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Abstract

Understanding seasonal and diurnal dynamics ofysters respiration (&) in forests is challenging,
because R, can only be measured directly during night-timeeldgy-covariance flux towersRis

the sum of soil respiration (&) and above-ground respiration (in theorys R Reco- Rsoir). Rsoil Can

be measured day and night and can provide a cHexdneistency on R, as the difference in
magnitude and time dynamic betweeg.Rnd R.i should be explained by.R We assessed the
temporal patterns and climatic drivers gfiRand Rcoin a mature eucalypt woodland, using
continuous measurements (only at night feg)Rat half-hourly resolution over 4 years (2014-2017
Our data showed large seasonal and diurnal (ovdjnigriation of R, while Ry had a low diurnal
amplitude and their difference k- Rsoil, Or Rag) had a low seasonal amplitude. This result imptes
first glance that seasonal variation affvas mainly influenced bydg while its diurnal variation

was mainly influenced by &. However, our analysis suggests that the nigh¢-fiss, decline cannot
realistically be explained by a decline ofdRChamber measurements of autotrophic components at
half-hourly time resolution are needed to quartibyv much of the R, decline overnight is due to
declines in leaf or stem respiration, and how nmisaue to missing storage or advection, which may
create a systematic bias ig:Rneasurements. Our findings emphasize the needdonciling
bottom-up (via components measured with chambagaect estimates ofR (via eddy-

covariance method).

» Seasonal and diurnal dynamics of soil respiratienevused to constrain ecosystem
respiration over four years

» Overnight decline in ecosystem respiration couldosoexplained by soil or aboveground
respiration, suggesting measurement bias

* Measurements of fluxes and temperature sensitiigutotrophic respiration components are

needed to reduce ecosystem scale uncertainties
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Plain Language Summary

Climate is changing rapidly, mostly because oféasing atmospheric G@esulting from human-
caused emissions. An important question regardingte change mitigation is: will land continue to
absorb human-caused €&missions? To address this question, the net agehaf CQ between
ecosystem and the atmosphere has been measuratlygigba network of flux towers. Flux towers
rely on a complex method, which has been contiguadproved in the last decades. One way to
ensure the quality of these data is to measursaime CQfluxes using different and independent
methods and test whether or not the estimatesrailars In this study, we measured the amount of
CO; emitted at night by a forest and its soil, usiwg tifferent techniques. We found that, overnight,
the time course of the measurements diverged. &uathalysis showed that this difference could not
be explained by biological mechanisms. Thus, theag be an error in the flux tower measurements
of the CQ emitted by the forest, owing to unaccounted-foygital processes. We discussed what
implication this measurement error has on the fiseese data, and what future steps should be taken

by the community to identify and correct this error

Keywords: Eddy covariance, soil respiration, ectaysrespiration, partitioning, temperature

sensitivity
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1 Introduction

Ecosystem respiration £R), the second largest flux in the terrestrial carbgcle after gross primary
productivity (Friedlingstein et al., 2019), is clesiging to quantify in tall canopy ecosystems, sagh
forests. Indirect, bottom-up approaches consiseparately measuring respiration components (soll,
leaf and stem), scaling-up in space using struktuf@mation (bare ground area, stem area, leaf
area), and eventually scaling-up through time usésgonses to drivers (Law et al., 1999; Ohkubo et
al., 2007; Wang et al., 2017). The direct, top-d@stimation method (eddy-covariance) is based on
solving an equation of conservation of O@ass in a volume, to infer the net ecosystem exghaf
CO, (NEE) between an ecosystem and the atmospher®nidthod measuresdzonly during night-
time, when there is no photosynthesis, as the $umrtical turbulent flux (er) and change in

storage (Es) in a control volume (Aubinet et al., 2012). Thegght-time measurements are used in
combination with different sets of environmentaldrs to estimate daytime.&g in order to quantify
the total ecosystem Gdbss, allowing estimation of gross primary produti{GPP = NEE - R
(Reichstein et al. 2005; Moffat et al. 2007; Lapstd al. 2010). However, night-time measurement of
Reco from flux towers has been a longstanding challdremause of weak turbulence and advection
leading to a potential bias in night data (Aubieteal., 2010; Aubinet et al., 2000; Belcher efall2;

Hayek et al., 2018; Leuning et al., 2008; Van Gloesal., 2011; Van Gorsel et al., 2007).

Most common methods of estimating daytimg,Rely on the following assumptions: (1) the resgons
of Recoto drivers is similar between day and night, (& observed response of nightdfan be
extrapolated to a range beyond the measuremegtsa(eommon issue is that air temperatueg) (i
higher during the day than during the night), a3idtije apparent temperature sensitivity estimated
over a large time window (e.g., weeks) can be tisedtimate short-term temperature sensitivity
(e.g., hours). Moreover,.R estimation may also be biased from poorly conséiéirelationships
(noisy data or biased relationship, e.g. due tgstematic error leading to under-estimated
measurements in specific environmental conditiortgte of day), invalid assumptions (e.g. different
Reco mechanisms occurring during the day vs. duringnight) or incorrect algorithms (Desai et al.,

2008).
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The contribution of multiple respiratory sourcestg, all responding at different temporal and
spatial scales to a range of different drivers, esaksting these assumptions complex. Aboveground
CO; efflux (Rag) results from the dynamic regulation of plant pblggical processes occurring in
leaves, branches, and stems in a way that intenattt®nvironmental drivers such as temperature.
For instance, leaf respiration is known to acclersgasonally to temperature, with a higher short-
term (hours to days) temperature sensitivity compao long-term apparent temperature sensitivity
(days to months) (Aspinwall et al., 2016; Atkinagt 2000; Crous et al., 2011; King et al., 2006).
Leaf respiration is also known to be inhibited ight (Crous et al., 2012; Crous et al., 2011; Heske
al., 2013; Kok, 1949; Way et al., 2019). This dyi@aphysiological regulation of leaf respirationlsal
into question the validity of estimating daytime.from night-time measurements (Keenan et al.,

2019; Wehr et al., 2016).

Rsoi has been measured continuously at an increasmgeof sites (BondLamberty et al., 2020)
and can provide a check of consistency for eddwgance baseddk estimates, because.R= Rsi

+ Rac. This constraint indicates thatd&should be larger in absolute magnitude comparéddipand
the difference in temporal dynamic betweer,Bnd R.i should be a result of thesxRktemporal
dynamic (Barba et al., 2018; Phillips et al., 20Vang et al., 2017). However, mismatches between
such bottom-up approaches and diregt &timates are common (Giasson et al., 2013; phitt al.,
2017; Speckman et al., 2015; Thomas et al., 201®)se uncertainties may arise from different
measurement footprints or spatial scales, as taspesolution of Ri is much smaller thandR (~
0.01 nt vs. ~ 1 km, a scaling factor of ), and the time resolution of the measurementsdiffers
(2-5 minutes of sampling forsR and 30-60 minutes foreR). Rsoil iS subject to measurement errors,
which are mostly random (Cueva et al., 2015; Hem@met al., 2007; Pumpanen et al., 2004), but
may be systematic, e.g., in a closed chamber sy#témere is a volume error. FurthermoreggiR
estimates are often clustered at a location dpewer and tubing limitations. In contrastcR
measurements may be affected by a systematicartoas, and have large random error, following a

double exponential distribution (Hollinger & Ricligon, 2005).
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Heterotrophic respiration (Rer models have often been applied to estimateddd Rco (Lloyd &
Taylor, 1994; Reichstein et al., 2005), becauseftepresents a large proportion afiiRwhich
represents a large proportion atRMoreover, these fluxes have common drivers: teatpee and

soil moisture, albeit on different components, sdil temperature, air temperature, stem tempexatur
leaf temperature. Lloyd and Taylor (LT) descrildes temperature sensitivity of heterotrophic
respiration at a given soil moisture (Lloyd & Tayl@994), and has been commonly used in eddy-
covariance Rotemporal gap-filling. The Dual Arrhenius and Mietia Menten (DAMM) model
(Davidson et al., 2012) is a semi-mechanistic loétephic respiration model which includes
regulation of substrate availability via soil watentent limitation in dry soils and oxygen limitat

in wet soils. It has been previously applied teifDrake et al., 2018), and has been used in a data-
model synthesis study to improve estimations &f (Sihi et al., 2018). An increasingly popular
method to modeling &, and Rl is machine learning, such as Artificial Neural Wetks (ANN)
(Moffat et al., 2007), which allow the use of mainwers and results in good fitting quality, but

cannot be interpreted mechanistically.

Reconciling measurements of soil respiration wibsystem respiration is an important step toward
resolving the long-standing challenge of using titfhe NEE measurements and estimates of
daytime R, to quantify total R.c (Aubinet et al., 1999; Van Gorsel et al., 200y aence to
improving accuracy of GPP estimation. The main afrthis study is to decipher what we can learn
from concurrent measurements gtfand Roi, at diurnal (night-time for Ky and seasonal time

scales, and what needs to be studied further. \Weheafollowing objectives:

1) To analyse the diurnal (night-time foed and seasonal dynamics of.kand R, and
evaluate their responses to environmental drivessiband air temperatures and soil water
content over a range of time scales from half-hotariseasonal.

2) To evaluate whether measurements g €an inform predictions of & based on the Lloyd

and Taylor model, the DAMM model, and machine |gagn
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2 Materials and methods
2.1 Site description

The Cumberland Plain Terrestrial Ecosystem Resddetiork (TERN) OzFlux site (Fluxnet code:
AU-Cum), located near Sydney, Australia (latitud&3.61518; longitude: 150.72462), is a mature
dry sclerophyll woodland, with a canopy of variaged trees and up to 25 m in height composed of
two main speciegucalyptus moluccana andE. fibrosa, a mid-canopy dominated ibjelaleuca

decora and an understory dominated by the stBuisaria spinosa and various other shrubs, forbs,
grasses and ferns. This site is equipped with @ &8ll eddy-covariance tower with instruments at th

29 m height measuring net ecosystem exchange o{EE).

Soil respiration was measured at the EucFACE ssitdy within the same patch of mature dry
sclerophyll woodland, approximately 1.4 km from fhex tower (Figure S1). This site was selected
because of its proximity and ecological similatitythe flux tower footprint, and availability of AC
power required for running the autochambers. ThReFBCE and flux tower sites are both dominated
by the Shale Gravel Transition Forest plant comtyuifiozer, 2003) and share a similar disturbance
history (no fire in >20 years). Furthermore, stagdaboveground biomass at both sites was
approximately 4700 g C i and total net primary production was also simigdmbout 600 g C ™
(Table S1). However, the canopy at EucFACE is dateid byE. tereticornis, with an understory
dominated by various shrubs, forbs, and the C3sgkéisrolaena stipoides. EuCFACE was equipped

with three auto-chambers measuringiRsee section 2.4 for details opRneasurements).

During the 4-year period 2014-2017, the mean anpradlipitation was 856 mm yrand the meanaf
was 18.571. Soil C stocks were similar at about 60 T*haut EucFACE soil was sandier than at the

flux tower (Table S2).

2.2 Meteorological drivers

At the flux tower site, meteorological drivers af @mperature (&), soil temperature &), and soil
water contentf(), were measured at half-hourly resolution. Was measured using a HMP45C
(Vaisala, Vantaa, Finland) sensor at 29 m heighf.Was measured within 20 m of the flux tower

using an averaging thermocouple buried at 3 cm/acrd depths (model TCAV, Campbell Scientific,

7
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Logan, UT, USA)6 was monitored at 5 cm depth using a CS616 probef®ell Scientific, Logan,

UT, USA) installed horizontally.

At EucFACE, o andd were measured at three locations, within 1 m td-abhambers measuring

Rsoil. Tsoil andO were measured every 15 minutes using a time-doreflactometry probe (CS650-L;
Campbell Scientific, Logan, UT, USA), and then aged to 30 minutes to match the eddy-
covariance timestamps. The 30 cm-long probe wasted at 45° in the soil at the surface, measuring

0 at 0 to 21 cm depth, and.Tat 5 cm depth.

Rainfall was measured every half-hour using a tiggiucket (Tipping Bucket Rain gauge TB4;

Hydrological Services Pty Ltd, Liverpool, NSW, Aradta).

2.3 Recodata

2.3.1 Night-time Reo Observations

Recowas measured at night (sunset to sunrise) as:

Reco = Fer + Fes 1)
where kris the vertical turbulent exchange of £@ddy-covariance method, (Baldocchi, Hicks, &
Meyers, 1988)), anddsis the change in storage of &@ithin the canopy. The eddy covariance
system included a CSAT 3D sonic anemometer (Carhgbantific, Inc., Logan UT) and a Li-
7500A infrared gas analyser (IRGA, LI-COR, Inc.ntoln, NE, USA). The processing of high-
frequency data to calculateFwas done with the EddyPro® open source softwak€Q@R, Inc.,
Lincoln, NE, USA), keeping data that passed qualitytrol (gc = 0 or gc = 1) tests for stationarity
and turbulence development (Foken et al., 2004 nagidadequate signal strength for the infrared gas
analyser (Renchon et al., 2018). The calculatiofcefvas done using a profiler system that
measured C@at eight heights (Renchon et al., 2018); data wesarded if any of the inlets was not
working. No clear friction velocity ¢ threshold was found at the site (Figure S2;WRas
independent ofwfor a variety of T and6 bins), so a uthreshold was not applied. We further
filtered out outliers, defined as data points abitnee95% quantile (9.8mol m? s?) and below the

5% quantile (-3.3imol m2 s?) of quality controlled data.
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After applying these quality checked criteria, wergvleft with 15,686 R, observations over the 4-
year period 2014-2017, out of a potential of 35,R@lf-hourly night data (~45% of potential night
data was kept). Of total night data, 17% had mg&iz (mostly a dead pump), 17% had poor IRGA
signal strength, 29% did not pass the $tationarity and turbulence development qualityosh(qc =

2).

2.3.2 Half-hourly Reo

To construct a continuous time series, missing-ailirly R.co night-time data were filled using an
artificial neural network (using Levenberg-Marquaattjorithm and 15 hidden layers) built on high
guality data (whendr qc = 0 or 1, signal strength is above threshaid, s is available), with T

ando6 as drivers at the flux tower site (Figure S3).

2.3.3 Nightly Reco

We generated a nightly (i.e. one data point per tgyresenting night-timec.R) estimate of R,
dataset by first estimating nightly&as the median of night half-hourly observationfaf, when at
least 10 high quality observations afrfplus Fkcs were available for a night (without using gapefll
half-hourly data). Then, ifd&s was missing, but at least 10 half-hourly obseoretiof kot were
available, nightly R, was filled using an artificial neural network witightly Recoas target anddr,
Tsoi, 0, Reoil, and u as drivers &= 0.67). If both Esand ket were missing, or <10dr half-hourly
observations were available, nightly.Rvas filled using an ANN with nightly & as target andsg,

0, and Roi as drivers &= 0.50).

2.4 Rsoil data

241 Observations

We measured & using automated chambers (20-cm diameter charb84,00-104 model and LI-
8100A IRGAs, LI-COR Environmental, Lincoln, NE, UpAt three different locations at EUCFACE.
The IRGAs measured G@oncentration during 4.5 minutes, with a 30-s tead and a postpurge,
every half-hour during the 4-year period 2014-200he dataset of & for 2014 and 2015 was

previously published (Drake et al., 2018). The data were gc checked with a threshold criterion of
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coefficient of variation (CV < 1.3) and coefficieoit determination of the fit fr> 0.97). Due to
mechanical issues, data collection was interrugtethg some periods. In total, during the 4 year
period, we collected 133 823 quality checkegl Bbservations, out of a potential total of 210 384.
We kept 64 % of the data, 36 % were missed duestthamical interruption or gc check. From

chamber one to chamber three, we collected 74 %%,68hd 53 % of potential data, respectively.

24.2 Ri gap-filling

In order to evaluate the utility ofsR in predicting Rco using an artificial neural network (see 2.6), we
produced a continuous dataset gfiFby gap-filling the data for each of the threerobars

separately, using the semi-mechanistic DAMM mo8elvidson et al., 2012; Drake et al., 2018). The
DAMM model is composed of a maximum potential raft&soi, Vmax, Which is an exponential
function of soil temperature, which is then potelhyilimited by the availability of C substrate

(MMsy) or by oxygen (MM2). Those two limiting terms vary between 0 andrid are dependent on

0.

Rsoit = Vinax MMgy MMy, (2)

where \haxis a function of activation energy and soil tengpere;

— —Eq/RTsoi
Vmax = Qgy € a/RTsoil (3)

whereasy is a pre-exponential factor (mg C éint), Ea is the activation energy (kJ Mpl R is the

universal gas constant (8.314 J k), and T is soil temperature in Kelvin (°K).

MM s, the availability of C substrate, is a functiorddin® m3).

[Sx]
s = i+ ] “
[Sx] = [stoluble] Dliq 63 (5)
[stoluble] =p [Sxtotal] (6)

where kM« is a Michaelis constant (g C & [Swsoubid is the amount of C substrate potentially

soluble, which we assume to be a fraction (p =4).02 total soil C ([Sota]= 0.0125 g cri) (Drake

10
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et al., 2018), and R is a diffusion coefficient of the substrate inuid phase (k = 3.17,

dimensionless).

MM o2, the oxygen limitation factor, is also a functioird.

[0]
MMy, = ——— 7
927 kMy, + [0,] (7
[02] = Dgas Ozairfmc at/3 8)
Dy
a=1-— D_p -0 (9)

where [Q] is oxygen concentration, kddis the Michaelis constant for.@QL L), Dgasis the diffusion
coefficient for Q in the air (Qas= 1.67, dimensionless),&cis the volume of @in the air (Qairfrac
=0.209 L LY, a is the air-filled soil porosity, Ps soil bulk density (= 1.53 g cri¥) and ) is

particle density (P= 2.52 g crm).

Rsoi is then converted from mg C chhrt to the same units as the:Rneasurementsuinol CQ, m2

s?) following:

Rsoitz = 10* S0ilgepen Rsoin/103/12 % 10°/60/60 (10)
whereSoilgeptn IS the effective soil depth (10 cm).
For each chamber, we fitted the DAMM model{Rfitted to four parameterssx, E, kMsxand
kMoy) to all the available quality checked data. Wentbbtained three parameter sets for the model
(four parameters for each of the three collars).thiéa used the model to fill the gaps for each
chamber, using their respective parameter setallfinve calculated the average from the three
locations, using quality checked observations wdailable or chamber-specific gap-filled estimates
when observations were not available (Figure S2).ndte that the gap-filledsR values have a
lower range than the observations, and that thigriboites to uncertainty and potential bias in the

Rsoi-based ANN estimates ot

11
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2.5 Seasonal and diurnal apparent temperature setsitivi

We estimated the apparent temperature sensitiitygbt-time observations (i.e., no gap-filled data
of Recoand Roil (based on bothaf and Ti) by fitting an equation (Lloyd & Taylor, 1994) on
monthly averages (seasonal apparent temperatusiigigy) and hourly averages (hourly apparent
temperature sensitivity). The Lloyd & Taylor eqaatiwas firstly developed to describesifand later

applied to R (Desai et al., 2008).

1 1 ) (13)

R = R103E0(10+4-6.02 T+46.02

where R is either & or night-time-R.s Riois the basal respiration parameter fitted to data
normalized to 107, Ey is the activation energy parameter fitted on ddgéining the steepness of the
curve, and T is eithersdi or Tar. Temperature sensitivities were calculated onlgrvboncurrent

observations of R, and R were available.

2.6 Alternate predictions of & using Roi

We used an artificial neural network (Moffat et 2007) to model Roas a function of drivers:sdi,
Tair, 0, and Roi. We used MATLAB R2019b with the Levenberg-Marquaigiorithm, 15 hidden
layers, and trained the network on 75% of the tadlgéa. First, we created four ANN, with the
following combinations of drivers: 1)af, 2) Tsoi, 3) Tsoi @nd6, and 4) TFoi, Tar andd. Then, we
created four more ANN by adding half-hourly, gdpfil R.i to these drivers. We give theand

RMSE (residual mean square error) of the fits.

12
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3 Results

During the four-year period 2014-2017, the mearuahprecipitation was 856 mm-¥and the mean
Tar was 18.571. On average, precipitation was higher in summexc@nber through February, 289
mm) than winter (June through August, 187 mm),dyatipitation was aseasonal, with dry periods
and wet periods throughout. At EucFACE,ihad a low variability across the three sensors, as
compared t® and Roi (Figure 1c, grey shade barely visible). Averagghtitime Tsoi varied between
1017 (6 July 2015) and 27 (12 February 2017), and was slightly higher at twer site than at
EucFACE, possibly due to sensor differences (Fidude The soil dried faster after rainfall events a
the flux tower, and had a higher minimum (0.0%n? for the flux tower site, 0.02 fm® for
EucFACE), probably as a result of sensor depthr(scthe flux tower site, 0-21 cm at EucFACE)
and soil texture (more clay at the flux tower ss@ndier at EUCFACE) (Figure 1b, Table S2). At
EucFACE, across the threg,Rocations9 had a large spatial variability (Figure 1b, grepde),
with different locations drying faster after raiveats, probably due to spatial variation in soil
properties (Figure 1b, black dots and grey shadejlian nightly R.i ranged from 1.4imol m? st

on average in winter to 3i6nol m? s in summer, while median nightly.Branged from 2.@umol
m?2 st in winter to 4.6umol m? st in summer (Figure 1a)..R and Rqi had a similar seasonal time
dynamic, with R, being higher than & (Figure 1a). Ri had a large variability in warm, moist

conditions (Figure 1a, grey shade shows range sithesthree sample locations at the EucFACE site).

We used monthly and hourly median values of comeuyobserved data (no gap-filling) to evaluate
seasonal and diurnal patterns, respectively, fdoaf years combined.d& and Roi had a similar
seasonal pattern and followed the seasonal pattéis and T (Figure 2a, Figure 3a,C)..8- Rsoi
(presumably, ) had a lower seasonal amplitude compared.tpaRd Roi, but also peaked in
summer months (Figure 2a, Figure 3a); &ind T both reached maximum values around 15.00 hrs
and minimum around 6.00 hrs, but the diurnal amgétof T;r was much larger than diurnal
amplitude of Foil (2.3 for Tsoi and 8.001 for Tar) (Figure 2b). Note that because Figure 3a values
were monthly medians of night-time observations; Was higher thanak. Rsoi was relatively flat

diurnally, with a diurnal amplitude of 0.28nol n7? s with an average & rate of 2.4umol m? s?

13
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(Figure 2b, Figure 3b).d had a large amplitude over the available obsemmatnge (19.00 hrs to
6.00 hrs), with an amplitude of ~ Jughol m? s and an average.Rrate of ~ 2.umol n? st

(Figure 2b, Figure 3d). As a resultecRR Rsoi had a large diurnal (overnight) amplitude (FigRbe
Figure 3f). Seasonality of individual years arevghan Figure S4, and diurnal patterns of individual

months in 2017 are shown in Figure S5.

The apparent temperature response differed betsgssonal and diurnal time resolution, as shown
by comparisons of fits to the Lloyd and Taylor (49#nodel, driven only by temperaturesgior Tai).

For R, the seasonal apparent temperature response gvees khan the diurnal apparent temperature
response (Figure 3a, b), and the temperature BEyHEo) parameter was unrealistically low when
Rsoi Was fit to Tur (Table 1). For Ro, the seasonal apparentiland T responses produced
reasonable parameters, but the diurnal appatemteBponse was unrealistic (Figure 3c, d, Table 1).
For Reco - Rsoil, the seasonal apparent response parameters \asonable, whereas the diurnal
apparent temperature responses were not, wittalges far too high and:;Rvalues too low (Figure

3e, f, Table 1).

We used the semi-mechanistic DAMM model to compang Ri.i and R responded to the
combined influence of temperature and soil moisthiting nightly median and half-hourlys&
observations using the semi-mechanistic heteroicaglspiration DAMM model yieldedf mbove 0.5
(half-hourly: # = 0.60, RMSE = 0.86mol n1? s%; night median:4= 0.66, RMSE = 0.7@mol n1?> s
! Figure 4, Table 2). Fitting nightly medianrckyielded an%of 0.50, and a RMSE of 1.Génol m? s
! but the fit quality was much lower against hadfahy observations (8 r> = 0.10, RMSE = 2.43:

Figure 4, Table 2).

The DAMM model parameters for.RBdiffered from Roi: kMsx was higher for R, (i.e. more
substrate limitation at low for Recg), and kb, was lower for R, (i.€. more oxygen limitation at
high 6 for Rec) at both time scales, in other words¢dvas more limited by than Rei (Figure 4,

Table 2). Interpretations afx and Ea are difficult due to the equifinality obe parameters.

14
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We compared performance of the LT, DAMM and ANN ralsdbf R¢,, with and without Ry as a
driver. Predictions of R, based on half-hourly observations were poor fathaée models, with?r
below 0.13 and RMSE above 2itol nm? s, but the predictions of daily.R (night median) were
much more accurate (Table 3), withup to 0.58 and RMSE aboufuinol n1? s*. The ANN model
including Roi together with T, Tsoi @and6 predicted night-time &, better than other models tested
(Table 3). Using Ri to inform ANN to constrain estimates ofcRslightly improved estimates of
Recs I? increased by up to 0.02 at the half-hourly scatékay 0.13 on a daily scale (Table 3). The
DAMM model predicted Ro,with similar performance as the best ANN modelseseas the LT
model performed worse than models that incorpor@i@able 3). On a daily time scale resolution,
the LT model fits resulted irf wvalues of up to 0.39 (withsdi) and the 7 for the DAMM model was

0.50.

15
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4 Discussion

4.1 Spatial variability of Reoand Roi and challenges for scaling

In this study, R and R, were measured in similar contiguous forest stavittssimilar soil types,
yet spatial variability of ecosystem properties pracesses within the flux tower footprint and
among the soil respiration chambers must be coregida interpreting our results. The spatial
heterogeneity of Bi may not have been fully captured by the use @elautochambers and the few
sample locations at EucFACE precluded characteisaf a spatially integrated value ofRthat
would reflect fluxes detected by the tower measer@s) We note that there is often a tradeoff
between R, sampling frequency and the number of locationsrevitecan be measured (Savage &
Davidson, 2003). Nevertheless, an earlier studguaFACE compared manual biweekly sampling at
48 soil collars with continuous (half-hourly) meesments on six autochambers (including the
elevated CQtreatment which was not included in this studyyd &ound very similar flux rates across
the EUCFACE experimental site (Drake et al., 2008)teover, the variability of vegetation and soil
properties within the flux tower footprint shoull$@be considered, although NEE did not differ
significantly between sandy and clayey stands (g&fiet al., 2020). Therefore, we expect spatial
heterogeneity within the flux tower footprint tontabute at least as much variability te.5luxes as

differences in ecosystem properties between thetfiwer and EucFACE.

We avoided comparing magnitude of fluxes, and fedusainly on temporal patterns instead, to
avoid over-interpreting the results. We acknowletihgeé some of the inconsistencies in estimating
Rac might be attributable to a mismatch of both sealeé heterogeneity in locations of thgRnd
Reco measurements. Nevertheless, we contend that alysas of the temporal patterns and
environmental drivers are reasonable, as thessite® are very close in space (Fig. S1), and have
similar vegetation, biomass and NPP (Table S1)psoperties (Table S2) and climate (Figure 1).
Further research to evaluate the drivers of spegidaability in Rii should demonstrate how to

enhance the representativeness of sampling dedigma ¢t al., 2014).
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4.2 Seasonal and diurnal patterns @§iRReco and implications for ks

In this study, in a warm-temperate, mature eucatgudland, the observed diurnal pattern iR
was relatively flat while the observed overnighirdal pattern of R, varied. This result challenges
the idea that Ri can be used as a proxy of the diurnal pattern.@f R an influential paper
(Reichstein et al., 2005), the diurnal amplitudelo$erved Ri was compared to the diurnal
amplitude of R, estimated with different methods, validating thetihhods with similar estimated:&
and measuredsR diurnal amplitudes. However, this method shouldjbestioned if R, and Ruoi
have different diurnal amplitudes at other sitasahother important paper (Desai et al., 2008yai
highlighted that emerging datasets of automatddcthambers will help to quantify diurnal trends of
soil respiration, suggesting they should explairsinaiurnal trends of ecosystem respiration.

However, Roi observations have not yet provided a consistamtcaint on R

Because the large overnight amplitude ef;Bannot be explained by diurnal patterns gf Bt the
Cumberland Plain site, either/Rkhas to make up the difference, by decreasinggly@s T

declines (Drake et al., 2019), or observations«f &d/or Ry are biased. The unrealistically high
apparent temperature sensitivity relationshipgRag, — Reoi) Shown in Table 1 suggest thatdRs

not the primary contributor to the large amplitwdenight-time R, (Desai et al., 2008; Reichstein et
al., 2005). Direct measurements of eucalypt cameppiration in whole-tree chambers suggest that
the short-ternQ10 of Rac is approximately 2.2 (Drake et al., 2016), with fRalues expressed on a
canopy leaf area basis close to 8ol m? st and remaining above O@nol m? s! even below

5°C (Drake et al., 2019). For these reasons, weleda that Rs does not contribute to the majority
of the difference between.Rand Roi, Suggesting that a bias in night-timgdand/or Roi
measurements are responsible for the unrealistieBtimates (Hayek et al., 2018; Van Gorsel et al.,
2007). We cannot rule out the possible contribuabspatial heterogeneity to the diurnal difference
between R, and R, but further investigations into this issue argdral the scope of this study.
Rather, we explore the contribution af.io the unrealistic diurnal dynamics in the follogi

sections.
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4.3 Bias of night-time and daytime.R by standard methods?

4.3.1 Night-time estimates of Reco

A known problem of eddy-covariance is the assumpdibhorizontal flux (also named advection

flux) being negligible in the mass balance (seedfiqu 1). For this assumption to be reasonable, the
standard method is to filter out data when advadsassumed to be important. This method is called
u- filter method (Aubinet et al., 2000), and reliestbe idea that night-time NEE should not depend
on friction velocity, since it is not a driver fecosystem respiration. It is usually observed N2E
within a narrow range of temperature and soil nuestncreases or decreases witlatvalues below

a certain threshold. This threshold can be detexdwnith an algorithm such as the change point
detection method (Barr et al., 2013). Data belaw tifreshold should be discarded and then gap-
filled. Without applying this method, night-timedawould usually be under-estimated, as advection
typically leads to loss of CQjbut not always). Studies still question if thistimod is reliable and
suggest alternative methods, such as using eaty data only (3 hours after sunset (Van Gorsel et
al., 2007)), or using intercept of light responserf daytime data (Lasslop et al., 2010), or att@mgpt

to quantify a missing flux from storage measuremamid advection (Hayek et al., 2018).

At the Cumberland Plain site, there was no clepeddence of night-time NEE with friction velocity
(Figure S2), and thus filtering and gap-filling higime data at low-(usually u below ~ 0.2 m$is
filtered out) did not change integrategt&Figure S6). This result could mean that themois
advection at the flux tower site, or that advectioourred but was not dependent enR4c, was,
however, much larger early in the night compareldt® at night, as shown in Figure 2b, and thi# hig
early-night NEE was mostly the result of higksFas ks decreased overnight whilesremained
relatively flat (Figure S7). Also,ds was larger thandr in magnitude. This result highlights the
importance of Esin capturing both the magnitude and pattern Q§ & night. As a result, using data
from 3 hours after sunset did change the annuajétunf R, from 1300 g C M yr! on average

when using all night data, to 1520 g & gr? on average when using only three hours after sunse

The importance of storage and advection fluxesi@ to vary from site to site; although advection
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is usually low at sites such as ours with low slEpabinet et al., 2005), it can remain important at

such sites (McHugh et al., 2017).

4.3.2 Daytime estimates of Reco
Daytime Rcois often inferred from the apparent temperatuspoase of night-time NEE, assuming

that Rco night-time temperature response is similar taégtime response. Using stable isotopes,
Wehr et al. (2016) showed that the standard LT &ratpre response method over-estimated daytime
Reco The authors of the study suggested that the mctnveas likely caused by light inhibition of leaf
respiration (Wehr et al., 2016). Light inhibitionudd cause an over-estimation of daytimeg,Ry up

to 25% as compared to standard methods (T. Kedran 2018; T. F. Keenan et al., 2019). Our
analysis suggests another possibility causing an-estimation of daytimed&. The apparent
temperature response ofcRmay result from a systematic bias, as advectioncoavary with
temperature, both decreasing overnight. This artefauld result in an over-estimation of daytime
Reco €ven without inhibition of leaf respiration, andish be considered. Improved atmospheric
measurements and analytical methods are becomingwmdely available (Hayek et al., 2018),

which should reduce errors related to unaccourdedtbrage or advection fluxes.

Our results show that better understanding of algpeand respiration is required to reconcilg.R
and R, particularly over diurnal time scales (Vargastlome, Reichstein, & Baldocchi, 2011). The
seasonal contribution of:R components has been estimated using low timeut®olmeasurements
(monthly) or using modelling (Law et al., 1999)} b our knowledge no study has attempted to
measure continuously alkBcomponents as the relative contribution efistem respiration (Rn)
and leaf respiration (&9 to Recoat hourly temporal resolution. Such an analysisldie invaluable
to reconcile estimates of daytime ecosystem resmirand quantify the potential over-estimation of
Reco by failing to account for daytime light inhibitiasf Rear. For example, if Ras represents 10% of
Reco, @and light inhibition of R was 60% (Way et al., 2019), light inhibition camyoreduce daytime
Reco by 6%. Moreover, Ri, Rstem and Rear respond to different temperatures (soil tempeeatstem

temperature and leaf temperature) and are laggeahén and thus have distinct diurnal patterns.
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Improving understanding of component contributitmdiurnal patterns of & will improve

ecosystem models, with important consequencessfonating ecosystem C uptake.

4.4 Modelling Recousing the DAMM model

The efficacy of the DAMM model for estimatingdzat a daily time step encourages the use of this or
similar semi-mechanistic models for eddy-covariagag-filling and also for R, models, as it has the
advantage of being interpretable and is thus muwightful than a neural network (Richardson et al.,
2006). The LT model is based only on temperatdbeitfitted to 15-day windows it incorporates

some implicit moisture dependency (Reichstein .€2@05).

Toward the goal of reconciling seasonal and diupagtierns of R, and Roi, more understanding of
respiration components otRis required. Fitting mechanistic models tgdean be insightful to
make progress in that area. Although DAMM was davetl for heterotrophic respiration (Davidson
et al. 2012), it has been applied to total soipiragion (e.g., Drake et al. 2018), because thearese

of Rsoil t0 Tsoi @nd®6 is similar to the heterotrophic respiration resgto these drivers as
heterotrophic respiration contributes to a larggpprtion of Rei and R, and autotrophic respiration
responses are similar, i.e. exponential temperags@onse, limited b§. Applying DAMM 10 Reco
assumes that most of the flux is derived from sdihough we recognize that stem and leaf
respiration respond to different drivers. The adage of fitting LT on a 15-day moving window is to
distinguish the short-term from the long-term terapare sensitivity, whereas DAMM has the
advantage of better capturing the response.gt®&changing soil moisture. Nevertheless, nonéef t
empirical models developed to date for estimatiagtiche R, has realistically incorporated the
responses of inferredaRto changing temperature or soil moisture, leadmgp in understanding

and predicting the full carbon balance of ecosystem
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5 Conclusion

Our concurrent half-hourly measurements of ecosysted soil respiration in a mature eucalypt
woodland showed a similar seasonality fag.Rnd Roiover the four-year period, suggesting that R
drives the seasonality ok By contrast, the averaged diurnal variations weueh larger for Ro
than for Roi, implying that aboveground respiration drives dienal patterns of B, However, the
apparent temperature sensitivity atfand especially (8, — Rsoi) was unrealistically high, indicating
that a systematic bias in the measurements@fiRnight might be leading to an underestimation of
Reco later during the night. This bias, of decreasing With overnight cooling, was not correctable by
u- filtering and storage fluxes estimated from a i@okystem. The unrealistically high apparent
temperature sensitivity of night-timedawould propagate into over-estimates of daytime Rnd

thus also overestimate GPP resulting from commatitipaing methods. The-diltering method is
likely to be insufficient for many sites, due tossing storage or advection flux biases. More
importantly, NEE and night-time.R would remain under-estimated without correctiontifos
systematic bias, regardless of the partitioninghmet Clearly, more detailed measurements of
component respiration fluxes in addition to sofipieation, and appropriate scaling algorithms, are

required for improved predictive understanding @dsystem carbon cycling.
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Figure 1 Time series of daily ecosystem respiratoil respiration, soil moisture and soil
temperature over the 2014-2017 period (n = 1462)d&s) Night median respiration fluxes: black
dots: EUCFACE soil respiration {i gap-filled as in 2.4.2), red dots: AU-Cum fluxuver ecosystem
respiration (R, gap-filled as in 2.3.3), (b) soil moistu® (* m®) in shallow layer (5 cm for the
flux site and 0-21 cm for EucFACE) and daily préteifion (mm day) and (c) soil temperature )

at 5 cm depth. Black dots are the average of tfee tbhambers or sensor, grey shade indicates the
range of values across three chambers or senssaisid®s are the median of night-time AU-Cum

flux tower data.

23
This article is protected by copyright. All rights reserved.



Temperature (°C)

J A S ONGDLJF MAM JNoon 6;;m Midrilight 6am Noon
Month of the year Hour of the night

Figure 2 Seasonal and diurnal pattern of obsergadwrent soil respiration, ecosystem respiration,
above-ground respiration, soil temperature anteanperature. Temporal patterns of (a), monthly
median of half-hourly night-time data (sunset targe), and (b) diurnal pattern of hourly median of
half-hourly data. Data shown: soil respiratiorq{Rand ecosystem respiratione{( soil temperature
(Tso) @and air temperature ). Reco— Reoil IS Shown as an estimate of above-ground respirabata
over the 4-year period 2014-2017 were used. Irody, half-hourly observation of quality controlled
Reco (Se€ 2.3.1) and concurrerdoRvere used. In (b), only observations (no gaprii)i of Roi and
Reco are used to plot the bold colors (night-time), dhey line is gap-filled R, (as in 2.3.2), day and

night, and the light blue line is gap-filledd&- Rsoi. The grey shade represents night-time.

24
This article is protected by copyright. All rights reserved.



5/ @ Rw.T (@) (o)
- O Rvs T,
'w 4 air
@
E
°
g RG>
=
0
(d)
q‘“ o0
: M
Ie]
£
=
8
x” 1
0
—~5 (e) 0
'n
o
Y4
E
2 3
2
52
x” o o
‘o1 __
: é
o
0
12 14 16 18 20 22 24 12 14 16 18 20 22 24
Temperature (°C) Temperature (°C)

Figure 3 Apparent seasonal (monthly median, n mag8ths) and night-time (hourly median, n =11
hours (Rco or n = 24 hours (&i)) temperature responses (Lloyd & Taylor, 1994¢absystem
respiration (R0, soil respiration (Ri), and Rco- Rsoil (Rac in theory). Night-time monthly (left
panels) and hourly (right panels) medians wereutatied as in Figure 2, only when bothiRnd Rco
observations were concurrently available. Monthgdilan of R (2), Rco (C) and Reo- Rsoil (€).
Hourly median of R (b), Reco (d) and Reo - Resoil (). For comparison, lines from (a, c, €) and show

in panels (b, d, f) with lighter color. Parametalues and quality of fit are reported in Table 1.
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Figure 4 Daily (night median) response of ecosystespiration (a) and soil respiration at three
individual collar locations (b-d) to soil temperegwand soil moisture (dots), and Dual-Arrhenius
Michaelis Menten (DAMM) model fit (surface). Valuegfitted parameters and quality of fit are

reported in Table 2. Only measurements are ustfinthe model (no gap-filled data).
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Table 1 Parameter values;@&d Ro and quality of fit, ) of the Lloyd and Taylor model fitted to
monthly (seasonal) or hourly (diurnal) ecosystespimation (Rco), Soil respiration (Ri) and above-
ground respiration (&»— Ri). The monthly median and hourly median @fiRReco and Rco- Rsoi
vs. Tsoi and Tar. Observations (not gapfilled estimates) over 2PQ47 were used to calculate

medians.

Component Temperature Monthinedians Hour average

(n=12) (Roil N = 24; Reo N = 11)

Eo Rio R? Eo Rio R?
Resoil Tsoi 301 1.19 0.80 235 1.28 0.93
Tair 319 1.29 0.80 29 2.22 0.36
Reco Tsoi 299  1.52 0.93 1626 0.04 0.86
Tair 319 1.65 0.93 402 1.21 0.91
Reco- Rsoil Tl 294  0.33 0.47 7459 0.00 0.84
Tair 318 0.36 0.48 2836 0.00 0.98
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Table 2 Fitted parameters values and quality afffthe semi-mechanistic Dual Arrhenius and
Michaelis Menten (DAMM) model (Figure 4) fitted hdght-time observations ofsR of three
individual collar locations anddg, using half-hourly night data or the median ofhtigme data

comprised of all nights with at least 10 half-hoafswvailable data, over the 4-year period 20147201

Datatime

: Fit to Fitted parameters r? RM SE n
resolution

sy Ea KM sx KM o2
Rsoil 1 8.5E+06 54 2.6E-08 1.2E-02 0.62 0.80 52079
Rsoil 2 1.3E+06 49 3.2E-08 6.9E-03 0.66 0.89 44283
Rsoil 3 1.1E+06 49 5.0E-07 4.0E-03 0.53 0.89 37461
Rsoi, mean 3.6E+06 51  1.9E-07 7.5E-03 0.60 0.86 44608
Reco 5.1E+04 42 25E-07 1.2E-03 0.10 243 15686
Rsoil 1 2.2E+08 62 2.3E-08 1.1E-02 0.69 0.71 1116
Rsoil 2 2.7E+07 57 3.1E-08 9.2E-03 0.72 0.85 1037
Nightly Rsoil 3 6.9E+07 59 5.0E-07 4.4E-03 0.59 0.83 869
Rsoi, mean  1.0E+08 59  1.9E-07 8.1E-03 0.66 0.79 1007
Reco 45E+06 52 3.6E-07 1.5E-03 0.50 1.05 933

Half-
hourly
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Table 3 Quality of fit (Rand RMSE) of models fitted on night-time obsematbf ecosystem
respiration (R, using half-hourly night data (top) or the medadmight data with at least 10 half-
hours (bottom), for different environment drivetssé® A and RMSEA shows the improvement of

models when using the same drivers and includingespiration (R.i) as an additional driver.

M odel Drivers R> R?A RMSE R“ZSE
LT Tair 0.08 2.45
LT T soil 0.08 2.46
DAMM T sil, © 0.10 2.43
ANN Tair 0.09 2.45
ANN T soil 0.09 2.45
ANN T sil, 0 0.10 2.43
:‘:':i‘::;g ANN Tsoi, Tair, 0 0.11 2.41
ANN Rsoil 0.09 2.45
ANN Resoi, Tair 011 0.02 242 003
ANN Rsoil, Tsoil 0.10 0.01 243  0.02
ANN Rsoil, Tsoil, 0 0.11 0.00 242 001
ANN Rsoil, Tsoily Tair, 0 0.12 0.00 241 .01
ANN 3 Rsoi, 30, Tsoit, Tar  0.12 2.40
LT Tair 0.36 1.18
LT T soil 0.39 1.16
DAMM T sil, © 0.50 1.05
ANN Tair 0.37 1.18
ANN T soil 041 1.13
Average ANN T i, 0 0.53 1.01
night-time  ANN Tsoil, Tair, 0 0.55 0.99
(n=933)  ANN Resoil 0.44 1.11
ANN Rsoil, Tair 0.50 0.13 1.05 _0.12
ANN Rsoil, Tsoil 0.49 0.08 1.06 -0.08
ANN Rsoil, Tsoil, 0 0.55 0.02 1.00 -0.02
ANN Rsoil, Tsoil, Tair, 0 0.57 0.01 0.98 .0.02
ANN 3 Rsoil, 36, Tsoi, Tar  0.58 0.96
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