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Abstract. A substantial portion of tropospheric O3 dry deposition occurs after diffusion of O3 through plant stomata. Sim-
ulating stomatal uptake of O3 in 3D atmospheric chemistry models is important in the face of increasing drought induced
declines in stomatal conductance and enhanced ambient O3. Here, we present a comparison of the stomatal component of O3
dry deposition (eg) from chemical transport models and estimates of eg, from observed CO5,, latent heat, and O3 flux. The dry
deposition schemes were configured as single-point models forced with data collected at flux towers. We conducted sensitivity
analyses to study the impact of model parameters that control stomatal moisture stress on modeled eg,. Examining six sites
around the northern hemisphere, we find that the seasonality of observed flux-based eg, agrees with the seasonality of simu-
lated eg, at times during the growing season with disagreements occurring during the later part of the growing season at some
sites. We find that modeled water stress effects are too strong in a temperate-boreal transition forest. Some single-point mod-
els overestimate summertime eg in a seasonally water-limited Mediterranean shrubland. At all sites examined, modeled eg,
was sensitive to parameters that control the vapor pressure deficit stress. At specific sites that experienced substantial declines
in soil moisture, the simulation of eg, was highly sensitive to parameters that control the soil moisture stress. The findings
demonstrate the challenges in accurately representing the effects of moisture stress on the stomatal sink of O3 during observed

increases in dryness due to ecosystem specific plant-resource interactions.

1 Introduction

Tropospheric ozone (O3) is a secondary air pollutant formed through photochemical reactions involving biogenic and an-
thropogenic emissions of methane, non-methane volatile organic compounds (VOC), or carbon monoxide (CO), and nitrogen
oxides (NOx). Dry deposition of O3 represents a substantial sink of tropospheric O3 (Lelieveld and Dentener, 2000; Stevenson
et al., 2006; Wild, 2007; Young et al., 2013), and the simulation of O3 deposition velocity, V4, can impact the simulation of O3
concentrations near the surface propagating up the atmospheric vertical O3 profile (Baublitz et al., 2020; Clifton et al., 2020b).
Since dry deposition directly impacts ambient O3 concentrations, modeling the multiple processes involved in dry deposition
is an important component of 3D atmospheric chemistry models (Hardacre et al., 2015; Clifton et al., 2023). An important
contribution to dry deposition occurs with the diffusion of O3 through plant stomata, tiny pores on leaf surfaces which facil-
itate the exchange of gasses such as CO,, H>O, and O3. O3 can degrade to reactive oxygen species in the leaf apoplast and

react with compounds after stomatal uptake transports O3 to the intercellular spaces of leaves (Baier et al., 2005; Dizengremel



30

35

40

45

50

55

60

et al., 2009; Wedow et al., 2021). The stomatal sink ginfiakes stomatal conductance, determined largely by the aperture of
stomatal pores and stomatal density, a key component of modeling dry depositign of O

The ability of plants to sense environmental changes can result in osmotic adjustments that lead to changes in guard cell tur-
gor, stomatal aperture, and eventually stomatal conductance, and through this mechanism, stomatal conductance can respond
changing environmental conditions on timescales as short as minutes (Hetherington and Woodward, 2003; Lawson and Vialet-
Chabrand, 2019). Stomatal conductance responds to changes in soil moisture, photosynthetically active radiation (PAR), the
vapor pressure de cit (VPD) between the interior of the leaf and the atmosphere, and intercellpleoi@®@ntrations (Law-
son, 2009; Lawson and Vialet-Chabrand, 2019; Grossiord et al., 2020; Matthews et al., 20@p)ak itself has been shown
to impact stomatal conductance possibly through bursts of reactive oxygen species in guard cells and impacting biochemical
pathways, including those involved in stomatal sensitivity to soil drying (Wilkinson and Davies, 2009, 2010; Vahisalu et al.,
2010; Lombardozzi et al., 2012b). Many factors of global change such as rising ambigob@¢&ntrations, increasing tem-
peratures, and the increasing severity and frequency of droughts (Dai, 2013; Zhao and Dai, 2022) are likely to impact stomatal
conductance (Liang et al., 2023). Thus, in addition to the photosynthetic response, the stomatal response to global change
could be an important pathway by which global change impacts major components of the carbon and the water cycle such as
photosynthesis and transpiration (Hetherington and Woodward, 2003; Marchin et al., 2023). Therefore, simulating the stomatal
response to the environment is a critical component of many land surface models and a large variety of stomatal conductance
models are implemented (Damour et al., 2010; Franks et al., 2018; Sabot et al., 2022). Since the dry depositioroo§D
stomata is substantial, many of these stomatal conductance models are also used to simulate the stomatal compdnent of O
deposition in the atmospheric chemistry models that we analyze in this study.

Stomatal uptake of @makes up to 45 - 75% of dry deposition during the growing season (Kurpius and Goldstein, 2003;
Stella et al., 2011, 2013; Clifton et al., 2020a), with non-stomatal processes like uptake to soil and leaf cuticles and within-
canopy chemistry contributing to the rest of the dry deposition. Furthermore, stomatal sensitivity to global change factors has
been shown to impact tropospherig €@oncentrations (Andersson and Engardt, 2010; Clifton et al., 2020b; Lin et al., 2020).

For example, drought-induced declines in stomatal conductance can result in increaseslinii®n (Emberson et al., 2013;
Anav et al., 2018; Clifton et al., 2020b; Lin et al., 2020). Proper representation of the stomatal compongit pinCBD
atmospheric chemistry models is likely important for predictingog®@ncentrations in light of what is often referred to as the
"climate penalty” on air quality, part of which includes increasingddncentrations during drought conditions regardless of
local air quality regulations (Wang et al., 2017; Lin et al., 2020).

Comparisons and evaluations of dry deposition schemes and their components, such as the stomatal component, are essent
to improve the monitoring and predictive abilities of 3D atmospheric chemistry models (Dennis et al., 2010; He et al., 2021).
A study by Hardacre et al. (2015) comparing ®4 and ux across global 3D atmospheric chemistry models stressed the
importance of examination of the components afdy deposition. Wu et al. (2018) examined ve dry deposition schemes
at one site and suggested that the different representations of the stomatal and non-stomatal pathways contribute more t
disagreements between model simulatefdcémpared to the different representations of the turbulent transporg @b O

the land surface. Previous comparisons of dry deposition schemes also reveal that the choice of driving variables related to
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moisture stress, such as near-surface VPD, leaf water potential, volumetric soil water content, or soil water potential, can be
a source of disagreement between simulations of stomatal conductance (Biker et al., 2012; Visser et al., 2021; Huang et al.
2022; Sun et al., 2022; Wong et al., 2022; Clifton et al., 2023). Such evaluations often rely on obsgrueda®d V4 at

ux towers and/or observation-based inversions of the componentgy¢fFares et al., 2010; Hardacre et al., 2015; Clifton

et al., 2017; Visser et al., 2021; Wong et al., 2022). Observations of latent heat ux and micrometeorological data collected
over the footprint of ux towers instrumented with gas analyzers and sonic anemometers allows an inversion of the surface
conductance to water vapor (Shuttleworth et al., 1984; Gerosa et al., 2007; Novick et al., 2016; Clifton et al., 2017; Medlyn
et al., 2017; Knauer et al., 2018b; Vermeuel et al., 2021; Wehr and Saleska, 2021). While these estimates do not represent «
direct measurement of stomatal conductance, they offer an estimate of ecosystem scale surface conductance to water vap
and the stomatal component is assumed to be dominant when transpiration dominates evapotranspiration. Such estimates
stomatal conductance have been used to understand the importance of driving variables such as VPD and soil moisture fol
the site-scale stomatal component of @y deposition (e.g. Visser et al., 2021), but not to systematically evaluate many

dry deposition schemes across many sites worldwide with a focus on comparing how models specify the stomatal sensitivity
to driving variables. This keeps us from a full understanding of the strengths and challenges of the simulation of stomatal
conductance across a large variety of dry deposition schemes. Particularly, many model parameters, within the diversity of
stomatal conductance models that are used in dry deposition schemes, control the effects of moisture stress drivers on stomat:
conductance, and the sensitivity of stomatal dry deposition to these parameters across a range of ecosystems is unclear.

The Air Quality Model Evaluation International Initiative 4 (AQMEII4) was designed to compare and evaluate the represen-
tation of dry deposition, including the individual contributing processes, in atmospheric chemistry models (Galmarini et al.,
2021; Clifton et al., 2023). Activity 2 (hereinafter A2) isolated eighteen dry deposition schemes implemented in various at-
mospheric chemistry models as single-point models and forced the single-point models with micrometeorological and other
environmental data from eight ux tower sites (Clifton et al., 2023). Clifton et al. (2023) used obser/®g @ the sites
to evaluate modeled V4 and carried out a detailed comparison of the components of deposition velocity. They nd that
simulated @ V4 can be similar among models while the relative contribution of each component can be quite different among
models (Clifton et al., 2023). Conversely, simulateglddn be quite variable among models when the relative contribution of
the components is similar among models (Clifton et al., 2023). However, the stomatal compongrdeyd3ition velocity
simulated by the single-point models was not compared with observeda@®latent heat ux-based estimates of stomatal
conductance, which may offer observation-based insights into some of the among-model discrepancies noted by Clifton et al.
(2023).

Here, we carry out a model comparison of the stomatal component dQuith observed ux-based estimates as a part
of AQMEII4 A2. We carry out the comparison across six Northern Hemisphere sites consisting of boreal, temperate, and
temperate-boreal transition forests along with an eastern Mediterranean shrubland and a temperate grassland. Particularly, w
focus on parameter and process sensitivity in both model evaluation and comparison. We isolate two case studies of observe

substantial decreases in soil moisture and increases in near-surface VPD to understand the simulation of the stomatal compone
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during times of increased soil and air dryness. Finally, we conducted sensitivity analyses perturbing the values of parameters
that control stomatal moisture stress to isolate the impact of parameter choice. We address the following research questions:
1. How does the stomatal component ¢f @y simulated by single-point models compare with the estimates from observed
latent heat and C® ux?
2. How does the speci cation of moisture stress in single-point models impact the agreement in the stomatal component of
O3 V4 between single-point model simulations and ux-based estimates during times of increased atmospheric or soil dryness?
3. In dry deposition schemes, how do stomatal moisture stress parameters affect the agreement between single-point mode
and observed ux-based estimates?

2 Methods
2.1 Two major classes of stomatal conductance models used i @ry deposition schemes

Clifton et al. (2023) listed the detailed equations of all stomatal conductance models used in the single-point models evaluated
in AQMEII4 A2. There are two major classes of stomatal conductance models implemented. The rst class is based on the
model proposed by Jarvis et al. (1976) (hereinafter Jarvis-type). Jarvis-type models use separate stress functions for differen
environmental conditions and specify the severity of a particular environmental stress with values which range from no stress
to maximum stress. In some Jarvis-type models, individual stress functions are multiplied and serve to attenuate the maximum
stomatal conductance that can be expected under ideal growing conditions. In other Jarvis-type models, the maximum value
from a set of stress functions is chosen to attenuate the maximum stomatal conductance. A range of environmental stresse
are implemented among the AQMEII4 A2 dry deposition schemes that use Jarvis-type stomatal conductance models. Some
schemes implement a few stress functions with incoming solar radiation and air temperature, based on the classic Wesely (1989
dry deposition scheme, while others implement many more (Xiu and Pleim, 2001; Zhang et al., 2003). The general form of the
Jarvis-type models for stomatal resistance to water vaporR s n1) (a conductance is the inverse of a resistance) is:

B Rs,H,0,ideal
Ro10 ™ 1) fxa) fxa) ) .

where R h,0,idealls the stomatal resistance t@@ under ideal environmental conditions (3% and f(x) denotes a function
which controls the strength of the stress that is imposed by an environmental variable, x. Environmental variables related to
air moisture include the difference between air vapor pressure and saturation vapor pressure at air temperature at measureme
height (VPLy;; kPa), leaf-level relative humidity (R and relative humidity at measurement height (RHEnvironmental
variables related to soil moisture or plant water status include volumetric soil water congemt{wi—3), soil matric potential
(Y soil; kPa), and leaf water potentialfa; MPa). A number of equations and parameters can be used to calculate the value of
f(x). An example of a Jarvis-type model, implemented in the CMAQ M3Dry model (Xiu and Pleim, 2001), is:



_ Rs,H,0,ideal
Rs 0= LAIf(PAR) f(w 2) f(RH;) f(T air) ;

125 where PAR is photosynthetically active radiatiommpl 2 s71), T, is air temperature C), and LAl is leaf area index
(m?2 m2).

The second class of stomatal conductance models used in the AQMEII4 A2 dry deposition schemes couple net photo-
synthesis with stomatal conductance using the models of Ball et al. (1987), Leuning (1995), or Medlyn et al. (2011). Net
photosynthesis is simulated with the widely-used Farquhar et al. (1980) biochemical photosynthesis model or models similar

130 toit. An example of a net photosynthesis coupled stomatal conductance model used in some of the TEMIR single-point models
is (Ball et al., 19877):

An RHz, )—1

Pco, .
Pa

Rs.co, = (b o+ 01 o2 @
] a
where R cq, is the stomatal resistance to ¢@s nr), 0o is the minimum conductance (mol s, 0, is a slope
parameter commonly used in the models of Leuning (1995), Ball et al. (1987), and Medlyn et al. (2011) (the interpretation of
135 g, is different among models), Ais net photosynthesis (molTas™), Pco,, is CO; partial pressure at the leaf surface (Pa),
Pais the air pressure (Pa), R is the universal gas constant (3 iol), andj 4 is potential temperature (K). The soil moisture

stress factorty, is calculated as:

8
% 1, Y soil > Y soil,fc
by ZE %v Ysoilwlt  ¥Ysoil ¥ soil,fc 4

0, Y soil <Y soil,fc

wherey sl ¢ is the soil matric potential at eld capacity (kPa), apnghii wit is the soil matric potential at wilting point (kPa).
140 Like the Jarvis-type models, participating net photosynthesis models vary in whether they emp|gyRRidor VPD,;, to
incorporate the effects of air moisture on stomatal conductance. Soil moisture impacts are simulated with the ise o
to calculate stress factors (ely) among the net photosynthesis coupled models. In models thgtgisia their soil moisture
stress functiony o is estimated as a function ofyvas:

Y soil = Y soil.salV2" (%)

145 wherey sl satiS the soil matric potential at saturation (kPa) and B is a site-speci ¢ parameter to copvery . Rs 1,0 1S
scaled to the stomatal resistance #uBing the ratio of @ diffusivity in air (m? s™) to H,O diffusivity in air (m? s™). Rs.co
is scaled to the stomatal resistance tuding the ratio of @ diffusivity in air (m? s1) to CO, diffusivity in air (m? s™).
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Both the net photosynthesis coupled models and the Jarvis-type models have a number of parameters that control the effec
of soil and/or air moisture on stomatal conductance. Full descriptions of the single-point models in this study can be found
in (Clifton et al., 2023). We divide the two major classes of stomatal conductance models into 4 classes as: net photosyn-
thesis coupled models that include both soil and air moisture impacts through the yis@,0f>, VPDyj, RHz,,, or RH
(NP:SM/VPD/RH), Jarvis-type models that include both soil and air moisture impacts through the use/éfdy;,, RHz,,,
or RH, (J:SM/VPD/RH), Jarvis-type models that only include VRJ:VPD), and Jarvis-type models that do not include soll
moisture or air moisture impacts (J:NoSM/VPD/RH). J:VPD models include the impact of plant water status through the use
of year. HOwevery|eas is only modeled as a function of solar radiation, and it is not coupled ywiglp Therefore, we did not
include it in the J:SM/VPD/RH class.

2.2 Stomatal conductance to @ estimated from observations of latent heat ux and net ecosystem exchange of GO

We calculated two separate estimates of stomatal conductaneg(@s@,) using observations of latent heat ukg) and net
ecosystem exchange of GONEE) at the ux towers. These ux observations are not used as forcing data for the single point
models. The rst estimate is an inversion of the evaporation-resistance form of the Penman-Monteith (PM) equation (Monteith,

1981) as presented by Gerosa et al. (2005, 2007) to calculate the surface resistance to watey yappi & n), as:

I ¢p[VPDcanopy-ail
gl E

Rs,H,0,PM= —(Ra+ Ry h,0) (6)

wherel E is the latent heat ux (W @), r is the air density (kg m?), Cp is the speci ¢ heat capacity of dry air at constant
pressure (J Kl kg™, VPDcanopy-aiiS the vapor pressure difference between the evaporating canopy surface and the measure-
ment height (kPa)g is the psychrometric constant (kPa¥, Ra is the aerodynamic resistance to turbulent transfer®,m
and R, y,0 is the quasi-laminar layer resistance to water vapor‘(Js).nVPDcanopy_airis calculated as:

VPDcanopy-air= €s(Ts) —€(zn) (7)

where g(Ts) is the saturation vapor pressure (kPa) at the temperature of the evaporating canopy sirféade éhd e(z)
is the vapor pressure at the measurement height (kEa&}) és calculated using Tetens formula:

(T3 =a expl =) ®

where a = 0.611 kPa, b = 17.502, and ¢ = 240.87Ts was calculated as:

H
Ts=Tair+ —(Ra*+Rpn) 9
rco

where H is the sensible heat ux (W), and Ry 1 is the quasi-laminar layer resistance to heat 3)m
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The second stomatal conductance estimate ts a stomatal conductance model to the estimates of stomatal conductance fror
the PM inversion (GH,0,pm = Rg,lHZO,PM)' We tthe Medlyn et al. (2011) leaf-level stomatal conductance model using gross
primary productivity (GPP) as presented by Medlyn et al. (2017) and Knauer et al. (2018b):

Gy GPP

GsnoMED=Go+1.6(l+p=——-—")
S0, ° i VPDcanopy-air  Ca

(10)

where G n,0,meD IS the stomatal conductance tg® (mol n?2 s71), G is the minimum stomatal conductance tgQH
(mol 2 s71), Gy is a parameter that is inversely related to intrinsic water use ef ciency’ (RRMedlyn et al., 2017), GPP is
gross primary productivitynimol n2s71), and G is the ambient C@concentration (ppm). GPP was calculated by partitioning
the NEE ux into GPP and ecosystem respiratioRcgRNighttime NEE is assumed to be entirelydd NEE was partitioned
using the R package REddyProc with a partitioning approach that uses nighttime NEE ux to estimate a temporally varying
Reco Tair relationship as (Reichstein et al., 2012; Wutzler et al., 2018; Stoy et al., 2006):

1 1

RecdTair) = Rrer€Xp[Eo( -
ecol Tair € Tair,Ref— Tair,0  Tair— Tair,0

(11)

where Fy is the temperature sensitivity,f o is held constant at —46.02C, and T ref iS held at 15 C. The RegTair
relationship is applied to daytime data to obtain estimatesegd €uring the day. Finally, R.c estimates are used to estimate
GPP as:

GPP = Rco— NEE (12)

In order to estimate the {and G parameters by tting equation 10 tosG,0,pv, We limited the full data that was used
for the AQMEII4 A2 to conditions when transpiration would dominhEe and the stomatal component would dominate the
surface conductance to water vapor. To do this, we limited the data to daytime conditions when relative humidity is less than
80%. Data collected during a precipitation event and 48 hours after a precipitation event was removed. We also limited the data
to conditions when sensible heat ux was positive to avoid stable atmospheric conditions. Finally, we removed unusually high
values for G n,0,pv determined by looking at growing season daily box plots 9fifp pm at each site. The site-speci ¢ upper
thresholds for G0 pm are listed in Table 1. Table 1 also shows other ux tower site details. The Python-based open-source
software, SciPy, was used to estimatgdhd G through least squares optimization using a Huber loss function to reduce the
in uence of outliers (Virtanen et al., 2020). Calculating Go,mep and G n,0,pm allowed us to use the GPP ux which is
partitioned from NEE calculated from the observedsCx. This adds an estimate of stomatal conductance which is driven
by GPP in addition to a separate estimate which is drivehthyBoth CQ ux and | E share the stomatal pathway in their
total ux. In order to calculate Go, pm and G o, MeD, Gs,H,0,pm @aNd G H,0,MED Were scaled by the ratio of{diffusivity
(Do,) and RO diffusivity (Dn,0). The ratio,%, was set as 0.61. All of the analysis in this paper uses daytime ux tower

Dh,0
data and single point model simulations.



2.2.1 Effective stomatal conductance to @

The (half-)hourly deposition velocity of §£) V4, can be calculated from measurements gf @ and concentrations at the

205 ux tower sites as:

Fo
Vd = 3
[03] Zm

where by, is the ux of O3 measured at a ux tower site, and {3, is the G; concentration measured at the height of the

(13)

instrument. The effective stomatal conductance $¢&) quanti es the amount of @V that can be attributed to the stomatal
component, and it is used to compare the contribution of a given depositional pathway (e.g. stomatal uptake) across models
210 with differences in resistance schemes (Paulot et al., 2018; Clifton et al., 2020b; Galmarini et al., 2021). The single-point model
simulations of egare archived with AQMEII4 A2. It is important to note that the exact calculation of the effective conductance
for a given pathway from the single-point models depends on the resistance framework used (Galmarini et al., 2021).
To compare egfrom the single-point models and the observed ux-based estimates, we calculafezethe (half-)hourly

observed ux-based estimatess g pm and G o, MED, aS:

G
215 eg, py= %C'PM Vg (14)
Gs,0;, MED
e MED™ — 2 Q’GC Vg (15)

where G is the canopy conductance tg @/R;,o,). Rc 0, is calculated as the residual i@’x/after calculating Rand the
quasi-laminar boundary layer resistance (8 o,; S m1) using the following big-leaf resistance framework:

Re.0; = Vgt =Ra—Ro.0, (16)

220 Ra was calculated as (Verma, 1989; Knauer et al., 2018a):

_ U(zm)
=5

Ra (17)

where u(z) is the wind speed (nT$) at the measurement height andis the friction velocity (m 3%). Rp,0; is calculated
as:

2 SC)2/3

Rb.0; = K (ﬁ (18)
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Table 1. Description of the observational data used at each ux tower.

Site Location Temporal resolution  Site years used Gs H,0,pm UL P€
Harvard Forest, USA 42.54N, 72.17 W Hourly 1992 - 2000 0.03 g
Borden Forest, Canada 44.3R, 79.93 W  Half-hourly 2008 - 2013 0.03nTd

Ispra, Italy 4581N,863 E  Half-hourly 2013 - 2015 0.02 s
Hyytiala, Finland 61.85N,24.29 E  Half-hourly 2002 - 2005, 2007 - 2012  0.02 it's
Ramat Hanadiv, Israel  32.58,34.93 E  Half-hourly 2016, 2017 0.02 ni%
Bugacpuszta, Hungary 46.6%, 19.60 E  Half-hourly 2012, 2013 0.02m$

2 Figure S1 displays the months with available observations during each year used.

b Gs,h,0,pMm is the stomatal conductance t@® using the Penman-Monteith inversion.

¢ Gs,H,0,pm UL stands for the upper limit applied tos@,0,pm- A description of the selection of the upper limit is provided in section
2.2.

where k is the von Karman constant (0.4), Sc is the Schmidt number (the ratio of kinematic viscosity of air to the molecular
diffusivity of O3) and Pr is the Prandtl number (the ratio of kinematic viscosity to thermal diffusivity).

To answer question 1, we calculated monthly meanfemm each single-point model and compared the averages to the
monthly mean egpyand eg \iep inferred from observations as was done for totghQ in Clifton et al. (2023). We calculated
monthly averages using all available years at a site. Therefore, when multiple years of data is available for a month, the monthly
mean is a multiyear monthly mean. Ramat Hanadiv and Bugacpuszta only have one year of data for certain months of the yeat
(Figure S1). We also compared the minimum, maximum, and central range of single-point modetednéigly averages
with monthly mean egpy and eg yep as Clifton et al. (2023) introduced for evaluating totaJ @y from these single-point
models. We calculated the interquartile range (IQR) of the monthly averages from all single-point models, and we call the IQR
the "central range" throughout the paper.

2.3 Isolating times of water stress for case studies

We chose two case studies to address question 2 by comparing the agreement between single-point paddlebssgved
ux-based eg during times of water stress: Borden Forest and Ramat Hanadiv. These case studies were chosen because the
represent times when there was substantial disagreemen amemg models and between models and observed ux-based
estimates, egp)yand egq yigp, and the speci cation of moisture stress appeared to be a source of the variability. The rst case
study is at Borden Forest, Canada. The monthly mean soil volumetric water content measured at 50 cm depth fell below the
model speci ed wilting point during July 2011 and 2012 and September 2009, 2010, and 2011 at Borden Forest. July 2011 and
2012 also exhibit high mean VRP along with low mean soil volumetric water content (Figure S1). Therefore, we used July
2011 and 2012 at Borden Forest as the rst case study and compared simulatéthesp; p\ and eg yep to understand if
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the ux-based egsupports the single-point modeledselyring this time. The second case study is at Ramat Hanadiv, Israel,

a seasonally dry shrubland which experiences sharp declines in soil moisture and increasegid\WiQ the dry summer

months (Figure S1). Clifton et al. (2023) showed large divergence between single-point modeled and ohgatedriat

Hanadiv during the dry summer months. The seasonally dry months provided a case where we were able to study if models
capture egduring conditions when the vegetation experiences substantial water stress at this shrubland.

2.4 Sensitivity of single-point simulated egto parameters that control sStomatal moisture stress

Sensitivity simulations were conducted to isolate the impact of moisture stress parameters on single-point modited eg
parameters related to moisture stress from many participating dry deposition schemes were perturbed along a range of val
ues listed in Table 2. Some parameters control the strength of the soil moisture stress and the strength of;ttstr&43D

Other parameters control other plant ecophysiological properties such as the relationship between net photosynthesis an
stomatal conductance or the intrinsic water-use ef ciency. Additionally, we perturbedsthgoRiealand G 1,0,max Param-

eters as J:NoSM/VPD/RH models do not include moisture stress variables. Lastly; \4R® RH stress functions in some
J:SM/VPD/RH models did not have parameters. For these models, we perturbed the value of the stress functions, f(VPD) and
f(RH,) to test the impact of varying the strength of the V(R2and RH stress.

A set of sensitivity simulations consisted of 5 - 7 simulations conducted for a given parameter or stress function in which
the value of the parameter or stress function was changed within the range listed in Table 2. In total, 12 parameters and 2 stres
functions without parameters were investigated. The number of sets of sensitivity simulations and the number of sensitivity
simulations within a set are different across models for a couple of reasons. First, stomatal conductance models vary in the
driving variables they use for moisture stress, and certain parameters are unique to a given model. Second, while many stomate
conductance models share parameters, different model implementations mean that the parameters need to be perturbed acrc
different ranges to capture the effect of that parameter gfoe@ given model. The number of simulations conducted for each
parameter of each model is listed in Table S1. The value used for each parameter in the base simulation of each model is liste
in Tables S2 to S12.

We conducted the sensitivity simulations to answer question 3 and understand how moisture stress parameter values impac
the agreement between single-point modelegdawl ux-based egfor our two case studies at Borden Forest and Ramat
Hanadiv as well as other sites. We calculated the median absolute difference (MAD) between single-point mgdeidd eg
ux-based eg as

MAD MED,m,p,v = Median Ieg’MED— e%,SPMOG’n,p'VI (19)

MAD pm,m,p,v= Median |eg py— € spmog, .| (20)

where eg spmog, ,, IS the estimate of gfrom a single-point model for model min 1,...,M, parameter or stress function p in
1,...,P, and parameter or stress function value v in 1,...,V. We calculated one summertimgeMAR,v and MADpy m,p,v
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for Borden Forest, Harvard Forest, Hyytiald, and Ispra by pooling the (half-)hourly absolute differences for June, July, and
August. We calculated three MAREp m,p,vand MADpy m p,vfor Ramat Hanadiv by pooling together the absolute differences

for winter, spring, and summer separately. At Ramat Hanadiv, we pooled the (half-)hourly absolute differences in January and
February for the winter MARgD, m,p,v and MADpMm m p,w March - April for the spring MARYeD,m,p,v ahd MADpm,m p,w

and June - September for the summer M@ m,p,v and MADpy m p,« FOr each parameter or stress function in a model, we
calculated the change in MARED m p,v and MADpm m p,vWith change in the parameter or stress function value as:

DMAD MED,m,p - MAD MED,m,p,v,Max— IV|ADMED,m,p,v,Min

(21)
DVm,p Vm,p,Max—VYm,p,Min

DMAD PM,m,p - MAD PM,m,p,v,Max— IV|ADPM,m,p,v,in

22
DVm,p Vm,p,Max— VYm,p,Min (22)

where MADVED, m,p,v,MaxIS the maximum MARueD,m,p,y MAD MED,m,p,v,Min IS the minimum MADByeD, m p,v
MAD pm,m,p,v,MaxiS the maximum MARM m,p.u» MAD pm m,p,v,MiniS the minimum MADbMm, m,pv Vm,p,MaxiS the maximum
parameter or stress function value, aRgivin is the minimum parameter or stress function value. One of th&, Wsoil,wit.
andy jeaf, min S€Nsitivity simulations perturbed the parameter value to an extremely low value, -1E+09, to understand the impact

of substantially lowering the strength of the soil moisture stress for the Borden Forest case study. However, we did not use this

D MAD pmm,p and

e L . DMAD ; ;
sensitivity simulation in calculatin DVMED'm'p for these parameters to avoid a laiyem p. We will refer to—45
m,p m,p

D MAD meDp,m p
DVm,p

To study the impact of parameter perturbations on model bias speci cally for our case studies that suggested water stress

as simplyPMADem gng DMADNED respectively, throughout the remaining discussion.

related over- or underestimation ofggve calculated the monthly median difference between single-point modeletheg

the two ux-based egestimates, egpyyand eg yiep for both base and sensitivity simulations as:

MDeg, e0,mp, = Median (€g viep—€4 spmogh, ) (23)

MDegs.PM,m.p,v: Median (eg,PM_e%,SPMO%,p,V) (24)

For Borden Forest, we calculated the monthly mediarblgély,;PEMWV and MDegS‘PMYm‘p’Vonly using (half-hourly differences
during 2011 and 2012 to focus on the years of our case study. For Ramat Hanadiv, we calculated monthly m@g@grl}]/lpq
and M%%PMYm‘pyvusing all available years. Since the median differences for the case studies are calculated for the base simula-
tion as well, 1, ...,V includes the parameter or stress function value used in the base simulation. We will refegsyt&g’llmq)vv
and MDegs,pM,m,p,vaS simply MQQS,MED and MDE%,pM hereinafter. A negative value of MJ%MED and MD?gs,pM means overesti-
mation of eq by the single point model and a positive value means underestimation by the single point model relative to the
ux-based eg.
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Table 2. A list of parameters related to moisture stress used in the dry deposition schemes. The "Values" column lists the range of the values
used in the sensitivity analysis during which the values of a given parameter were changed to values within the range listed.

Parameter Group @ Parameter Values G model type ¢ Model
Initial resistance or conductance s,R0,ideal (S m‘l) [100, 350] J:SM/VPD/RH IFS SUMO Wesely, CMAQ STAGE
J:VPD GEM-MACH Wesely, GEM-MACH Zhang, TEMIR Zhang

J:NoSM/VPD/RH  WRF-Chem Wesely, GEOS-Chem Wesely, IFS GEOS-Chem Wesely, TEMIR Wesely
Gs, H0,max (M s  [0.001,0.007]  J:SM/VPD/RH DEBE multi

Vapor Pressure De cit (VPD) stress ViR (kPa) [2.5,0.5] J:SM/VPD/RH DEBE multi
Bypp (kPa™) [0,0.5] J:VPD GEM-MACH Zhang, TEMIR Zhang
Do (kPa) [2,3] NP:SM/VPD/RH  D@SE psn
f(vPD) [0,1] J:SM/VPD/RH IFS SUMO Wesely
J:VPD GEM-MACH Wesely
RH stress f(RiD [0,1] J:SM/VPD/RH CMAQ STAGE
Soil moisture stress W (m® m™) [-1E+09, 0.1] J:SM/VPD/RH IFS SUMO Wesely, CMAQ STAGE
NP:SM/VPD/RH  DQSE multi, DQ;SE psh, MLC-CHEM
Yieat.min (MPa) [-1E+09, -500]  J:VPD GEM-MACH Zhang, TEMIR Zhang
Y soil,wit (KPa) [-1E+09, -2.75] NP:SM/VPD/RH  TEMIR Wesely BB, TEMIR Wesely Medlyn
B [2.5,7] NP:SM/VPD/RH  TEMIR Wesely BB, TEMIR Wesely Medlyn
Slope controlling the relationship betweeg &d A» gy [6, 11] NP:SM/VPD/RH  DQSE psn, MLC-CHEM
G188 [4,11] NP:SM/VPD/RH  TEMIR Wesely BB
Gim [1.5,5.5] NP:SM/VPD/RH  TEMIR Wesely Medlyn

2 Gs is stomatal conductance nAs net photosynthesis. VPD is VRR RH can be RH,, or RH depending on single-point model.
b G is stomatal conductance.
¢ NP:SM/VPD/RH models are net photosynthesis coupled models that ingbdglens, VPDair, RHz,, or RH impacts of stomatal conductance. J:SM/VPD/RH models are Jarvis-type models that ingjuéeDy;, RHz,,, or

RH;, impacts on stomatal conductance. J:VPD models are Jarvis-type models that only inclugleivpérts on stomatal conductance. J:NoSM/VPD/RH models are Jarvis-type models that do not include soil moisture or air
moisture impacts.

3 Results

3.1 Monthly averages of single-point modeled ggacross sites and comparison with observed ux-based estimates of
eg

We rst compare monthly averages from the two different observed ux-based estimatgsy eqd egq ygp, Which are
denoted as "Flux-based: &gy and "Flux-based: egyep" respectively in Figure 1. We nd that the seasonal cycle of eg
from the two estimates agree at most sites, but the magnitudg divegged at all sites at some point during the growing season
(Figure 1). The largest disagreements between the two observed ux-based estimates occurred at Borden Forest and Ramz
Hanadiv. At Borden Forest, ggy was higher than eg,ep from April to October. At Ramat Hanadiv, ggy was higher
than eg y\gp during the winter months and lower thanggep during the spring and summer months. These disagreements at
Ramat Hanadiv and Borden Forest can be partly because stomatal conductance estimates from the PM iQygesiaw, &e
higher than those from §,0 mep during times of low VPRanepy-—air FUrthermore, when looking at the relationship between
the stomatal conductance estimate and the underlying ux used in the estinaig f#p is more tightly coupled with NEE
and the partitioned GPP compared to the coupling betwegpépm anl E at all sites.

We next compare the observed ux-based estimategpgand eg yiep, to the single-point models. In addition to the
observed ux-based estimates, Figure 1 shows theesimates from each single-point model as divided into the four classes
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Figure 1. Monthly daytime averages of ux-basedgnarked as Flux-based: ggy; and Flux-based: eg,ep and single-point modeled gg

Column 1 shows the model central range, minimum, and maximum of monthly daytime averages of all single-point med€leldrag

2 - 5 show monthly daytime averages of single-point modelgdggtomatal conductance model type. NP is net photosynthesis coupled. J

is Jarvis-type. SM is soil moisture, VPD is near-surface VPD, and RH can be relative humidity at leaf surface or measurement height. Rows

are labeled by site. Dots show the monthly meagnaew vertical bars show 2 standard error of the mean.
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of stomatal conductance models described in section 2.1. Figure 1 also displays the central range, the maximum value, and th
minimum values of the monthly averages from all single-point models. The seasonal cyclg-pf&wyl eq ygp agrees with
the seasonal cycle of the central range at most forest sites (Figure 1). Speci cally, monthly noggi @gd eg py estimates
fall within the central range (Figure 1) throughout times of peak GPP at Harvard Forest, Borden Forest, and Ispra during June,
July, and August (Figure S1). At Harvard Forest, Borden Forest, and Ispra, the central range suggests an incggase in eg
the summer months (June, July, August) with declines after September. Monthly averagesfpaed eg vigp display the
same seasonal cycle at these forest sites. Even though the seasonal cygkugfegted by the central range is supported by
the ux-based averages, individual model averages can disagree with {hg;@0d eg \gp averages at these three forests
(Figure 1). For example, GEM-MACH Wesely averages show an earlier and more abrupt decligimio 8gptember after the
summer months at Harvard Forest, Borden Forest, and Ispra compared to the averages from some other single-point models
eg pv and eq viep-

At the boreal forest in Hyytiala, the April - July increase in ég the single-point model central range is well supported
by the egq vep and eg py averages (Figure 1). However, the agreement between the central range and ux-based averages
degrades past July. The ux-based estimates continue to show increagiimjcegugust while the upper limit of the central
range begins to decline past the July peak (Figure 1). Among the forests, the largest disagreement between ux-drased eg
the central range occurred at Hyytiala during times of peak GPP in August and September (Figure 1 and Figure S1). During
these months, the multiyear mean gg and egq yigp are higher compared to the central range and most single-point models.
GEM-MACH Wesely averages show a more rapid decline ingegt the June peak compared to the other single-point models
at Hyytiala. Furthermore, IFS SUMO Wesely averages suggest declinifigpeagMarch to December while most other models
do not show post peak gdeclines until after July (Figure 1).

At the shrubland site, Ramat Hanadiv, the monthly meangg, falls within the model central range during the winter and
spring months (January - May) (Figure 1). The central range and bilggand eg p\ averages suggest declining;egto
the dry summer months at this site. However, the central range suggests a more at seasonal cyciéimless variability
between the wet months and dry months compared {g,eg and egq py. Compared to the forests examined here, there is
stronger disagreement about the seasonal cyclegamgng individual single-point models at Ramat Hanadiv. For example,
some models, such as GEM-MACH Zhang, TEMIR Zhang, GEM-MACH Wesely, WRF-Chem Wesely, and CMAQ STAGE
estimate higher egduring the dry summer months compared to the wet winter months, which is not supported\pned
and eg py (Figure 1). Some single-point models like those from the TEMIR models, GEM-MACH Wesely, and WRF-Chem
Wesely show rapidly increasing g@to the spring months (March - May), which is not supported by g, or eg; py
averages. Other models like CMAQ M3Dry models, IFS SUMO Wesely, TEMIR Wesely, and IFS GEOS-Chem Wesely show
relatively less month-to-month variability in ggompared to egygp and eg py (Figure 1).

Out of all of the ecosystems studied here, the highest disagreement in monthly means between modeled and ux-based eg
occurs at Bugacpuszta where there is unfortunately missing data during June and July. Clifton et al. (2023) also noted this for
O3 V4 at this site. Many single-point models as well as the central range show a single and sharply peaked seasonal cycle with

a maximum during June and July (Figure 1). The limited observations at Bugacpuszta used for this activity do not allow us
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to con dently estimate the full seasonal cycle of ux-based agthis site. Looking at the months when observations were
available, egygp and eg py are higher than the central range and the maximum modeled monthly averages during most
available months with the exception of May, August, and September (Figure 1). Thus, neither the central range nor individual
single-point models simulate ggnonthly averages that are in agreement with ux-based estimates. As Clifton et al. (2023)
noted, during August and September, soil volumetric water content was below model speci ed wilting point (Figure S1) and
many single-point models that include soil moisture stress simulate very Igwowgring the central range. gggp and

eg; py also show lowered ggluring the limited observations in August and September.
3.2 Comparison of eg during moisture stress: Case studies at Borden Forest and Ramat Hanadiv

Figure 2 shows a comparison between single-point modeled and observed ux-baskdieg times of observed increases
in soil and atmospheric dryness. The top panel shows the comparison for Borden Forest and the bottom panel shows the
comparison for Ramat Hanadiv. For Borden Forest, the purple box plot shows the distribution of (half-)hourly Sluiireg
2011 and 2012. The green box plot shows the distribution of (half-)hourly Julgieing all years excluding 2011 and 2012.
The ux-based estimates of ggeg; p and eg vep, demonstrate that the observed decreases in soil moisture and increases
in VPDg;; during July 2011 and 2012 did not lower stomatal conductance gategorden Forest (Figure 2). Similarly, some
single-point models do not show reductions in dgring July 2011 and 2012 compared to the July distribution gbegside
of 2011 and 2012 (Figure 2). However, other single-point models show too large reductiogslirieg July 2011 and 2012
(Figure 2); these are models that use speci ¢ functions to simulate the effect of soil moisture on stomatal conductance (the
NP:SM/VPD/RH and J:SM/VPD/RH models). Thus, single-point models that simulate the effect of soil moisture on stomatal
conductance underestimated egmpared to ux-based estimates at this temperate-boreal transition forest.
For Ramat Hanadiv, the box plots labeled "Winter" show the distribution of (half-)hourly January - Febryattyeeigox
plots labeled "Spring" show the distribution of (half-)hourly March - May, emd the box plots labeled "Summer" show the
distribution of (half-)hourly June - September,eBamat Hanadiv experienced periods of observed decreases in soil moisture
and increases in VPp during the summer months, and the shrubland does respond with decreases in observed uxzbased eg
(Figure 2). As discussed in Section 3.2, individual models vary greatly in their seasonal cyclesioftegsite. For example,
TEMIR Zhang, GEM-MACH Zhang, GEM-MACH Wesely, WRF-Chem Wesely, and CMAQ STAGE simulate the opposite
seasonal cycle in ggompared to egp) and eg ygp, With higher eg during the dry summer months compared to the wet
winter months (Figure 2). These models that do not capture the observed seasonalityrinuggest peak ggluring the dry
months at Ramat Hanadiv are Jarvis-type models that do not include speci c stress functions for soil moisture stress (J:VPD or
J:NoSM/VPD/RH) with the exception of CMAQ STAGE. TEMIR Zhang and GEM-MACH Zhang use a leaf water potential
function to simulate moisture stress, and we nd that the simulated effect is not in agreement with ux-based estimates for this
shrubland. GEM-MACH Wesely and WRF-Chem Wesely use season speci c initial resistagges,ii@as Set to very large
values for winter and autumn which is in disagreement with the seasonal cycle of ux-based stomatal conductance at this site.
The two cases presented here reveal that current model formulations of the effects of moisture stress on stomatal conduc

tance can both over- and underestimate these effects relative to what is implied by ux-based stomatal conductance estimates
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Figure 2. Comparisons of simulated ggnd observed ux-based gg'Flux-based: egpy' and "Flux-based: egyep", for sites used in two

case studies. Top panel shows box plots of Borden Forest, daytime, (half-)hourly July estimates during years with observed decreases in July
mean soil moisture below model wilting point marked as "SWC gi{Mcompared to other years when July mean soil moisture was above
model wilting point marked as "SWC > \\{". Bottom panel shows box plots of estimates during the winter, spring, and summer at Ramat
Hanadiv. The boxes display the interquartile range (IQR) with the median marked with a horizontal line inside the box. The whiskers extend

1.5 IQR on either side of the box. Outliers were removed.
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The Borden Forest case represents a case whegneasgunderestimated by many models compared {gg@&nd egq viep

when observed soil moisture fell below model threshold determined by parameter choice. The Ramat Hanadiv case represent
a case where ggvas overestimated by many models compared tg-ggand eg ygp during the dry summer months. Both
simulated moisture stress and the seasonality of stomatal conductance through the speci cation of season-speci c initial resis-
tances appears to contribute to disagreement dnleghe next section, we focus on the sensitivity of the agreement between
single-point modeled and ux-based £ changes in the values of model parameters that control: stomatal moisture stress,
the relationship between net photosynthesis and stomatal conductance, and the conductance/resistance under ideal growir

conditions. We discuss the sensitivity to model parameter values for all sites rst and then focus on our case studies.
3.3 Moisture stress related parameter perturbations

The agreement between single-point modeled and ux-basgid etpre sensitive to the choice of values for certain parameters
compared to others, and certain parameters are only relevant at some sites while other parameter values can impact agreeme
at all sites (Figure 3 and Figure S2). At all sites, the perturbation of the &max parameter used to set a maximum stomatal
conductance under ideal growing conditions leads to the highest change ipiyl&i MADyep with a change in parameter

value (Figure 3 and Figure S2). The agreement between single-point modeled and ux-basedeusitive to changes

in Bypp, VPDmax f(VPD), f(RH)), and g at all sites investigated with sensitivity simulations (Figure 3 and Figure S2).

The Bypp parameter controls the strength of the V[RB3tress in the Jarvis-type GEM-MACH Zhang and TEMIR Zhang
models. Conversely, perturbing the soil moisture stress parametgis yM¥ii wit, and B, result in substantially greater changes

in MAD p and MADyigp with changes in parameter values at sites that experienced substantial declines in soil moisture
compared to sites that did not (Figure 3 and Figure S2). This indicates that the agreement between single-point modeled anc
ux-based eq is sensitive to VPR, and RH moisture stress parameters and functions at all sites while the sensitivity to

soil moisture stress parameters is limited to sites that experience substantial soil moisture declines. Perturbing the values o
Rs,H,0,ideal@NdY soil wit results in the smallest changes in MAfp and MADyvep (Figure 3 and Figure S2). While there were

small changes in MAPBy and MADyep with changes iry soj wit Within the range of soj wit Values that were used to compute

DMADew ang PMADuED | perturbing they soilwit to @ substantially lower value, -1E09, results in a substantial reduction of bias

during our case studies which we discuss below. Parameter perturbations that resulted in a n%%({ég@#fbat all sites are
not shown in Figure 3.

During July 2011 and 2012 when Borden Forest experienced reductions in soil moisture without experiencing reductions
in ux-based eg, we nd that decreasing the strength of the soil moisture stress by changing the values of the wilting point
in both soil volumetric water content () and soil matric potentialysei wit) results in the largest reductions in absolute
values of MRg, o, and MDBeg, o (Figure 4 and Figure S3) for the models that showed considerable declinesfinraghe
single-point model base simulations during July 2011 and 2012 (Figure 2). We discuss some notable examples of reductions
in absolute MRg, o\ but we keep the positive or negative sign to indicate the single-point model underestimation in the base
simulations. Perturbing the wilting point resulted in a reduction in the 2011 and 2012 multiyear Jlékx}]\“ﬂllﬁom 0.199
cm s from the base simulation for CMAQ STAGE to 0.021 cri fom the sensitivity simulation with the lowest MR o
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