is widely used to assess the carbon dioxide (CO2), water, energy, and other GHGs fluxe
between the surface and the atmosphere. Employed across major biomes globally, it counts thousands oftsitatiteils dis
in all continents and often organized in regional netw@leddocchi, 2020)Then, the FLUXNET initiative organized global
data collections and synthesis datasets such as the Marconi col{Ectiga et al., 2005Yhe LaThuiledataset (Baldocchi et

al., 2009), and the FLUXNET201(®astorello et al., 2020hich have become a backbone for global ecosystem research
(Baldocchi, 2020)

Flux tower measurements and associated data processing are complex and often subjspetifisiteonceptual, technical,
and logistic challenges. Principal investigators (PIs) of EC sites voluntasilidertheir data to Regional Networks or directly

to FLUXNET under a common data policy and standard format. The data includeob#if or hourly biometeorological,
environmental, and fluxes variables, all calculated and averaged by the Pls from tfredugincy raw meteorological and

EC dataBefore submission to the networks, the Pls generally apply a setrefctions (e.gcoordinates rotation, timkeg

compensation and spectral corrections), spegiiality checks and quality assessment (QA/Q@reduregMetzger et al.,

2012; Vitale et al., 20203nd site specific data filteras—well-as-spectral-correctiorfhis processing applied by the single
groups is not strongly standardized. Thus, there is a high level of heterogeneity among sites concerning the compietenes

effectiveness of applied quality control routines, detailed 1data of instrumentation and applied processisgvell as with
respect to the availability of measured and reported variables.

The FLUXNET communitydeveloped a series of standardizeals for 1) reviewing critical metadata for the processing (e.g.,
site identifier, coordinates, reported time zone, and instrumentation height), 2) flagging meteorological data of deestionab
quality based on serasiutomated visual check$the relatimships among different radiation variab{Pastorello et al., 2014)

3) filtering fluxes collected in low turbulence periods where the assumptions of the technique are not meta(tbd s
filtering, (Papale et al., 2005)4) gapfilling of missing dataReichstein et al., 2005; Papale et al., 20@63 5) partitioning

of net ecosystem exchangNEE) into_ecosystem respiratiofRECO, and gross primary productivityGPB components

(Reichstein et al., 2005; Lasslop et al., 201d8)d uncertainty calculatior{®astorello et al., 2020)hese tools are also
organized in a set of routines (ORIEx — https://githubcom/Fluxnet/oneflux) that have been used in the FLUXNET2015
collection and continental networks releases (e.g., AmeriFlux FLUXNET product, ICOS Level2 data, Drouyl#2618
WarmWinter2020 collections). The routinely provided QC infation for flux tower data informs primarily about the
presence of an accepted measurement and the degree and quality offillegastimate, while potential issues in the
underlying measurements may not be indicated.

Despite the effort to continuolysdevelop and update standardized and commongosessing routines for FLUXNET,
some measurement issues and inconsistencies between variadlesbare noteasily detectednd-flagged-automatically
data quality relies also on the initial proceduapplied by the Pls. This includi&s examplepotential discontinuities in the

time series due to undocumented changes in instrumentation or processing, which have developed over the last years al
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decades. To reduce the effect of differences in dasdnent and QC between sites, some of the more structured networks,
such ICOS in EuropéFranz et al., 2018; Heiskanen et al., 20283l NEON in the USASchimel et al., 20073tarted to
standardize the setup and methdBmnz et al., 2018; Rebmann et al., 20&8) the processin¢Sabbatini et al., 2018)
according to strict protocols, together with the collection of full and detailed metadata. This facilitates centralizsthgroce

from the raw data and reprocessing with more advanced methods as they become @vadbbkt al., 202Q)taking into
consideration athe changes in the measurement setup and ecosystem state. Developing standardized processing and QC th
works robustly and reliably for all cases is very challenging as ecosystems, land surface, ardl (maitrorological
conditions can be very hetgeneous between sites. Thus, the standardized methods used are not perfect and site specific
issues can persist. For example, the ntghe basedVet-ecosystem-exchanrgdEE) partitioning methodReichstein et al.,

2005) might give unreliableGress—Primary—ProductivityGPR and Ecosystem—respiration{Re@ECO results when

temperature is not the main drivef respiration.

The remaining issues and inconsistencies in FLUXNET data pose limitations for synthesis studies, particularly fer process
based or machine learning based model calibration and evaluation. The degree to whiettataoaedmatches are dte

model deficiencies or perhaps data issues, either in the fluxes or in the meteorological data used as model inpuy, is typical
hard to judge, especially by n®C experts. This can limit progress in improving the modelling for certain aspects.
example, Frem-from the machine-learning-based-modellipgrspectiveof machinelearning based flux modelling by the
FLUXCOM approach(Jung et al., 2019; Jung et al., 2026dme unanswered example questions on the contribution of

potential flux tower data issu@xclude (Bodesheim et al., 2018; Tramontana et al., 20{l§)Can we predict the interannual
variability of sensible heat flux much better than that of latent heat flux due to differential observational uncerf2jries?

what extent is the low skill ipredicting NEE interannual variability at FLUXNET site level due to temporal discontinuities
arising from changes in instrumentation anduget(3) How much of the issue to model drought effects in GPP is due to flux
partitioning problems? (4) Where isetloptimal tradeoff between data quantity and data quality used for training machine
learning models7To progress on such questions, we need a complementary data consistency control applicable across the
network's heterogeneous data conditions and corediuer variables, following objective principles and allowing for varying

the strictness of tolerated inconsistency.

Here we address this challenge of providing complementary consistency flags (C2F) for FLUXNET data. It complements the
quality control apfed by Pls(or centralized regional networks like ICOS and NEGéd ONEFLUX as it is exclusively

based on inconsistencies among measured variablesding to a set of wetlefined criteria The degree of allowed

inconsistency, a strictness parameters an interpretable basis and can be varied by the user. The underlying framework
allows for extending and customizing the methodology as better knowledge or experience becomes available. Its objective
principles facilitate full automatization and thugeigration into processing pipelines for e.g. FLUXCOM or ONEFLUX. It
delivers: (1) Flags for daily data points, as well as flags for entirevaitables for ecosystem fluxes and core meteorological

variables, and (2) times at which large discontinuitieghie data occur and may indicate issues due to changes in the



100

105

110

115

instrumentation, setup or footpri@2F isprimarily intended to assist imetwork wide synthesis studies, e.g. for analyzing the

robustness of results to the inclusiordefecteddatainconsgstencies

The specific objectives of this paper doeintroduce the C2F principles and methodoloagdto synthesizeletected flux

tower data inconsistenciés the widely used FLUXNET 2015 datas@éfeillustrate and discugbatpattens of detecteflux

tower data inconsistencieseem to be associated witbsues which, while generallyknown in the eddy cwariance

community have not been flagged systernaliy yet. We provide a critical assessment of the C2F methoddio@gsist

potential usergn interpreting the flagsand to guidgotential futuredevelopments

2 Materials and methods

2.1 FLUXNET Dataset

The FLUXNET2015 DataséPastorello et al., 20203 a collection ohalf-hourly meteorological and flux data measured at
212sites and collectefrom multiple regional flux networks. The geographical location of the sites ranges from a latitude of
37.5 S to 79 N and covers all the main plant functional types. Compared to previous releases of flux observations, the
FLUXNET2015 Dataset includes \s&ral improvements, in particular to the data quality control protocols and the data
processing pipelingPastorello et al., 2020)

The complementary data consistency checks described here were developediaddagaplly data (temporal average) for

i i Wadeeponly daily

data points that are based on at least 80% of measured datafitledapith high confdence(as defined in Pastorello et al.

2020) The C2F were then applied to only those data points.

the variables mentioned in tabl

Acronym Name
Target GPP_NT Gross primary productivity estimated based on the ftighg flux partitioning methog
variables (Reichstein et al. 2005)
GPP_DT Gross primary productivity estimated based on thetohag flux partitioning method (Lasslop
al. 2010)
RECO_NT Ecosystem respiration estimated based on the-tiigltflux partitioning method (Reichstein
al. 2005)
RECO_DT Ecosystem respir@n estimated based on the daye flux partitioning method (Lasslop et ¢




2010)

NEE Net ecosystem exchange
LE Latent energy
H Sensible heat
NETRAD Net radiation
SW_IN Shortwave incoming radiation
PPFD_IN Photosynthetic Photon Flux Density
TA Air temperature
VPD Vapour pressure deficit
Ancillary | SW_IN_POT | Potential shortwave incoming radiation
variables | LW_OUT Longwave outgoing radiation
P Precipitation
SMI Set of soil moisture indicators including measured (top and bottom) s@tur®and derived

water balancéndicatorsfrom P and LE (se8I-3)
Table 1: List of ELUXNET 2015 variables fer-which-complementary-consistency-flags-are-derivadsed in C2F Target variables

120 refer to variables for which flags are derived. Ancillary varigbles refer toadditional variables used in C2F.

2.2 Flagging inconsistencies among variables

The approach described here is based primarily on multiple indications of inconsistency between variables for a gs/en site. |

final output is a boolean flag farvery daily data point and target variable listed in Table 1, where TRUE indicates an

inconsistency. Additionally, it reports a boolean flag for entire site variables, which is based mainly on 4séeveen
125 inconsistencies of relationships.

C2F is rootedn defining consistency constraints among variakle. 1a)-t h e s e a r eand determifiethereato n ”

look for inconsistenciesA constraint refers to an expected relationship of a target vat@bleSW_IN)with other variables

(e.q.PPFD_IN)basd on expert knowledg®/e also use constraints where a target variable is modelled from a set of predictors

variables using machine learnir@utliersderived fom constraintindicate data inconsistenciéde distinguish between hard

130 and soft constraintisection 2.2.1—flagging is enforced fooutliers from a hard constrainthile for soft constraints multiple
indications of inconsistency are needed to cause flag@ms C2F-which-is-used-to-calculate-an-outlierscore-for-every data
point(section-2-1)—The-flaggingrocedure ishenrbased on three main consecutive stgpg. 1b) (1) Outlier scores are
caleulatingcalculatedthe-sutliersecorefor each predefined constraint (section 2.22—-t hi s i s t heasthdyear t
guantify inmnsigency; (2) for-All outlier scoresavailable from different constraintsr a target variableach-target-variable,

135 the-associated-outlierscorape combined to yield an inconsistency scpee target variablewhich considers multiple
indications of incosistency (section 2.23); and(3) Flags are derived based #agging-is-then-based-dhresholding the




inconsistency scoreccording to a specified strictness paramebarsed on considering outliers froimdividual hard

constraintsand further consigtation isection 2.2.4 and 2.2.5).

Hard & Soft Constraints

Expected relationships SW_IN vs PPFD_IN hard hard

among variables where  NETRAD vs SW_IN soft n.a. soft
outliers
must (hard Constraint) or NETRAD vs PPFD_IN n.d. SOf-t SO&
may (soft constraint) NETRAD vs LE+H n.a. n.a. soft
indicate data
\ inconsistencies. Machine learning soft soft soft /

A 4
m [ Defining | [ Inconsistency\]
| constraints L stricthess

v ¥
Outlier scores ]]»[ Inconsistency score ]» Flag ]
. F Y
!
N Harc!
\ ___constraints

140 Figure 1: Simplified overview of the C2F approach a) Definition of consistencyconstraints with assignments to target variables

”~

o

based m examples for radiation vaiables. b) Flagging a target variable based onits inconsistency scorgwhich considers multiple

indications of inconsistency from several constraintsand based onoutliers from single hard constraints. The grey badkground

indicateswhere a user can mody definitions and settingsof C2F. Further steps of the flagging procedure were omitted for clarity

here and are described in section 2.2.4

145

2.2.1 Constraints

We use primarily bivariate constraints, i.e. linear relationships between two vat@ile3V IN vs PPFD IN)and machine

learning constraints, i.e. where a target variable is modelled from a isetependenpredictor variablegTable1). These
deliver predictions to calculate residuals from ohiginal data, which is then used to calculailier scores (sgion 2.2.2.

150 The linear models are based on robust regressSANEAC, random sample consens{iEschler and Bolles, 198]1 ¥or the

6
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machine learning constramthe predictions are based on-#o8l crossvalidation with Random ForestBieimann 2000 -

the target variable specifipredictors(Table2) exclude variablethat arealreadyinvolved in other constraints foné same

target variabldo maximize in@pendence among constrair$®il moisture indicator variables were derived from measured

precipitation and evapotranspiratit®i-3) and added as predictors to improveghedictabilityof fluxesunderdry conditions

Gaps in predictor variables were iotpd withmissFores{Stekhoven and Biihimann, 20t&)maximize data availability and

applicability. Further implementation details are giverSiR3 and Si4.

Each constraint is assigned to one or several target variables involvedeéfationship. In the SW_IN vs PPFD_IN example,

the constraint is assigned to PPFD_IN and SW_IN because both are equally likely to be right or wrong for an outlier point.
Likewise, the constraint LE+H vs NETRAD is assigned to LE, H, and NETRAD. The aomsRECO NIGHT vs
NEE_NIGHT is only assigned to RECO_NIGHT since it indicates primarily issues of the underlyigaflitioning model,

rather than issues of measured NEE at nighe table in SliFable 3summarizes the assignments of constraintsrgeta

variables used here, while the methodology is flexible in adding, removing, or modifying consi¥aimtsfinerelationships

aalaVala RV hles whara 1n v ae-dey on om-the re onship—ie-o ar noin a¥a e noten esmet in at

“eonstraints” in the following.

We introduced the distinction betweeoftsand hard constraints to acknowledfat outliers fromsoft constraintslo not

alwaysindicae data issuedut could be explainedtherwise. Fhe-constraints—are-based-on-expert-knowledge-with- some

mo nd-thaore on hle Whila wa m a a I ive—distinctiondretvasd nd ofi on 'nts

during-flagging-{see-section ) -according-to-their-conceptua ength-i-attributing-outlie

Eosamnple,

outliers in the NETRAD vs SW_IN relationshipe-not-necessarily-related-to-data-issuesduld also originate from sudden
changes in the albedo, e.g. due to snow, harvest or disturdancsome-of the-softconstraints-we know-that forcertain

ondition ha re onshinre due to a aYalalla ide—N RAD \ A N-for negative-netdiation h

that-we cammasktheseoutfrom-the beginnin@roadly speaking, hard constraints refer to physical relationships between
variables wherdarge-inconsistency-among-theatliersreflect a problem in the data with high confidence. Soft coimgsra
refer to relationships based on an underlying madhelre outliers couldlsooccur due tavith-someiolations ofassumptions
and-unecertaintyFor some of the soft constraints we know that for certain conditions the relatibrshks-due-to-violaties
ofassumptienrs not valid (e.g. NETRAD vs SW_IN for negative net radiation) such that wenaakexclude those datsut

from the beginningSince flagging based on outliers from a soft constraint would ingkyof false positive flaggingve later

combine multiple outlier indicationsfrom differentand independentonstraints(e.qg. SW_IN vs PPFD IN, NERAD vs

SW_IN etc)when calculating the inconsistency scfoe a target variablehere SW_IN, sectbn 2.2.3) In contrast to saf

corstrants, fagging is enforced fooutlier daa points fo at least one of the variablessigned t@ hard constrainthere

SW_IN vs PPFED_INsetion 2.24) —thisis where the distinction of hard vs soft constramgstters for flaging in C2F.

sumptions
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Constraint Soft | Rationale Median
or correlation
hard

SW_IN vs PPFD_IN Hard | Because this constraint is associated with a very tight physical link 0.998

empirical relationship it is classified as hard constraint.

NETRAD vs | Soft | Incoming solar radiation dominates the temporal variations of net radiati{ 0.955

SW_IN a daily resolution. Because net radiation includes outgoing and long

NETRAD vs | Soft | components that depend on other factors these constraints are classifieq 0.961

PPFD_IN constrants. When solar radiation is low, e.g. in winter time conditions,

radiation can become negative and the relationship meaningless such th
constraints are only evaluated for data points with positive net radiation.

NETRAD vs LE+H | Soft | Net radiation is linked to the sum of latent and sensible heat fluxes throu( 0.955

energy balance. Contributions by storage changes are neglected for sin
—becauseheir effect isusuallysmall on daily resolution and cesponding
data are not always available. The empirical relationship is typically not @
1.1 line due to the pervasive energy balance closure gap prdbiesrio the
physicalnature-of therelationshomission of storage changwe classified it
ashawd-soft constraint.

GPP_NT vs| Hard | As these pairs are relationships between alternatives from different meth 0.966

GPP_DT the same quantity they are classified as hard constraints.

FERRECO NT vs| Hard 0.882

FERRECO DT

RECO_NT_NIGHT | Hard 0.950

vs NEE_NIGHT

RECO_DT_NIGHT | Hard 0.838

vs NEE_NIGHT

GPP_NT*sqrt(VPD)| Soft | This reflects a water use efficiency model based on optimality considerg 0.888

vs LE for stomatal conductance, which had been tested with EC data. To 1

GPP_DT*sqrt(VPD)| Soft | confounding effects bglevated evaporation, the constraint is not evaluate( 0.880

vs LE

rain days. Due to the assumptions of the model we classified it ag
constraint. For better independence among constraints for the same
variable, only the minimum of the outlier scoresnfrboth variants is assigne
to LE.




NEE ustar| soft | Uncertainties due to Friction velocity-juiltering that are unusual high cg n.a.
uncertainty point to violations of assumptions underlying NEE measurements by
Because uuncertainty estimates depemdiso on gapfilling methods it ig

classified as soft constraint.

TAvs TA ERAS Soft | Because site to pixel relationships with ERA5 meteorological reanalysi{ 0.991
VPD vs VPD ERAS5 | Soft | be affected by uncertainty of ERAS5 and footprint misshas they are treatg 0.911

as soft constraints. They were included due to lack of constraints for T4

VPD from tower measurements only.

Machine learning Soft | Predicting a flux tower variable based on other flux toweraides includeg 0.933 —
uncertainties e.g. due to missing predictors or quality issues in the pred| 0.992

Therefore, these are classified as soft constraints. Variable specific pre
sets were chosen to increase independence among congfsamtsectior

Table 22: Rationale for selected constraints. Median correlation refers to the median Pearson correlation coefficient calculated for
190 each site when executing the constraints, i.e. based on daily data and with outliers removed (see se2tibfor details).

Target variable | Predictors

SW_IN P, SW_IN_POT, LE, H, GPP_NT, RECO_NT, NEE, VPD, TA

PPED_IN P, SW_IN_POT, LE, H, GPP_NT, GPP_DT, RECO_NT, RECO_DT, NEE, VPD, TA

NETRAD P, LW_OUT, SW_IN_POT, GPP_NT, GPP_DT, RECO_NT, RECO_ DT, NEE, V2D,

TA PPED_IN, P, LW_OUT, SW_IN_POT, LE, H, NETRAD, NEE, SW_IN, SMI

VPD PPED_IN, P, LW OUT, SW_IN_POT, LE, H, NETRAD, GPP_NT, RECO_NT, N
SW_IN, SMI

LE PPED_IN, P, LW_OUT, SW_IN_POT, VPD, TA, SW_IN, SMI

H PPED_IN, P, LW_OUT, SW_IN_POT, VPD, TA, SW_ISMI

NEE PPED_IN, P, LW_OUT, SW_IN_POT, NETRAD, VPD, TA, SW_IN, SMI

GPP_NT PPED_IN, P, LW_OUT, SW_IN_POT, NETRAD, VPD, SW_IN, SMI

GPP_DT PPED_IN, P, LW_OUT, SW_IN_POT, NETRAD, SMI

RECO NT PPED_IN, P, LW OUT, SW_IN_POT, NETRAD, VPD, SW_IN, SMI

RECO DT PPED_IN, P, LW OUT, SW_IN_POT, NETRAD, SMI

Table 3: List of predictor variables used for different target variables. SMI stands for soil moisture indicators and denote the sef
measured (top and bottom) soil moisture (if available) and derived indicats CWD:, tCWD:®, CWB:

10
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2.2.2 Outlier score for data points

Fhe-exeedtion-ofEach constraint delivers@ntinuous outlier scoreeventuath(Fig—1)-for-eachsingledatapeintiwhich

quantifiesfor each data pointits anemaleusdeviation from the expected conceptual relationship. The calculation considers

all daily data points available for a site in contrast to processing by year or moving windows. The outlier score istbased on
residuals of the relationship for mosinstraints (R= Y°PS — YPd), The predictions come from r@bustlinear regression

model for bivariate constraints and froner@ssvalidatedRandom Forest model for machine learning based constfag#gs
SI-3 and Si4 for details)
scoremeasures the distea of a data point to the closest quartil@25, P75)in units of interquartile range QR). This
correspondingorresponds o t he whdeploused!l €', whi | erdaspnmetepkdstribhtedser o s |
residualdnto account{see-section-2-4-fby estimating how the guartiles vapr every data point i depending on thagnitude

of YPed (SI-2).

heoutlier

0 d Ow h (1)

The denominators refer to the interquartile range of the distribution of R represented by two half distrib @itwesint for

asymmetric distributionéSchwvertman et al., 2004} IQR for each sidés estimated by 2 times the distance between median

and the respective first or third quartile.

This definition of theoutlier score has several useful propertiesQuflier scores from different constraints are independent

of units comparable, and therefore combinable among different constraints, which is an important prerequisite to calculate the

inconsistency scoréter. Accordingly, this facilitates combining outlier scores from different constraints with different

empirical stength of the relationships because the outlier score for a constraint is relative to the spread of the {2siduals.

Biases due to heteroscedasticity are greatly reduced such that e.qg. inconsistencies for small fluxes can be détected. (3)

continuoushature allovg for consideringdifferent inconsistency strictnessttings(4) Its link to the widely used boxplot rule

makes it easy to interpret and conceptually cl&&e boxplot rule labels data points as outliers if they are 1.5 units of

interquartie range (IQR) apart from the first or third quartiles; far outliers are Bbsledabelledwhen the distance exceeds
3 times IQR. How many units of IQR (nIQR) should be chosen camiective-andpplication dependentit is essentially

astrictnesp ar amet er t hat one mi ght want to vary approxi mat el

| 00 s e (retamiogn®iie dala&hu e parameter nIQR is the key consistency

consistencyretaining less daja o
strictness paranter efeur-appreactind is appliedvhen calculating the inconsistency scesith-a(default valuesf= 3, that
can be varied by the uger

should be
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Figure 21 illustrates theoverall-concept-of-thoutlier score fothe-example-ethea machine learning constraint off®_NT

for a dry site in the United StatédS-Wkqg). The machine learning model was trained with meteorological predictors and
captures the flux patterns very well in gené¢Féd—1-tep) However, it does for example not predict larger negative GPP values
that are present in theeBXNET2015 data. The residuals show a clear pattern of heteroscedasticity, i.e. residuals tend to be
larger when GPP is larg€Fig-1-middie) By taking this heteroscedasticity into account we can identify the large negative
GPP vdues in EUXNET2015 as outliersevenwhera | | owi ng f or “ 1 oos elfFigcbattan) Thisisncy
because the residuals are large relative to the expected narrow distribution of residuals for srede&RRBonr2-4-Jor
more-details)
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Figure 22: lllustration of the derivation of the outlier score for a constraint. This example is for the machine learning constraintor
GPP_NT for USWKg. Observed and predicted valuegtep) are used to calculate residualsand how the distribution of residuals
varies with the predicted value{middie)}to account for heteroscedasticity The outlier score{on colour and bettermbottom panel
measures the distance of the residuals to the quartiles in units of interquartile range (nIQR).

2.2.3 Inconsistency sure of a data point

We first calculate the respective outlier scores for all constréirgble 2, Si1). and-Then we combine them into an
inconsistency score for each target variaileable-3)—Fhus,—the-inconsistency-seprehich takes multiple indiations of

inconsistency into accounto do so, v sort the vector of outlier scores assigned to a target variable for each datanpoint

descending order and normalize them by our consistency strictness pard@Btsuch that outliers would be indieak with

outlier scores > 1. The result we denote gsabere the first value, denoted [1] is from the constraint with the largest outlier
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score, the second value corresponds to the second largest outlier score, and so on. The inconsistency séoukigdis ca

when we have outlier scores from at le&gi constraintsand is undefined otherwise
0° ¢ QRQEMD QD0 &1
A ¢hcl’ o QRQEDEO Qb o &1

In most caseshe inconsistency score is the second largest (normalized) outlier score from all available constraints for a target

(2)

variable and data poinConceptually, this refers to the situation where at least two constraints need to identify a data point as

an outler. Taking the maximum of the second largest, and twice the third largest outlier score washehosépallybecause

occasionally three constraints show consistently elevated outlier scores while the second largest does nbt Fexceed

example, consliering the choice ofl@R=3, an inconsistent data point is flagged if two constraints show residuals outside the

fence for MQR =3 or if 3 constraints show residuals outside the fencel€@Rn1.5.1f Fthe inconsistency score is undefined

Mvhile-flagging is still possible if a hard constraint indicates an outlier (see section

2.2.4).

The definition of the inconsistency score has several useful propertidts ¢h)jculationdeals withthe existing problem of

heterogeneity in data availability (missing data) and associated gaps in the outlier scores because it can be readily compute

for when we have two, three, or four outlier scores available per sample, i.e. not all constraints need to be avaiéable all t

time.(2) As it considers multiplendicationsof inconsistency iaddressethe robustness problem. If there is a real problem in

the data, it should be evident from several constraints. Individual soft constraints may indicate an outlier due tg @folation

underlying assumptions (i.e. false positives), while false positive outlier indication for the same data point by different

constraints is very unlikely if the constraints are independ8htit also addresses the variable attribution problem that we

would have for most bivariate constraints when looking at a single constraint only. For example, we cannot attribute an outlie

indicated in the PPFD_IN vs SW_IN constraint to an issue in either of the variables. Instead, the inconsistency $eores for t

two variables consider all available constraimspectivelyandthusprovide an indication which variable more likely to

show a data issue.
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We will illustrate this by an example of deriving the inconsistency score of SW_IN for a site in HF&cBr( Fig. 32).

Figure 32 shows the three constraints available for SW_IN where the respective outles scale with thesloercolour. the

bivariate relationships with PPFD_IN and with NETRAD respectively, as well as the machine learning based constraint for
SW_IN. In the scatter plots, we see two major patterns of inconsistency: (1) SW_IN scales diffeterfiPFD_IN for a

subset of the data, and (2) all three constraints indicate an issue related to some values of zero for SW_IN. In the time ser

plots for SW_IN, we see that the first pattern of inconsistency between SW_IN and PPFD_IN occurs fmoadengtive

period in 1997, and that the second pattern occurs in 2002 where SW_IN is constant at zero. The inconsistency score fc
SW_IN shows the latter issue accordingly since it is present in multiple constraints, while it shows no major issuéNfor SW_

in 1997 where there was the inconsistency with PPFD_IN only.
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Fig. 32: lllustration of the derivation of the inconsistency score for a variable, here SW_IN for the site FRBr, based on outlier
scores of different constraintsThe eelorcolour scaleswith the outlier or inconsistency score in the same way across panels.
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2.2.4 Flagging data points

320 The first step of flagging data points for a target variable is based on thresholding the corresponding inconsistene$.score a
| Please note that this cosponds to theetspecifiednIQR threshold, which was used to normalize the outlier scores for the

computation of the inconsistency score (section 2.2.3). In the second step, we iterate over the following procedures:

(1) We propagate flagged data points toelegent variables (e.§om-SW_IN to-GPP-DT since-the- lattdependss used
to calculate GPP_Diluring flux partitioningn-the-formersee table 4 for considered dependencies).

325 (2) If two flagged data points are less than a few days apart (default = 4\dayejditionally flag these data points in
between. This is done because data issues often appear in sequence e.g. due to instrumentation issues or moving
window processing of the flux partitioning, while the inconsistency score may not always exceed 1.

(3) If hard constraints indicated an outlier data point but none of the target variables assignddhtddbisstraint were

flagged yet, we force flagginior at least one of thessociated variableg/hich variable(s) get flagged lmsed-en-an

330 determined bwnattribution schemehatconsidergprimarily the inconsistency scores of the varialaslesociated tthe
hardconstraint(seesection-2-4-61-6). Forcing flagging for hard constraints (e.g. PPFD_IN vs SW_IN) is done because
we assume that there must baaga issue in at least one variable involved if an outlier is identified by this constraint,
according to our definition of hard constraifgsction 2.2.1)

NEEA GPP_NT, GPP_DT, RECO _NT, RECO DT

GPP_NTa A RECO NT

GPP_DTa A RECO DT

TA A GPP_NT, GPP_D, RECO NT, RECO DT

SW INA GPP DT, RECO DT

VPDA GPP_DT, RECO DT
Table 4: Predefined dependencies for flag propagation. Arrows indicate the direction of flag propagation.

335
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350

355 Turing back to our previous SW_IN example for the site in France, we see that the flagging has correctly flagged the PPFD_IN
values in 1997, ahflagged the SW_IN values in 2002 (Figde®. The SW_IN flag is propagated to GPP_DT which shows
the same problem as SW_IN in 2002.
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Figure 44: Derived flags for SW_IN, PPFD_IN, NETRAD, and GPP_DT for FRLBr for a strict (nlQR=1.5) and a loose (nIQR=3)
consistency setting.
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To further illustratehow multiple indications of inconsisteneg well as outliers from hard constraints shapah&éiagging

behaviepf carbon fluxeswe look again at the dry site from the US (Fig. 5). The flagged data poiat® the inconsistency
score (red points) are dominated by negaB#r-valuesfoGPP_NTvalues Many of those also correspond to outliers of the
GPP_NT vs GPP_DT constraint (blue stripeg)i ibuti ' ometimesorRECO_NT we

see that flagged values are dominatedheyhard-constrainutliers of the relationship between nighhe RECO_NT with
nighttime NEE pard constraintmagenta stripes). These data points occur predominately in the dry season indicaimg issu

of the nighttime based flux partitioning methd¢Reichstein et al., 200b)These data points, ofteassociated with negative
GPP_NT and elevated NEE, are oftefectedflaggedindependently for GPP_NT based on the inconsistency score. The
propagation ensures that flags are finally consistent and identical for GPP_NT and RECO_NT, as well for GPP_DT and
RECO_DT respectivelyPlease note thdiardly any data were flagged for NHilicating that data issues of GPP and RECO

are likely dominated by flupartioninguncertainties rather than NEE measurement isJiessexamples above illustrateath

we can dignose which constrainkgve contributed to or caused flagging by inspecting intermediate diagnostics, effi&

might be interesting for edelsovariance experts to infer reasons for ptiéissues in the data
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Wkg. The flagging is based on default values (NIQR=3).
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2.2.5 Flagging entire variables

So far, we have aimed at flagging inconsistent data points for a target vavitititea site, given the information available

for that site. Now we aim at identifying if an entire si@riable time series, measured at one site, behamwesually
unexpectedlyand should perhaps be flagged. If for example a variable would be inng wnit, the regression approaches
used in the withirsite eutlierinconsistencyletection will not catch it while e.g. the slope of the regressiorapfibaemerge

as unusual compared to the distribution of slopes from the same constraint availeddeséeso In a similar notion, if the
relationship between two variables for a constraint is unusually weak for a site, the within site processing will nuscatch t
because it looks only for outliers, given the distribution of residuals within the site.

The constraints foflagging the-between-sitentire variableslaggingare based on: (1) the performance of the relationship
from the machine learning constraints, (2) parameters of the linear model of the bivariate constraints in combinason with it
performance (see Figure 6 for an illustration), (3) the fraction of flagged values for a variable from thesitgtpirocessing,

(4) a metric related to the NEE -whcertainty per site as diagnosed by the wisiia processingsge-section-2-4-dily used

for NEE, seéSI-5). Because we add the fraction of flagged valuessiteasa between sitevariable constraist the number

of betweersite constraints per variable is one more than for the within site processiAgfse&s]-1). The above mentioned
diagnostics are converted into outlier scores considering the distribution across sitesijse@.4-7for-detailsSI-7). The
calculation of the inconsistency score per-ga€dable and following flagging of siteariables follows the methodology
descrited for the withirsite processing except that we do not apply the consecutiveness rule in the flagging procedure as it is

meaningless here.
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Figure 6: Estimated regression lines for each site for some bivariate constraints. Each line corresponds to &,siblerscolours
correspond to the derived outlier score for the specific constraint.

2.3 Identifying temporal discontinuities

405 Here we aim at identifying systematic changes in the distribution of flux tower data within a time series that could point to

dat artefacts, e.g. due to instrumentatimrsetup or data processing method changesTemporal discontinuities are assessed

per target variable and site. Additionally to remowvijaps as described in section,2vk also remove flagged data points for
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the target variableThe basigrinciple is to move from the beginning of a time series to the end. At each time step we assess

the difference in the distribution between the data before the current time step and the distribution after the custept time
{see-section2-4-8-for-dewg)l This yields a new time series of the test statistic for the difference of distributions for which we
seek the maximum (Fig.7). We use a fmamametric test for the equality of two distributigiisjuation 3)based on their
energy distancéSzekely and Rizzo, 2004)intuitively energy distance can be understood as the amount of work necessary

to transform one distribution into the other.

Y — —B B wW s —B B O o —B B W WS (3)

Where nl and n2 denote sampleesifor the temporal segments X and Y respectively, and || denotes Euclidean distance. The

term in the brackets equals the energy distance between the distributions of X and Y, which measures two times the mea

distance among samples between X and Y niinesnean distance among samples within X and within Y.

The change in distribution is assessed based on residuals of two machine learning models for the target variatdeand site
SI-8 for details) The first model uses meteorological conditions astirthe second model uses only seasonal information as
input. The residuals of both models are normalized to account for heteroscedasticity. The test statistic for the difference i
distribution is calculated based on distances indimensional space, wheethe two dimensions correspond to the time series

of the normalized residuals of the two models. The rationale for this approach is discussed in section 4.1.2.

The breakpoint detectiomasis setup as a recursive partitioning where the time seriesriiitely split into segments. For
example, we first run the breakpoint detection on the full time series. Then the time series is split into two segnaints accor
to where we found the largest difference in distributions. Then the breakpoint detectinrids both segments again. This
procedure continues until not sufficient data are in the segments (default = 100 data points). For every split we mdlculate a

store a break severity metric that is used to calculate a corresponding outliessearetion-2-4-&I-8).
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Figure 7: lllustration of the break point detection for CH-Dav. The top panel shows the observed time series of daily LE and model
predictions. The middle panel shows the normalized residuals that are passed to the breakpoint detectidhe bottom panel shows
the estimated test statistic for the difference in distributions, which is maximized at the red bar, which denotes the detztbreak.
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3 Results

3.1 Patterns of flagged data

Running the C2F algorithm across all sites in FLUXNET 2015 we find most flagging eraB&=ERRECQ, followed by
SW_IN, NETRAD, and LE, and comparatively few rejections for H, NEE, TA, and VPD (Fag)r& hese differences in the
fraction of flagged values do not entirely reflect a gradient ofidatmsistency but can also be influencgdte number and
guality of constraints available for the different variabfes discussiorsee section 4.1.1). Increasing the consistency strictness
from more looserigrmIQR=3) to more strictigrnlQR=1.5) can cause more than a doubling of flaggirmy. GPP and-ER
RECOthe fraction of flagged data exceeds 20% for strict (nlIQR=1.5) consistency and is below 10% for loose (nNIQR=3)
consistency across the full data set, while there is a tendency of slightly more frequent flagging for the daytimerbais=d esti
compared to the nigtitme based. There is substantial variability in the fraction of flagged data between sites (Figure 9 top

panel).
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Figure 89: Summary of the fraction of flagged data for FLUXNET 2015 for loose (niqr=3) and strict (niqr=1.5) conistency. The top
panel shows the distribution across sites. Second panel shows the fraction of flagged data points across the full FLUXNET 2iata
set while not considering when an entire sitgariable was flaggedi these data points are included in thehird panel. The bottom
panel shows the fraction of sites for which an entire variable was flagged.

39



660

665

670

We take a closer look at GPP ahegR-RECOflagging in order to better understand the pattern of frequent flagging. Figure
109 shows a systematic pattern tfdged GPP an8ERRECOvalues when temperatures are high and GPP isdototh,

nighttime and dagime based partitioningThese conditions correspond typically to very dry conditions, where the

assumptions of the NEE flux partitioning methods are nmi@guently violated: ecosystem respiration is less controlled by
temperature, and GPP is less limited by light. Visual inspection of the time series (e.g. Fig. 5) suggested particular flux

partitioning issues during respiration rain pulses, where e.g. GP& dften systematically negativéhile NEEis elevated.

—We founda systematigattern of strongly elevated flagging frequency during and aftemaérobservedhen temperatures

are high (>15°C) and GPP is low (Fig@®9). This illustrates methodologal limitations of the flux partioning methods in
dealing with rapid changes of ecosystem responses due to the used moving window approach to estimate garameters
flux partitioning processingro verify that the systematic patterns found for flagG&P andFrER-RECOvalues under high

temperatures and low GPP conditions is not an artefact of the method we compare them with the patterns for LE and H, wher
we essentially see no systematic patterns in the relative frequency of flagged values alon@i¢h af magnitude smaller
fraction flagged.
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Figure 109: Relative flagging frequency for nighttime and daytime flux partitioning (GPP,ReceRECO, top row), latent energy (LE)

675 and sensible heat (H, bottom row) as a function of daily temperature and r&ive GPP. The middle row shows flagging patterns for
GPP andReceRECO as a function of days since last major rainfall event, where only data with daily temperatures > 15°C were
included. Crosses indicate very rare occasions (< 0.05% of data points in thi).

We assess whether the flagging of the entire GRREEBrRECOvariables for sites also follows a systematic pattern, and find

that there is indeed some prevalence for flagging for sites with low mean annual precipitation and at high mean annual
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680 tempeature (Figure 10). A similar pattern is not clearly evident for other variables, except for the flagging for NETRAD at

very cold sitesThe prevalence for flagging GRIdd RECO variables for very cold sites might be relatesstees caused by

polar daysand polar nightsi.e. whenduring the growinggeasomo or hardlyany nighttime measurements are available to

constrain the respiration response to tenipesa
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Figure 101: Flagged site variables in mean temperature and precipitation space. Each dot corresponds to a site.
Wenowasess to what extent flagging might be ssgriestottimasites. c f
We chose to look at cold, normal, and hot conditions because temperature extremes are a common topic of interest and becalt
the temperaturgariable showed least dataconsistency issues. The boundaries for the temperature extremes were chosen
according to the boxplot rule for the distribution of measured daily temperatures at each site with a threshold ob1.5 units

interquartile range iterms of distance from the median. Overall, we see no evidence that the C2F would be flagging a high
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fraction of data points related to extreme temperatures (see y axis values ii2fi¢idwever, for some variables we see a
larger fraction of flagged Vaes for extreme temperatures compared to normal. Relatively more frequent flagging for GPP
under hot conditions likely reflects primarily real data issues related to violations-@iitikoning under drought as outlined
aboveThereis-asimilarpattafo _while-itis important to-note that the-fracti , ! onditions is
stillbvery-small-(less-than2%3W-—N-andNETRAD also show elevated flagging rates at high temperatanesH for cold

temperaturesvhile the vast majoty of data is still retained. Fdd-andTA, flagging rates are increased at cold and hot

conditions compared to normal but are small on an absolute level. Overall, we conclude that there are some indications fo
more frequent flagging under extreme cordiii. At the same time the percentages still remain to be small suggesting that the
C2F procedure is generally robust to, and not very biased at extreme conditions. The slight tendency of elevated flagginc
percentages at extreme temperatures might be detatdimitations of estimating heteroscedasticity in very data sparse
conditions {or discussiorsee section 4.1.1).
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705 Figure 112: Relative rejection frequency for cold, normal, and hot temperatures corresponding to the loose consistency criterion
(pigrnlQ R=3). The stratification in temperature classes is based on the boxplot rule applied separately for each site with

AigrnlQR=1.5.
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3.2 Patterns of large temporal discontinuities

We-illustrate-inFigure 12 illustratesfor some sites that large discontimest in the time series are detected for ecosystem
fluxes and meteorological variables, which often coincide with documented changes in instrumentation (BADMs) or changes
in the ecosystem. Changes in instrumentation can explain detected discontinuiae$TeSRo in 20072008 for NEE and

LE, at CHDav in 2005 for NEE and LE, at BEon in 2007 and 2012 for NEE, at €PP1 in 2008 for NEE, at NlLoo in

2004 for NETRAD, at AUTum in 2008 for NETRAD, and for FCol in 2005 for SW_IN. Changes in the ecosysteave

likely caused detected discontinuities at-DEa for NEE in 2002 (thinning) and at FRie for NEE in 2005 (thinning). No
discontinuity was detected for the long NEE time series atHREindicating that the method is quite robust to (real)
interannualariability caused by weather. The reason for the many discontinuities of NEELairBE likely that it is a site

with crop rotation, while some detected discontinuities coincide with changes in instrumentation. LikewiEBB1l @Aa

growing forest platation established in 2002 with an associated strong trend in ecosystem structure which could explain the
detection in 2008, while this coincides also with changes in instrumentation. Time series patterns suggest that detecte
discontinuities at FBod forH and at ITBCi for TA are also likely due to changes in instrumentation, while those were not
reported in the BADMs.

There are several instances where changes in instrumentation are not associated with the detection of a temporaydiscontinui
(e.g. FISod in 2003), and there are likewise several detected discontinuities, which-wet @asociate with documented
changes in instrumentation or ecosystgpeproperties These considerations highlight the importance of correct and complete
metadata on inBumentation and ecosystem changes for interpreting time series of flux tower measurements and detected

discontinuities.
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Figure 123: lllustration of detected breaks for some sites and variables. Black vertical bars correspond to breaks exceeding

nAigrnl QR=1.5 (strict); an additional change in colar corresponds to bigger breaks iigrnlQR =3, loose). Dates of changes in

instrumentation recorded in BADMs are labelled as dotted cyan lines (sonic anometer), magenta triangles (gas analyser), ahien
735 triangle (measurement height). Other changes where only the year was given is shown as text.
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Across FLUXNET 2015, large discontinuitiesigrmIQR>3) in LE are detected for about 25% of sites, in NEE, SW_IN and

NETRAD for about 20% of sites, and in H and TA for abb0% of sites (Fig.43). Considering very big discontinuities (up

to rigrnlQR=6 and larger) we see that the fraction of affected sites levels off at about 15% for LE, SW_IN and NETRAD

suggesting that also changes in the instrumentations of radiometetsernausing more frequent discontinuities in the data
740 than perhaps anticipated. We find that for the majority of @nm sites, at least one big discontinuity was detected for the

radiation fluxes, LE and NEE.
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Figure 134: Fraction of sites with at least one break detected for different variables as a function of the applied outlier score threshold
745 (left), and as a function of record length (right) based omigrnlQR=3.
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4 Discussion
4.1 Methodological considerations

The key objective of any data scrempiapproach is to distinguish between appropriate and inappropriate data, while there is
some arbitrariness and context dependence in the definition of what is appropriate. We addressed this aspect from a conceptt
point of view by flagging data that ameconsistent based on multiple expected relationships among variables, where the
strictness on the inconsistency definition can be varied by the user according to specific demands and applications. The ke
guestion is on the effectiveness-of the C2F algrithm in flagging ideally all inappropriate data while retaining ideally all
appropriate data. The key challenges in assessing this are the lack of reference or validation data for inappropnidte data, a
that inappropriate data are expected to be raescén the following, we discuss methodological aspects related to erroneously

flagging appropriate data (false positive) and erroneously not flagging inappropriate data (false negative).

4.1.1 Factors for potential false positive and false negative §iging

C2F is fundamentally based on the distribution of residuals from expected relationships among variables rather than on th
distribution of the target variable itself. The latter is a common quality control procedure of identifying outliersseel @rba

the boxplot rule, but flags extreme values in the tails of the distribution by construmtidthusrisking false positive and
systematic flaggingFhus,—@ur choice of working with residuals is preferable here because values in the tails ofj¢he ta
variable distribution are retained as long as deviations from expected relationships are not extreme. We showed that C2F i
effective in retaining data under extreme temperature conditions (see section 3.1).

Hence, it is relevant to assess whetheectetl inconsistencies, i.e. large deviations from expected relationships, can also be
real rather than pointing to data issues. We addressed this aspect by distinguishing between hard and soft constraints (s
section 2.2.1), where for soft constraintgkadeviations do not force flagging of values immediately. Most soft constraints

are related to ecosystem fluxes€Table32, St1) because e.g. functional changes in the ecosystem may change relationships
between meteorological variables with the flursswell as relationships between different fluxes. Flagging is only enforced
when more than one soft constraint indicates an inconsistewgjle-ilt is important to construct the different constraints to

be independent from each other as much as gesdihis approachf considering multiple indications of inconsistency

essentially tries to minimize false positives and tries to avoid flagging data that appear as unusual but might be tkal, whil
obviously comes with the risk of having more falsgatéeres.

The consideration of heteroscedasticity of residi#els-a-constrainhas been key in minimizing false positives and negatives.

The fact that the variability of residuals typically increases with magn{iRidbardson et al., 2008hplies that we would get

many false negatives at low magnitude and many false positives at high magnitude leading to a severely biased and systema
pattern of flagging if not accounting for heteroscedasticiggelig. 28). In the estimation procedure of the heteroscedasticity
(SI-2) it was important to extrapolate the distribution properties of the residuals to the tails of the distribution of the target

variable where they cannot be estimated empirically in order to minfalsee positives there. This was not accounted for in
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previous methods based on binning residuals based on maghiitade et al., 202Q)Somelndicationsindicationsof elevated
flagging frequencies under extreme temperature conditions @Eigmay indicate some remaining uncertainties in accounting

for heteroscedasticity, which is particularly challenging at the tails of distributiengdiata scarcity.

The estimation of the outlier score is an adaptation of the boxplot rule, accounting for potential asymmetries indkienkstrib

This is preferable over excluding a fixed percentage of data that is sometimes done. By varyingrtharaiQeter we can
choose how strictly we apply C2F as this determines how far into the tails of the distribution of residuals a datd@eéat is a

to fall. Increasing nIQR makes C2F becoming more loose leading to less flagged data overall, lessifizise lput more

false negatives. Choosing the boxplot rule is common practice of identifying outliers as it is simple and avoids making
assumptions about the underlying distribution. However, the expected probability of a data point in the taiistabtiteod

is certainly dependent on the specific properties of the distribution, in particular of the skewness and kurtosis, vérich are
hard to estimate empirically in a robust w&jtter, 2023) In addition we did not account for sample size correctiornleof
boxplot rule(Ritter, 2023; Schwertman at., 2004)in the current version since these are also sensitive to the assumptions of
the underlying distribution. All these factors cause some uncertainty for fadge/@s and false negatives.

Being able to define meaningful constraints is a prerequisite for C2F to work. For target variables where we have less

constraints, like here e.g. for TA and NEE, more false negatives must be expécietieans thaC2F is kss effective in

detectingdata issues for NEE and highlights the importasfodedicated checks and corrections applaedhe cal cul ation of

fluxes especially undertallenging conditions ofain, stable atmospheric stratificatiosloping terrains, tall canopies, and

apprecable storagesPractical issues due to the lack of data in evaluating a constraint obviously increase the risk of false

negatives. Likewise, issues due to rstationarybehaviobehaviourof relationships due to e.g. changes in instrumentation
increase th risk of false negatives because the overall distribution of residuals will be wider and thus more forgiving. Running
C2F within segments identified by the detection of temporal discontinuities could improve this aspect in the future. Overall,
we can expct that the more appropriate the flux tower data are already before we apply C2F the better and more precise C2}

works in identifying remaining inconsistencies.

4.1.2 Detection and interpretation of discontinuities in the time series

Our detection of teporal discontinuities is based on model residuals rather than on the raw data of the flux tower variable.
This is preferable because (1) the data typically show very large seasonal variations that would propagate to th&test statis
and (2) gadilling of long gaps is not needed, which is particularly challenging in this context because it would require filling
with realistic variability (including noise) to avoid artefacts in the distribution of the data.

We chose to use residuals from two models jgintlthe estimation of the breaks: (1) a machine learning model based on
environmental conditions and (2) a machine learning model based only on tod-tHayear and potential shortwave
radiation that effectively performs a deseasonalization. The abamf the first model is that it accounts for observed
variations due to changes in environmental conditions. However, we found that the machine learning model was too flexible

in some instances where the model predicted an obvious artefact in theutiiistrdf a target variable because there was a
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concomitant change in one of the predictors. The latter can happen because the predictor variables are also flux tower dat
e.g. if two instruments are modified at the same time, or if the tower is movaibed.rThis was the reason to additionally
include the deviations from seasonality obtained from the second model. The residuals of both models were normalized tc
account for heteroscedasticity, which further minimizes differences in distributions diffetend proportions of different
seasons when calculating the test statistic.

Currently, discontinuities are flagged based on how unusual differences in distributions are using an outlier scord calculate
from a distribution of break severities pooledassr all variables. While our definition for flagging temporal discontinuities is
simple and allows for varying the threshold, it is clear that it is not directly related to whether a detected discntinuity
meaningful or relevant for a certain applicati¢-urther, pooling the distribution of break severity across all variables rather
than evaluating per variables has the advantage that it allows for (1) obtaining a larger sample size to better ctiaacterize
distribution, in particular its tail, and YDetter comparability among variables in terms of which variables are more affected

by breaks. At the same time, pooling across variables is not ideal from the perspective of hunting artefacts due to
instrumentation changes since we expect more falgévessfor ecosystem fluxes compared to meteorological variables due

to the possibility of real disruptions in the ecosystem.

The breakpoint detection is based on assessing changes in the distribution of residuals from machine learning models. Th:
implies that any factors impacting the target variable distribution that were not accounted for in the modelling can elevate the
test statistic. Beyond abrupt changes in instrumentation that we would like to flag ideadhglotherreasons for a change

in the distribution of residuals can be natural or anthropogenic disturbance like events (e.g. insect outbreaks, fires, windthrows
harvest, thinning, crop rotation, other management practices) that change ecosystem properties. Also gradual changes in tl
distribution of residuals could in theory cause the detection of a break, e.g. due to strong trends in (1) ecosystem properties
e.g. due to succession or pdgturbance recovery, (2) environmental conditions that are not modelled (e.g. CO2 fertilization),
(3) target variables due to drifting sensors.

From our results applied to FLUXNET 2015 we have some indications that the effect of trends does not cause a large proportio
of flagging discontinuities. While we expect a trend in air temperatures in manyinoageries due to global warming, we

find that the air temperature variable is among the variables that is least affected by detected discontinuities (8e2)section
probably because air temperature is comparatively easy to measure.

Overall, ©urour results furtler suggest that detected discontinuities due to instrumentation artefacts seem to dominate over

natural, real, changes. We see for example relatively large differences in frequencies of big discontinuities between radiati
fluxes and temperature (Fig34), or between LE and H. Such large differences woudbe unexpected if detected
discontinuities were due to real environmental changes. Instead these differences in the frequency of detected breaks amol
variables corresponds to different levels of caewrjilyy for measuring variables: While temperature sensors are robust, long
lasting, and require little maintenanggyanometergadiation sensorare sensitive to levellinggesition;deterioration or and
contaminatiorand requiring more frequent maintenance and replacemensille heat is measured by the sonic anemometer

directly, which typically runs for years without major problemshilefFor latent energy the infrared gas analyisereeded
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additionally, andhis requires moreftenfrequentcalibratiors, maintenance and replacemerthe-same-appliesforthe-tube
of closed path systems

Clearly, some of the detected discontinuities are due to real changes as illustrated for some exam@es Hig iinplies

that detected discontinuities require careful attention in order to judge whether it is due to ahartef@al phenomenon
and it confirms the importance of complete metadata and ancillary data as crucial set of information for the propetimmnerpret

of the measurements.

4.2 Notes and recommendations for applications
4.2.1 Flagging inconsistent data

Adding or modifying constraints or the strictness param@t@R for custom applications is straightforwa®ince almost all
computational costs are associated with calculating intermediate diagnostics that are stored it is straightforward and fast t
obtainnew flagging results for modified consistency strictness. This is particularly useful for assessing the relevance of the
data qualityquantity tradeoff for the conclusions of a specific application. If that is desired, we recommend to recalaulate th
flags for nIQR varying from 1.5 to 5, e.g. at intervals of 0.1, and finding the smallest nIQR at which flagging is intiiated.
yields a more continuous representation of inconsistency and facilitates straightforward filtering. The recalculatjstioof fl
different consistency strictness is preferable over using the inconsistency score because the flagging takes additione
considerations into account (see section 2.2.4).

The approach for daily data outlined here can in principle be adapteddailyulata but it would require modifying some of

the constraints anskettings Hourly C2F caild also help in detecting inconsistencadgadiation datdor certain surangles

when parts of the tower infrastructure like guy wingsy shade individual sensoWe developed the approach for daily data

because these are still used most frequently in synthesis studies and because of much smaller computatienalycosts.

stiikrdata-hez-For applications using sutaily
data we recommend to discard all sidily data of a flagged daily value for now.

C2F delivers flags for individualaily data points for a variable and site as well as flags for entireait@bles. While it is
not feasible to scrutinize every flagged data point to make a decision if one wants to include this or not, we suggest that
scrutinizing the flagged entire sitariables manually is feasible and recommended, i.e. the flagging -wBsiébles is only
meant todraw the attention to potential data issues that require further investigation. This is particularly relevant because e.g.
GPP from sites at the fringes of the tower distribution in climate space are more frequently flagged and these sites are it

principle particularly precious for global synthesis studies.

4.2.1 Flagging temporal discontinuities

The detected discontinuities in flux tower variables are meant to draw the attention to potential artefacts in the data, whic

then requires further investigati@nd judgement depending on the application and data needs. In particular, discontinuities in
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ecosystem fluxes can be due to real changes of the ecosystem, e.g. due to disturbance, harvest, crop rotations, or otf
management practices. While it is haodférmalize, we can provide some guidance on collecting indications which of the
reasons may apply from logical reasoning. For a disturbance like event in the ecosystem we expect breaks in several ecosyste
fluxes around the same time but not for meteaickal variables like SW_IN and TA, or at least much less severe changes. In
addition, we expect that a disturbance would shift the ecosystem NEE towards less carbon uptake on average. Detecte
discontinuities around the same time in ecosystem fluxes at@brokogical variables may indicate a major change in the
instrumentation infrastructure such as raising or moving of the f@rehanging-the-infrared-gas-analyZEo infer whether

a flagged discontinuity is due to a trend in the variable one coujgdysimmove the trend in the residuals before inputting

them to the calculation of the testatistic.

How to deal with detected discontinuities in the time series can also be very application dependent and may vary from
discarding the site, keeping onlyetlongest segment, running the analysis separately within segments, or not doing anything
about it. Clearly, analysis targeting interannual variations or trends should consider discontinuities in the timet senigd tha

be artefacts of changes in theasurement setup.

4.3 Flagging patterns

Applying C2F to FLUXNET 2015 has revealed three major patterns of data inconsistencies: (1) comparatively large flagging
frequencies for GPP aikeceRECOwith a systematic pattern of more frequent flagging under ldoy conditions, especially

after rain; (2) comparatively frequent flagging for SW_IN and NETRAD; and (3) frequently detected discontinuities in long
time series of LE, NEE, SW_IN and NETRAD.

4.3.1 Flagged data points

The high proportions of flagged GRihd RecoRECO data under—drought-conditiens dry seasongan be because the
relationship between nighitme respiration and temperatures break down, or because fast rain pulse responses get obscurec
by the moving window approach used for NEE partitionifgr the daytime partitioning we see a tendency of more flagging

at high temperatures and higher GPP compared to thetimghinethod. Potentially this is due to imperfect accounting of the
VPD effect on GPP in the parametrized ligasponse curvassedto derive GPP_DTWhile the absolute values of GPP and

FER-RECO are often quite small under such dry conditions this issue causes comparatively little uncertainty for annual
budgets. However, they imply some limits to our ability to better understangidrotdgical functioning under water stress

and rain pulseRespiration rain pulses were recently identified as a phenomenon eétaigerelevance for the carboycle

(Metz et al., 2023; Rousk and C. Brangari, 2028] we recommend #malyse those with flux towelata using NEE due to

the issues of currently implemented methods to d&®lz€Oand GPPNovel flux partitioning methods likéTramontana et

al., 2020)that take water stress conditions better into account and avoidy fittimoving windows would be important

complements to have in the near future.
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Relatively frequent inconsistencies in radiation variables may be due to issues in correctly installing, calibrating, and

maintaining thesyranemateisensorskFor example quanin sensors to measure photosynthetically active radiation are known

to drift over time if not frequently calibrate@2F could easily be extended to dettbis specificdrift problemby assessing

trends in the residuals of the SW_IN vs PPFD_IN constrRiadiation data are crucial for the interpretation of ecosystem

fluxes, and are required as forcing variables for mod&ksarly, faulty radiation inputs woulchuse faultyflux predictions.

Furthermore, NETRAD is often used to estimate evaporativedraas a water stress indicator, and needed for analyzing or
correcting the energy balance closure gap problem. This calls again to the importance of the maintenance of the sensors al

the correct and full recording and reporting of all sensors replaceorecdatibrations in the metadata.

4.3.2 Flagged discontinuities in time series

We found that most lonterm sites show discontinuities for radiation variables, LE, and NEE. Obviously, this might have
large implications for studying many outstanding questicegarding interannual variations and trends of ecosystem fluxes
using FLUXNET. While such discontinuities can also be due to real changes in the ecosystem we have indications that dat
issues are likely the prevalent reason (see section 3.2). Evdnffhaof t hose woul d be attribu
conservative scenario, it would still represent a very relevant problem for the community.

Compatratively rarely detected discontinuities in TA and H could be because the associated instrameiits rbust and
long-lasting. In contrastpyranemetersadiation sensorseed replacement and maintenance more frequently, are subjects to
drifts, which could explain more frequently detected discontinuities in radiation variables. For LE and Nt inap,the
involvenentof two differentsersarsin themeasurenerts, changes-inthe-gas-analysand for closed path systemddiionally
atubetha also reyuires subtiutions or maintenance, ehanges-ormaintenance-of the-tutmel d increase chances for temporal
discontinuities. In addition, changes in the flux calculations, corrections, and filtering era-change-of-the-spectral-correction
used-by-the principalinvestigator(PH-could-caande reasons for temporal discontinuities. It would be important to better

understand what aspects related to instrumentation and maintenance change are causing the main problems here to facilite

consistent long time series in the future. Also, in this case the availability of metadata about sensors or setup cijange or m
distubances/management activities at the sites are very important for the interpretation of detected discontinuities and coulc

allow for more tailored approaches in the futurecase of meteorological variables, redundaatisurementsould be used

to support the construction of a consistent timesénie€ase osensors replacemethis would improve C2F overall, as more
constraints could be defined and used.

5 Conclusions

Using expert knowledge and experience we designed and implemented €@fplementary data screening algorithm for
flux tower data based on the principle of detecting inconsistencies. It is fully automated, transparent, follows objective

principles, and delivers simple Boolean flags that are straightforward to use.
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Clearly, C2F is not perfect, complements and cannot replace the typical quality control of flux tower data done by Pls and

during standardizegentralized processindike ICOS or NEON. In fact, it relies on the assumption that the vast majority of

940 data are appropriate already. The qualitpof flags also relies on data availability in terms of variables, i.e. the number of
constraints that can be used, and data quantity for robust estimation of the statistical metrics used. To further develop an
improve C2F it would be desirable to be atldenchmark it objectively using a large set of synthetic data, where flux tower
data with all its potential issues and noise properties are realistically emulated with labels for inappropriate dd¢a availab
Applying C2F to the FLUXNET2015 dataset ureoed for instance issues of the NEE flux partitioning into GP PRaaweb

945 RECOunder dry and hot conditions, as well as temporal discontinuities intilmegseries of e.g. LE and NEE. While the
potential existence of such problems is no surprise for esriance specialists, C2F provides associated flags, which were
not available before. This is especially useful for synthesis activities, ecosystem modellers, or remote sensing intdgration
machine learning. We therefore hope that C2F helps in madiemtific progress, helps in improving FLUXCOM and
processhased models, and helps in flux tower data becoming more accessible and used across communities. In addition, |

950 could help in assisting Pls to assess data consistency before submission td megivoréis, and it could help in accelerating
feedback loops between Pls and centralized processing units of regional networks, if C2F would be implemented in ONEFLUX

and run routinely by theegional networks
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