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Abstract

Sap flow encodes information about how plants r&gubpening and closing of stomata in responseaiging soil water
supply and atmospheric water demand. This studsréges this valuable information with data-modé&gnation and deep
learning to estimate canopy conductance in a hydaichment-scale model for more accurate hydro&gimulations. Using
data from three consecutive growing seasons, weHighlight that integrating canopy conductanderired from sap flow
data in a hydrological model leads to more realsil moisture estimates than using the conveatidarvis-Stewart equation,
particularly during drought conditions. The appliiy of this first approach is, however, limited the period where sap
flow data are available. To overcome this limitatizve subsequently train a recurrent neural netwmihredict catchment-
averaged sap velocities based on standard houtigonmdogical data. These simulated velocities hemtused to estimate
canopy conductance, allowing simulations for pesiadithout sap flow data. We show that the hybridieipwhich uses the
canopy conductance from the machine learning appraaatches soil moisture and transpiration equedlly as model runs
using observed sap flow data and has good potdatiaxtrapolation beyond the study site. We codelthat such hybrid
approaches open promising avenues for parametnizaidf complex water-plant dynamics by improving aibility to

incorporate novel or untypical data sets into hiafyizal models.

1 Introduction

Globally, about 26 to 40 % of the precipitationttfells on the continents is transpired by vegetgtimaking it one of the
dominant fluxes of the terrestrial water cyd@@r(gman, 201k Seasonal variations in plant water use can $igraficantly

affect the water balance of catchments, modifguteff generation, and change its dynamic wateag® Brown et al., 2005;



35

40

45

50

55

60

Hrachowitz et al., 2021; Seibert et al., 201Understanding the role of ecosystems in catchirhgdrology is crucial,
particularly when investigating the impacts of dit® change (e.dpuethmann et al., 2020Estimating transpiration at the
catchment scale is, however, challenging as platemuptake is difficult to measure, parameterizé scale up from the
individual plant to the ecosystem level (eMencuccini et al., 2009 As a consequence, the predictive performance of
hydrological models, which represent water balarmtvegetation dynamics in a physically consistadmer, can be limited
due to the a-priori chosen vegetation process petaainations and parameter values (Bannett and Nijssen, 2021; Gharari
et al., 2021;Mendoza et al., 2035Improving these uncertain parameterizationsiregumethods that can combine process-

based hydrological models with new information atwaw plant transpiration varies with environmermahditions.

Flux towers provide the state-of-the-art evapofaation data to train and validate hydrologicaldals. One caveat in using
these measurements is that they represent anie&f@cix integrating evaporation from the canoptengeption store and the
soil with plant transpiration. An accurate partiiag of this integral flux into its components limwever, of key importance
for improving transpiration modelling under chargyogonditions $toy et al., 2019 including effects of land use changes such
as deforestatiofe.g. Hrachowitz et al., 202&nd forest regeneration (elgeill et al., 202). This is a key reason why sap
flow is used as independent measurement technioelearacterize transpiration dynamics in foreg. @ranier and Loustau,
1994 and agriculture ecosystems (eDgigas et al., 1994 While originally established in the plant phyisigy community,
sap flow data have also proven useful in hydrolaigi@search. For instancBenner et al. (20163howed that stand
composition of forests can counteract differencesaip flow on south and north facing slopes leatbrgjmilar transpiration
rates on both expositionsloek van Dijke et al. (2019pund that the Normalized Difference Vegetatioddr (NDVI)
successfully captured sap flow dynamics duringgteen-up phase, although it failed under dry camatt Hassler et al.
(2018)highlighted that spatial differences of atmosphdaemands and soil moisture only explain a smatitfon of observed
spatial variation of sap flow, while site specifactors, like geology and aspect, were more impdrtBhese finding imply
that accounting for relations between vegetaticaratteristics, hydro-meteorological drivers anctloatent properties can
improve transpiration estimates and exemplifiegbiential of using sap flow data to advance hyaymial simulations. The
value of sap flow information is emphasised bydghewing availability of global open-source sap fldatabasesPoyatos et
al., 2016 that provides opportunities to develop generdliigations to better inform hydrological modelpktces where no

sap flow data is available.

Plants adapt transpiration depending on atmospheier demand and supply. One important regulatiechanism is the
opening and closing of the pores on their leavabed stomata, to regulate their €@nd water vapour exchange with the
atmosphere. This process crucially governs thespigation of plants, which is also reflected by thide range of stomatal
conductance models that are available in hydroddgimodels (e.gDamour et al., 2010 One issue is that these stomatal
conductance models typically rely on several giecHic parameters and each approach has its omitations, rendering the

choice of the fight” process parameterization challenging. In thistewnit is interesting to note that sap flow caasides
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being used to estimate transpiration directly, &lsaised to infer canopy conductance or stomatalwtiance scaled by leaf
area index (LAIl). This is done by inverting a siifiptl formulation of either Fick’'s Law or the Penm&lonteith equation
(e.g.Ewers and Oren, 2000; Kdstner et al., 1992; Philland Oren, 1998

While the complex interactions between soil watepmy, vegetation behaviour and meteorology arellemging to
parameterize in bottom-up empirical or physicalpséd stomatal conductance models, machine leaméathods have
recently proven to be a particularly useful alt¢éin@ato reproduce ecohydrological behaviour andrede transpiration (e.g.
Fan et al.,, 2021; Zheng et al., 202IHowever, despite their recent success, macleaening approaches also have
shortcomings as they do not ensure mass and ecenggrvation and lack physical constraints. Ttiedagnders extrapolation
and simulation under changing boundary conditidrelenging. Hybrid models that combine physical\klezlge of process
equations with the flexibility of data driven pretions are therefore a promising tool to estimhtees and state variable in

the earth system (e.Beichstein et al., 20)9

In this study, we propose and test a hybrid madleiameing approach to integrate sap flow datapnteess-based hydrological
model, and explore opportunities for improving sodisture and transpiration estimates at the cagchiscale. Specifically,
we leverage an extensive sap flow dataset, sparmuhgught period, in a sub catchment of the walhitored and well-
studied Attert experimental observatoBfiéter et al., 200R We first integrate canopy conductance infermeadnfsap flow
data into a process based hydrological model antpace its performance to tlenchmark modehat uses an empirical
stomatal conductance equation. We then train armetiuneural network based on standard hourly melegical data, to
predict sap flow beyond the temporal extent oftthaing period. These simulated velocities ar@thged to estimate canopy
conductance, allowing us to replace the empiritaimatal conductance equation in the hydrologicabdehamn forward
simulations beyond the monitoring periods. Our itessupport the value of such hybrid model appreadsy comparing the
different model variants against each other anéhaghydrological data such as soil moisture amsdltrge. Importantly, we

highlight the value of sap flow measurement cammaigr improving simulation at the catchment scale.

2 Materials and methods

2.1 Study area

The Weierbach is a 0.44 Knharge experimental headwater catchment, nestetieinColpach catchment and located in
Luxembourg (Fig. 1Hissler et al., 2021)The catchment is characterized by coarse-grandchighly permeable soils and a
slate bedrock (Ardennes massif). The climate iptmate semi-marine, mean annual rainfall is 950 anch mean monthly
temperatures range between 0°C in January and ih73@y. Precipitation is evenly distributed acrtiss seasons while the

runoff generation has a distinct seasonal pattetim avound 80% of the annual discharge is reledstaieen October and
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March (oritz et al., 2021 The Weierbach catchment is entirely forested @mahinated (>70%) by deciduous beech trees
(Fagus sylvaticpand oak treesjuercus spec A detailed description of the Weierbach catchnaen a comprehensive open
access hydrological data set can be foundigsler et al. (2021)The Colpach is the parenting catchment of the Yidaizh,
located in the same hydro-pedological area andackenized by a similar runoff generation and foiorafLoritz et al. 2019,

but it comprises a larger variety of land coverety65 % forest, 35 % agriculture).
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Figure 1 (a) Map of the Colpach and Weierbach catanent (location northern Luxembourg) indicating the gauges, soil moisture
and sap flow sensors (b) picture of a typical forgésd hillslope within the Colpach catchment with insalled sap flow sensors, and (c)
the Colpach River around 4km north of the gauging &tion.

2.1.1 Hydro-meteorological data

This study requires hourly meteorological datackcé the water balance simulations and to calcaai®py conductance.
For all these purposes, we use data records framh2J14 to October 2016. We obtain air temperafe@, relative humidity
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(%) and rainfall data (mm # from the Holtz meteorological station availahiethe open-access dataset frhissler et al.
(2021) We obtain wind speed (rmsand global radiation (W fimeasurements from a meteorological station ar&@@®dm
south-east of the catchment available from thel@aént as Organized Systems (CaOS) project obsenvagitwork Zehe et
al., 2014. Additionally, we use discharge data and averagmidmoisture fronHissler et al. (2021at 10 and 60 cm depth
(based on six individual sensors in each deptloutmntify the performance of hydrological model siations. Soil moisture
was additionally corrected for a stone content@fihd 30 % in 10 and 60 cm based on several sufilg® in the research
area (Jackisch, 2015)

2.1.2 Sap velocity measurements

We use hourly sap velocities (cr)hthe rate of water flow through a tree, from thggowing seasons (April — October; 2014
— 2016) of an extensive measurement campaign iCtiigach catchment (detailed descriptiorHassler et al., 2018 We
use a subset of the original data setHatsler et al. (20183omprising 32 trees, including 17 beech tréeg(s sylvatich
11 oaks Quercus spep. 2 hornbeamsGarpinus betulus and 2 common alderAlhus glutinosa with individual tree
diameters at breast height ranging from 8 to 80(@werage 32 cm). Sample distribution ranges fromthntm south facing
slopes and up- and downslope sectors, specifisaligcted to capture the typical hydro-pedologidelracteristics of the
Colpach and the Weierbach. The campaign equippell teae before leaf out of the growing season aép flow sensors,
manufactured by East 30 (Washington, USA). Theamsnisave three measurement depths, at 5, 18 anthBih the xylem
and measure sap velocity with the heat ratio me(@zmpbell et al., 1991Burgess et al. 2001; Hassler et al 2018%/e
estimate tree-specific sap velocities by calcutatire median from the measurements at the thrésretit xylem depths. We
use the median to account for the skewed distobutf sap velocities inside the sap wood, as skqeities typically decrease

closer to the heartwood (e @ebauer et al. 20Q8ackisch et al. 2020

2.1.3 Catchment-level sap flow based transpiration

This study focuses on catchment-level transpirgtatircumvent the challenge and uncertainty ofati@rizing transpiration
from individual tree sap flow (e.@sebauer et al.2008; Zhang et al., 20)%nd to remain scale consistent with simulated
transpiration of the hydrological model. We empéoyintegral approach, assuming that the tree saispépresentative for
the age spectrum in the catchment and that tremgdte transpiration in this forested catchmentgamad to understory and
herbaceous vegetation. We average the 32 treefispsamp velocities to obtain a time series représgran average tree in
the study area. We then obtain average hourly osablevel sap flow based transpiration per uriugd areaTsap M s?)

by multiplying the catchment-averaged sap veldgitghe catchment-averaged tree density of 4hah(Hassler et al 2018)
This calculation assumes that water storage intrieerelative to the transpiration flux is negligibTherefore, the observed

daytime water flux through the tree is equal tottia@spiration flux through the leaves into the @adphere, with negligible
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time lags between dynamics of sap flow (converted t ) and environmental variable$yree and Ewers, 1991We use

Tsapdata to derive observation-based canopy conducesstoeates and to evaluate model simulations.

2.2 Hydrological model CATFLOW

We model the water balance of the Weierbach withTEIXOW (Maurer, 1997; Zehe et al.,, 200)1a process-based
hydrological model. CATFLOW discretizes hillslopatong a 2-dimensional cross-section using curwlinerthogonal
coordinates and a storage weighting function toasgnt the varying hillslope width. The model siate$ soil water dynamics
based on the Darcy-Richards equation and represarfece runoff by a diffusion wave approximatidritee Saint-Venant
equation. CATFLOW estimates three components ofetvgpotranspiration flux per unit ground area, Hgmg direct
evaporation of canopy interception, 2) transpirafirem canopy leaves and 3) soil water evaporatieparately with a surface
energy balance approach using the Penman-Monitgitatien. For each component, soil, canopy (se@i@r?) and canopy
interception conductances are each parameterifiededhitly with a set of empirical equations. Addital CATFLOW model
descriptions can be found lroritz et al. (2021and inLoritz et al. (2017)

2.2.1 CATFLOW implementation of three canopy condutance variations

We implement three approaches to estimate canopgluctance in the Penman-Monteith equation for pimason in
CATFLOW. Thebenchmark modemplements canopy conductance calculated by theireral Jarvis—Stewarequation,
which is the built-in stomatal conductance equatdiCATFLOW (gcJarvis section 2.2.2) scaled by the LAI. The second
model variant is anodel-data integrationwhich implements canopy conductance based oryholbiserved sap flow data for
all three growing seasons from 2014 to 20§&4dp; section 2.2.3). The third model variant ishgbrid model which

implements canopy conductanuased on sap flow predictions from a deep learnatwork @:.DL; section 2.2.4).

2.2.2 Benchmark model: Canopy conductance from theeference empirical canopy conductance
equation (gcJarvis)

TheJarvis—Stewartmodel (arvis, 1976; Stewart, 198& a widely applied empirical equation for stoaiatonductance as a
function of plant available radiation (W-3 vapour pressure deficit (Pa), temperature (R@tric water potential of the soil
(m), and is implemented in CATFLOWhe canopy conductance per unit ground age¥a(vis) is calculated from the leaf-
level stomatal conductance scaled by leaf areaifdal, m? leaf m? ground). Parameters of tdarvis—Stewarimodel are
prescribed according to a lookup table and arechasanean parameter values (@anting depthplant albedginterception
capacity etc.) for beech trees taken fr@neuer et al. (2008 LAI measurements are taken from satellites olzgems and
change daily. We used the Visible Infrared ImagiRadiometer Suite (VIIRS) LAI product at an 8-dayda®00 meter
resolution (product name VNP15A2H). We extractethdar the entire simulation period for each piixethe basin area of

the Colpach catchment (70 pixels). We filtereddhta to only process high quality cloudless imagescreated an averaged
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interpolated daily time series for the whole Colpamtchment area. The model variant that wgéarvis to estimate

transpiration serves &&nchmark modeh this study

2.2.3 Model-data integration: Canopy conductance m sap velocity measurementsy{sap

We use a big-leaf approach, in line with most cateht-scale transpiration models, to infer condwman water vapour per
unit ground areagisapg m s?) from sap velocity and meteorological data (windesheir temperature, and relative humidity).
We assume a well-mixed, convective boundary layeind daytime, with high wind speed, small leass] similar leaf and
air temperature. Given these common simplifyinguagsgtions (e.g. ®ers and Oren, 2000; Kdstner et al., 199%e neglect
leaf boundary layer conductance and approximatelifference in water vapour concentration drivihg vapour diffusion
through the saturated air space in the leavesetatitmosphere by the air vapour pressure deéicit &; Pa). Hence, we can

invert Fick’s Law followingMonteith and Unsworth (2013) calculate total water vapour conductagsap(m s?) as:

(1)

where is the psychometric constant (P3)K is the latent heat of vaporization of water (M3 kg is the specific heat
of air (J kg K'); is air density (kg ; , , , are all a function of air temperature; and (m s?) is the average

catchment transpiration rate derived from sap vedsc(catchment averaged sap flow velocity mukiglby the basal area of
the stand; 0.0042 fm?; Hassler et al., 201)8

The total conductancesap represents the series of baidsap and the aerodynamic conductangg M sb). The latter is
estimated from wind speed and canopy height follgwthe FAO reference approadhlén et al.1998).Finally, we obtain

the time series of canopy conductagegapinferred from sap velocities as:

(2)

This big leaf approach assumes that all canopyekeav the catchment respond to the same enviromieonditions and
behave in the same way. This is reasonable, bedaubse-meteorological data explained only a smattion of spatial

variability in sap flow velocities in the studyesiHassler et al., 2018)

We implement canopy conductance inferred from okekand simulated sap velocitiegzsap, gDL explained in section
2.2.4) in CATFLOW only during the time steps forialinthe assumptions of Eq (1) are mi€bgtner et al., 1992Phillips
and Oren, 1998)dry canopy (canopy interception storage < 0 mmytidee (between 6:00 and 22:00); well-mixed atmosphe
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(—is at least 5 s rhlarger than-); air vapour pressure deficit > 100 Pa. When tleselitions are not met, the transpiration

flux and stomatal conductance are generally lowi¢glly in the morning or evening) and we fill ihet gaps with canopy
conductance estimates from the builtdarvis—Stewartmodel. We need to fill the gaps because CATFLOWuires a
continues gtime series larger than zero to solve the Penmantith equation. We smooth canopy conductance senies
inferred from observed and predicted sap velocitgsg a rolling mean with a three hour window thsgs the three previous
time steps to allow forward simulations. This preqessing step is required because Eg. 1 is vegitse to small changes
of sap flow in the morning and evening hours whenvapour pressure deficit is typically low. As tlegiance of the sap flow

measurements is highest during these periods (mgparnd evening) thg:sapestimate can be noisy and uncertain.

2.2.4 Hybrid model: Canopy conductance from deep &ning based sap flow predictionsdcDL)

We train a recurrent neural network to estimaterlyogap flow using the 2014 and 2016 data for trejrand the growing
season of 2015 for testing. We choose the 2015iggpgeason as the test period because it has deetified as a drought
year, during which transpiration was impacted gnplwater stresdHpek van Dijke et al., 20)9We chose to predict sap
flow and afterwards calculate the canopy conduetaaral not canopy conductances directly as the qeafoce differences
between the two approaches are minor. Howeverngdte intermediate step of estimating sap flovhlggnts that sap flow
(an independent observation) can be predictedrbguwrrent neural network and opens the option waldulate transpiration
directly in case catchment averaged plant spegifiameters are available or 2) to validate the madbarning model in case
additional sap flow sensors become available (AdpeAl). The deep learning network is driven by teme hourly

meteorological inputs as the catchment models (¢zatpre, relative humidity, global radiation, raihfind wind speed).

The hyperparameters and the model architectureeofiéep learning model was found within multipleltand-error runs.
Initially, we trained different model realizatio(e.g. hidden size, learning rate, sequence lehgtich size and dropout) and
different network types (e.g. artificial neural wetks (ANN), long short-term networks (LSTM), gatexturrent networks
(GRU)) on the growing season 2014 and tested tH#frent realizations in the growing season 20IBe best model,
measured by the root mean square error (rmse)used afterwards, without any changes, to estinfetesap flow in the
growing season 2015, using the 2014 and 2016 ggpeéason as training. Both RNNs (GRUs and LSTM§)ertormed
different ANNs realizations but showed on averaigglar performances. We chose GRUs as they neadclesiputational

time and have slightly less weights, biases andeficstate.

The identified network consists of four layers with8 hidden states and uses a sequence lengthhafu®$ (lag time of 96
hours preceding the prediction time step). The fik® layers of the network use GRU units; they fatlowed by a third
linear layer with a relu activation function; fihakhe output is a linear layer without an actieatifunction. We add 40 %

dropout between the layers to avoid overfittinghe training data (regularization). We use the megumre error as loss
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function, train the model in 15 epochs with a batizie of 360 and report the rmse in the resultsugéean ADAM optimizer
with a fixed learning rate schedule. The initizriging rate is set at 2eand decreases after 5 epochs by a factor of 0.5.
Additionally, after the 12 epoch we use a stockhasttight averaging (SWU) approach with a learniatg rof 0.0001 to
improve the ability of the network to generalizecomparison to using exclusively an ADAM optimiZer the last two
epochs. We use the simulated sap flow velocitiestonateg.DL using the same method and under the same envirdamen
condition as applied to estimagssap (Eqg. 1-2). Fig. 2 shows a flow chart of the differenodelling steps when the hybrid
model approach is applied in combination with tiéN\R

meteorological input

- temperature (°C) RNN simulated
- wind speed (m s™) fl
- rel. humidity (%) ML Model e
- rainfall (mm hr')
- etc. ‘
Ficks Law
(Eq. 1-2)
g&DL
v

hybrid model output
hydro. model - transpiration (mm hr)

(Catflow) - soil moisture (m® m?)
- etc.

Figure 2 Flow chart of the hybrid model that combires a recurrent neural network (RNN) and a processdsed hydrological model
to estimate transpiration.

2.2.5 CATFLOW parameterization

We use the well-tested, representative hillslopglehdrom Loritz et al. (2017, 2021{p simulate the water balance of the
Weierbach using CATFLOWThe representative hillslope model was setup basdiield data for the bedrock topography,
soil properties and surface topography. The modd fine-tuned by exclusively adjusting the spatiabkplicit macropore
network (approach described in detailifienhofer and Zehe, 201dith the goal of matching the seasonal waterrzdaand
the hydrograph of the parenting Colpach catchmarihg the hydrological year October 2013 to Octab@t4.Loritz et al.
(2017)showedhat the representative hillslope model prediatstpdrograph of the Weierbach with a Nash-Sutefiitiency
(NSE) of 0.7 and a Kling Gupta efficiency of0.8 for the hydrological year 2012/13 (test peyiadd the hydrological year
2013/14 (training period) individually.

The simulation period in this study starts on tfi@flApril 2014 and runs until 31October 2016. This is preceded by a model

spin-up starting in October 2013 with initial s&tef 70% volumetric water content. We are using ¢xact same
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parameterization as explained in detail in our juones studiesl(oritz et al., 2017, 20213nd do no re-calibration of any model

parameters besides changes described above t@esthe canopy conductance.

3 Results

3.1 Sap flow data-model integration provides realitec canopy conductance and water balance
estimates for a temperate beech forest

The daily averaged canopy conductance @nirfferred from the sap flow measurememjs#ép and those estimated by the
a-priori parameterized CATFLOW built-in stomatahdoictance equatioggJarvis) correlate well (spearman rank correlation
betweerg.Jarvisandgcsapis 0.85, the Pearson correlation is 0.75), althaugdarvisestimates are on average lower and show
less temporal fluctuations thawsap(Fig. 1a) The latter is underpinndaly a low Kling-Gupta efficiency coefficientupta

et al., 2009 of 0.15 and a rmse of 0.01 m.sThe gcsap estimates are within a reasonable range for ahbéeminated
temperate forests and comparable to literatureegalising a similar approach (inverse Penman-Mdnégjtiation) based on
six beech trees in the Czech Repub8a et al. 201p Differences betweegcJarvis andgcsap are also reflected, although
weaker, in the monthly transpiration estimates.(Elg). The CATFLOW model variant usiiggsap(model-data integration)
estimates about 130 mm more transpiration comparétebenchmark modelariant usingycJarvisfor all three hydrological
years, with the largest monthly difference of 21 month! in May 2015 (31 mm of total rainfall in May 2015).

Implementinggcsapinstead ofycJarvisin CATFLOW has only a weak effect on simulated rffimdth a slight decline of the
NSE from 0.75 to 0.7 over the three-year periods Tecrease in predictive performance likely ocb@sause the macropore
network was tuned to optimize the streamflow of Weierbach withgcJarvis and notgcsap This entails that a better
performance could likely be achieved by tuningrtecropore network once more wgtsap However, we do not to perform
further CATFLOW calibrations because our goal isiémmonstrate the value of sap flow data in imprg\tmanspiration and

soil moisture estimates and do not aim to obtagnhilyhest performance in streamflow simulation (&gix A2).

10
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Figure 3. a) daily averaged canopy conductance estates for gesap (green) andgcJarvis (orange); b) monthly transpiration sums
estimated usinggcsap (green) and gcJarvis (orange); observed (blue) and simulated soil moista + standard deviation of the

275 corresponding simulation and observationsdcsap: green; geJarvis: orange) at 10 (c) and 60 cm depth (d). Highlighteih yellow is a
dry period from July to August 2015.

3.2 Ecohydrological simulations differ most duringdrought periods

Noticeable ecohydrological relevant model improvatsaisinggcsapoccur during drought periods. For instance, 61sddy
the three year record had close to no runoff (¥D.8m h') observed in the Weierbach creek. This periochiy slightly
280 overestimated by CATFLOW usirmsap (63 days), while it is substantially underestindatising thebenchmark modetith
gcJarvis (46 days). Both model variantgcdarvisandgesap correlate well with the observed soil moisturelthand 60 cm
with Spearman rank coefficients of around 0.9. Hevesimulations usingcsapresult in overall lower soil moisture values
with the largest difference in October 2015 (Fig.dnd b). Usingisapinstead ofgcJarvis reduces the rmse in the 2015
growing season from 0.033 to 0.01 (0.046 to 0.084)m* at 10 (and 60) cm depth. Furthermore, usiggap instead of
285 gdJarvis leads to an average of about 2 mm less catchneratge after each of the three growing seasonsseThmrage

differences are almost completely recharged inawjriypically until January, due to the wet auturmthe region. However,
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after the three growing seasons, the bedrock wsitenge (characterized by very low hydraulic cotigities and low

porosities) is on average 2 to 4 % lower when ugisgpcompared tgcJarvis after three years of simulations.

3.3 Recurrent neural networks accurately extrapolats sap flow data to different time periods and
locations

Fig. 3a displays hourly simulated sap flow (cr) bstimated by the deep learning model againstrebdesap flow (cm )

at daytime (6:00 and 22:00) of the growing seadttbAtest period). Simulated sap flow differs frobrserved sap flow by
an rmse of 0.8 cmrhduring the training period (growing seasons 204g 2016) and 1.1 cnm¥during testing period. If 2014
and 2015 are used as training period and 20168pddod the rmse during the test period drofs@am ht and if 2015 and
2016 are used as training and 2014 as test thedrops to 0.84 cmh The spearman rank correlation between the obderve
and simulated sap flow in the test period is Oifilicating the ability of the deep learning modeldapture the general
dynamics of sap flow using hourly meteorologicabdas predictors. Sap flow during the dry spelluty and August 2015 is
on average overestimated by the deep learning mbidetever, when adding randomly picked 15 contirsudays of the dry
period to the training sample (and removing thesmfthe test sample) this bias and the rmse andfisiantly reduced to 0.85
cm ht. Furthermore, we also tested the ability of thepdiearning network to predict sap flow in a neachichment with a
different geological and pedological setting butitar forest landcover. This first test suggestt the deep learning network
can predict sap flow also in this test catchmemeinewith lower errors as in the training catchmathis good out of sample
performance points to the algorithm’s ability te@kextrapolate to higher unseen sap flows witharthér training (Appendix
A1) while the test with the 15 randomly picked éoabus days hints towards an inability of the Mlpegach to extrapolate

to unseen dry conditions.

3.4 The hybrid model provides accurate canopy condiance and water balance estimates

The canopy conductance inferred from the obserapdisw (g.sap and based on the simulated sap flgMD() are compared
in Fig. 4b. The two estimates differ by a rmse @fl0m st in the test period and have a Spearman rank atioelof 0.9. The
relation between the conductance estimates basetdsmmvedg.sap,and simulated sap flowDL; is characterized by more
and stronger outliers (residual larger than 0.028 nfrig. 4b). Note that more than 75 % of these ergloccur in the morning
(6:00 to 10:00) or evening time (16:00 to 22:00)riDg these times, the Fick’s law approximatiowesy sensitive to little
changes in sap velocities but transpiration isasiy very low during these periods. This is furthanderpinned by the
comparison of monthly transpiration sums displaiyeéig. 4c. The differences in usimgsap or g.DL are less than 3 mm
month* during the majority of the growing season 2015 medease only in July and August to 7 and 9 mmtimérin this
period, sap flow and to a smaller extent the cpoadingg. values are systematically overestimated by therrent neural
network (Fig. 4a). As stated above, adding 15 dgsdo the training data can reduce these biaskdeamease the transpiration
differences in July and August below 4 mm montHowever, even without changing the training dstthe recurrent neural

network, the effect on simulated soil moisture dyies is minor (Fig. 4d). This is because thBL based model slightly

12



320

325

330

underestimates transpiration in May and June, wisithen compensated in July and August and thalated soil moisture
from g.DL andg.sapdiffer only by a rmse of 0.008° m? in 20 and 0.002 &mv3in 40 cm from ¥ May 2015 to 3%October
2015.

3.5 The hybrid model improves the diurnal cycle ofcanopy conductance compared to the
benchmark model

Fig. 5 shows three diurnal cyclesgfarvis,gc;sapandgcDL in June, July and Augugdesapis about twice as high in June
compared to August and shows a stronger decligenductance during midday in July and August. Whileh patterns are
typical for humid forests under dry conditioru(et al., 2019)hey are not or only weakly captured by tlevis-Stewart
model @cJarvig), which suggests a relatively constant conductasheeng day time. As already indicated by the high
correlation betweeg.DL and g.sap,the former also captures the dynamics of the diwpeaes well. However, thg.DL
model under- or overestimates several peaks, pltiduring the morning and evening hours. This ifne with Fig. 4b and
explains the larger spread of theestimates in contrast to sap flow predictions. &hsolute cumulated difference of the
transpiration estimates using eitligDL or gesapin the chosen three-day peri@dwith 0.01, 0.014 and 0.07 mm dalpw

and highlights that errors in gstimates in the morning and evening are lessiitapbfor transpiration estimates.
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335 Figure 4. a) hourly observed catchment-averaged sdw and simulated sap flow in the growing seaso®015; b) hourly canopy
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(purple); d) observed (blue) and simulated soil mature (gcsap green; gcDL: purple) in 20 cm. Highlighted in yellow is a dryperiod
from July to August in the growing season 2015.
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Figure 5. Hourly canopy conductances ofcsap(green),gcJarvis (orange) andgcDL (purple) for three selected days in June, July and
August in the growing season 2015.

4 Discussion

4.1 Integrating sap flow data in a catchment-scalkydrological model

345 The comparison between both stomatal conductanaeiseevealed that the a-priori parameteridadvis-Stewarimodel
(Jarvis, 1976; Stewart, 1988n combination with the satellites based VIIRIAI values, clearly underestimated the canopy
conductance, particularly during the spring andyesarmmer. This bias could potentially be corredigduning the parameters
of the Jarvis—Stewarequation. However, beyond revealing absolute siirothe seasonal cycle, the sap flow based stbmata
conductance model also demonstrates thatdhgs—Stewariodel is not able to reproduce diurnal hydrawdiedbacks along

350 the soil-plant-atmosphere continuum reflected ia dips in canopy conductance during the mid-dayemstress period.
Mechanistic understanding of these stress respong#ant water flow is still limited and represint them using existing
eco-physiological models is challenging, especiddlyond the individual tree (e @rossiord et al., 2020; Kannenberg et al.,
2022; Novick et al., 20290n the other hand theses dynamics are embedddtisap flow data and were adequately
reproduced by the recurrent neural network forpiingose of hydrological modelling. The latter elstéhat the hybrid model

355 approach presented in this study may be more d@bteds catchment hydrologist versus getting topdée the plant
ecophysiological modelling with its promises andhgers. Therefore, learning this information fronp $low data with a
recurrent neural network provides an avenue fazhraént models to reproduce plant hydraulic behavigthout explicitly
parameterizing the soil-plant-atmosphere continatitihe catchment scale, which is complex and uaice@lencuccini et
al., 2019)
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360 Our results go beyond the established approachtwh&ting canopy conductance from sap flow dataibsctly integrating
the data in a catchment-scale hydrological modelimproving water balance simulations. Additionallye can demonstrate
the value of sap flow data in identifying suitalbEtchment-specific model parameterizatio@siffta et al., 1999and show
how the stomatal conductance model can be replagedd data model integration. Using the sap floveatculate canopy
conductance instead of transpiration has therebgdvantage of omitting species-dependent err@stimating the sap wood

365 area and sap velocity distributions within the xylé-aulty estimates of these parameters can lead twverestimation of
daily water use of up to 78 % for oak trees and%tth case of oriental arborvitae trees as showdhgng et al. (2016
Nevertheless, the results of the recurrent newVork underpins the possibility to predict sapvleith a machine learning
approach. This approach could then be extendedtimage transpiration based on catchment averagecies dependent

parameters, which could, for instance, be estimbyeldDAR measurement$-assnacht et al., 2016

370 4.2 Predicting canopy conductance using sap flow dra recurrent neural network

Recent studies have shown the large potential ofsibe tree based machine learning algorithms favhgdrological
applications with a focus on predicting sap fliflisal3er et al., 20209r stomata conductancé&Saunders et al., 2021ising
meteorological data. In this study, we showed tkatrrent neural networks are also suitable tamlgrédict sap flow by
exclusively using meteorological variables as in@utly during the dry period in the growing sea0i5 where the dormant
375 trees most likely experienced water streldegk van Dijke et al., 20)9did the deep learning network systematically
overestimate sap flow. The latter was the reasorhtmse 2015 as test period and not 2016, whicHdnoave kept the
chronological order and led to overall lower ernatthout bias. Initial tests reveal that addingdamly picked 15 continuous
days during the drought period to the model trajréan reduce the residuals as well as the bia#isamtly, although soil
moisture data were still not included as input.sTihdicates the potential of the recurrent neuedvork to mimic sap flow
380 also under water stress and solely based on métgaral input. The latter entails that the inforinat about the drought
period is already within the meteorological inputdadifferent aggregations and combinations of tigui variables, for
instance, by estimating drought indices like trendardized precipitation index (SPI) could potdititurther improve the
prediction of sap flow under limited water availéi This study highlights thereby the potentidltbe introduced deep
learning approach, but a more systematic invesbigas required. Specifically, a next step couldtdbexplore the potential
385 of implementing the recurrent neural network suwdt the internal hydrological model states (esplgcsil water status)
affect the sap flow predictions and the correspagdionductances. A similar hybrid modelling appfohas, lately shown

large potential to represent turbulent heat flurdsydrological models (Bennett and Nijssen, 2021).

4.3 Generalizing canopy conductance models based sap flow data

This study is based on an unique data set withraksap flow sensors installed in different treed Bbcations as well as over

390 several growing seasonddssler et al., 2018 Such data sets are labour intensive and ramewih sap flow monitoring has
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become more common. While our proof of concepiniétéd to well-monitored experimental catchmenitstial tests show
that the recurrent neural network is capable ofagpcing sap flow in a neighbouring catchment, abgarised by a similar
forest structure but different hydro-pedologicditiag, even with lower residuals (Appendix Al). Appches like transfer
leaning, a concept to pre-train layers in a deamiag network on a large data set and only fime ta subset of these layers
in the destination area, might be used to predigt flow also in a catchment with very little sapvil data available.
Additionally, global and open data sets like SAPKNET (Poyatos et al., 2006n combination with catchment or forest
properties offer opportunities to generalize ouopmsed approach .While machine learning predicticarsnot directly
advance understanding of the soil-plant-atmospleerginuum, we nevertheless show that they can bananovement
compared to reference empirical models that, ipdfameterizedDamour et al., 201)) are known to poorly capture non-
linear responses of plant water stress at the sahaad diurnal time scales. Using machine learsagy flow predictions in
combination with the inversed Fick’s law offers berthe possibility to replace stomatal conductamoelels entirely in

hydrological models.

5 Conclusion

The main findings from our study leveraging sapvfltata and machine learning in a catchment-scatiehare as follows:

1. Hourly, catchment averaged sap flow can be usegtimate canopy conductance and inform a procesesdba
hydrological catchment model to improve soil maistand transpiration estimates.

2. Seasonal and diurnal model improvements were retdiling drought periods when the reference engbiric
model underestimated plant water stress and poititet valuable ecohydrological information encodedap
flow data.

3. Recurrent neural networks are suitable tools tdipteap flow by exclusively using meteorologicaliables as
input and offer promising avenues for developingegalized canopy conductance models for forward

simulations beyond the monitoring time period aattkment location.

This study highlights the potential of sap flowal&r improving hydrological simulations at the atahent scale by either
constraining or informing hydrological models. Wgw@e that sap flow sensors measure crucial infoaomatbout one of the
major fluxes of the hydrological cycle and shouktdme the norm in experimental hydrology as soilstuce sensors,

piezometer or gauging station are already today.

17



420

425

430

435

Code and data availabilityCodes to estimate canopy conductance from sap dlodvthe RNN are publicly available at
zenodo.org (10.5281/zenodo.6821189). The metedoalbgata and the soil moisture data is also plplévailable at
zenodo.org (https://doi.org/10.5281/zenodo. 4537.700e sap flow data is available from Theresa Rdwnd Markus Weiler
on request, however, a data publication is closketdinished. The link to the sap flow data pulilmwa will be added to
zenodo.org (10.5281/zen0do0.6821189) in the neardut
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Appendix
Al Sap flow predictions in Huewelerbach

The Huewelerbach is a 2.7 kiarge headwater catchment located in Luxemboutiginvihe experimental Attert basiRf{ster

et al., 2002. The prevailing geology is sandstones above greimeable layer of clay stones. The climate is &rate semi-
oceanic, mean annual rainfall is 845 nipfigter et al., 201yand mean monthly temperatures range betweenrDJ&riuary
and 17°C in July. The catchment is entirely forestad dominated by deciduous beech trees. Metagicalodata to run the
recurrent neural network in this Appendix consistédhourly global radiation (W &), temperature (°C), wind speed (M) s
and relative humidity (%). Temperature and relativenidity are measured at a meteorological stdtioated 3 km south of
the catchment from a station operated by the “Adstriation des Services Techniques de I'AgricultyfeSTA). Wind speed
and global radiation are measured at a meteorabgiation in close proximity of the catchment thatonged to the CAOS

Project observation network.

We use sap flow velocities from one growing seagémsil — October 2015) measured within or in clgseximity to the
Huewelerbach catchment. Tree species consist bE2¢h trees (Fagus sylvatica) 7 Oaks (Quercus)sped. 2 hornbeams
(Carpinus betulus) with individual tree diametebegast height ranging from 22 to 91 cm (averagerd3. Sap flow was
measured and aggregated similarly as describdwimethod section.

Fig. A2 shows the simulated and observed hourlyflsapin the Weierbach and Huewelerbach for theagng season 2015.
Sap flow was predicted using the same recurrenmah@etwork trained exclusively in the Weierbachofging season 2014
and 2016). There was no further change to thator&twrhe recurrent neural network was capable edlisting sap flow in
the Huewelerbach in better agreement with the ebsens than in the training catchment. One maimsoa for this
performance increase is that although in closeipnix to the Weierbach the dormant trees in the wilerbach did not
experience water stress in 2015 most likely due targe and accessible groundwater stéteek van Dijke et al., 20)9
Other factors including, as higher quality meteogatal data or (potentially) sap flow data migtstaaplay a role but were not
further investigated. Interestingly, the recurretural network is capable to simulate overall highap flow in the
Huewelerbach although such values have not beaamadatin the Weierbach. This supports the abilitshe recurrent neural

network to extrapolate in different sites.
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Figure Al a) hourly observed catchment-averaged safiow and simulated sap flow in the growing seaso®015 in the Weierbach
catchment; b) hourly observed catchment-averaged pdlow and simulated sap flow in the growing seasa?015 in the Huewelerbach
catchment; orange points in a and b are simulationsr observations within the dry period of July andAugust 2015.

A2 Comparison of the observed and simulated dischge

Fig. A2 displays the observed discharge of the Waieh catchment, the simulated discharge of thehmark model
(gdarvig) and the model-data integration that ugespto estimate the transpiration. The performancenhefgtsap based
model is reduce from a NSE of 0.75 to 0.7. The ndiffierence between the two models are in the peaiter the growing
season when the model that uggspsimulates too little discharge. Runoff generatio@ATFLOW particular when the soll
is dry is significantly influenced by the spatiapécit macropore network and by the extend ofriparian zone. The decrease
in predictive performance can hence likely be exgld by the fact that the macropore network wagduio optimize the

streamflow of the Weierbach withilJarvisand notg.sap
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480 Figure A2 observed discharge of the Weierbach catahent, simulated discharge of the benchmark modebgJarvis) and simulated
discharge of the model data integration that usingsapto estimate transpiration.
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