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ARTICLE

Is the annual maximum leaf area index an important driver of
water fluxes simulated by a land surface model in temperate
forests?
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Abstract: In land surface models, vegetation is often described using plant functional types (PFTs), a classification that
aggregates plant species into a few groups based on similar characteristics. Within-PFT variability of these characteristics
can introduce considerable uncertainty in the simulation of water fluxes in forests. Our objectives were to (i) compare the
variability of the annual maximum leaf area index (LAl,,,,) within and between PFTs and (ii) assess whether this variability
leads to significant differences in simulated water fluxes at a regional scale. We classified our study region in southwestern
Quebec (Canada) into three PFTs (evergreen needleleaf, deciduous broadleaf, and mixed forests) and characterized LAl,,x
using remotely sensed MODIS-LAI data. We simulated water fluxes with the Canadian Land Surface Scheme (CLASS) and per-
formed a sensitivity analysis. We found that within-PFT variability of LAI,,x was 1.7 times more important than variability
between PFTs, with similar mean values for the two dominant PFTs, deciduous broadleaf forests (6.6 m*m2) and mixed forests
(6.3 m*m ?). In CLASS, varying LAl,,,, within the observed range of values (4.0-7.5 m*m ?) led to changes of less than 2% in
mean evapotranspiration. Overall, LAL,, is likely not an important driver of the spatial variability of water fluxes at the re-
gional level.

Key words: leaf area index, plant functional type, land surface model, hydrology, temperate forest.

Résumeé : Dans les modeles de surface terrestre, la végétation est souvent décrite en utilisant des types fonctionnels de
plantes (TFP) qui regroupent les especes de plantes dans quelques groupes sur la base de caractéristiques similaires. La vari-
abilité de ces caractéristiques TFP peut introduire une incertitude considérable dans la simulation des flux hydriques en
forét. Nos objectifs consistaient a (i) comparer la variation de I'indice de surface foliaire annuel maximum (LAl,,,,) au sein
de et entre les TFP et (ii) déterminer si cette variabilité entraine des différences significatives dans les flux hydriques simulés
a une échelle régionale. La région a I’étude, située dans le sud-ouest du Québec (Canada), a été répartie selon trois TFP (forét
de coniferes, forét feuillue et forét mixte) et nous avons caractérisé LAl a I’aide de données de télédétection MODIS-LAL
Nous avons simulé les flux hydriques avec le modéle CLASS et effectué une analyse de sensibilité. Nous avons trouvé que la
variabilité de LAI,,,x au sein des TFP était 1,7 fois plus importante qu’entre les TFP. Les deux TFP dominants avaient des
valeurs moyennes similaires : 6,6 m?m™2 dans les foréts feuillues et 6,3 m?>m™2 dans les foréts mixtes. Dans le modeéle
CLASS, faire varier LA, au-dela de I'étendue des valeurs observées (4,0-7,5 m*m™2) entrainait des changements inférieurs
a 2 % dans I’évapotranspiration moyenne. Globalement, LAI,;,,, n’était vraisemblablement pas un facteur important quant a
la variabilité spatiale des flux hydriques a I’échelle régionale. [Traduit par la Rédaction]

Mots-clés : indice de surface foliaire, type fonctionnel de plantes, modéle de surface terrestre, hydrologie, forét tempérée.

similar characteristics (e.g., growth and leaf forms, photosyn-
thetic pathway) of ecosystem function (Wullschleger et al. 2014).
An underlying principle of PFT is that form follows function (Box

1. Introduction

Land surface models describe interactions between the atmos-

phere, land, and biosphere to simulate surface energy and water
fluxes (Flato 2011). They are used to represent the lower boundary
conditions of global or regional climate models (coupled or off-
line) and thus are key to assessing the impacts of global change
on forests. For example, land surface models have been used to
investigate the impact of droughts (De Kauwe et al. 2015), fires
(Lasslop et al. 2016), and pest invasions (Mikkelson et al. 2013) on
the energy and water budgets of forests.

In land surface models, vegetation is often described using a
set of plant functional types (PFT). For global modelling purposes,
plant species have been aggregated into a few PFTs based on

1996), and for each PFT, fixed parameters are prescribed to
describe both structural (e.g., minimum and maximum leaf
area index, canopy height, maximum rooting depth) and physi-
ological (e.g., minimum stomatal resistance) characteristics of
vegetation.

This simplified representation of vegetation with PFTs was
required to run global-scale simulations at a relatively coarse
scale (~20-200 km). However, an enhancement in computational
power has led to efforts to better capture the variability of energy
and water fluxes (Fan et al. 2019). PFTs have been shown to
broadly capture ecosystem function at the regional level (Chapin
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et al. 1996; Diaz and Cabido 1997; Kuiper et al. 2014). Nevertheless,
various studies have assessed the variability of physiological
characteristics within PFTs and found that the use of a PFT classi-
fication introduces considerable uncertainty in the simulation of
carbon and water fluxes (Groenendijk et al. 2011). Indeed, trait
variation of species within the same PFT can be larger than trait
variation between different PFTs when describing plant photo-
synthesis and hydraulics (Anderegg 2015; Butler et al. 2017).
While progress is being made on the handling of within-PFT vari-
ability of physiological characteristics (van Bodegom et al. 2014;
Pappas et al. 2016; Matheny et al. 2017), the variability of struc-
tural characteristics within PFT has been little studied even
though recent work has stressed the importance of structural di-
versity in explaining ecosystem function (LaRue et al. 2019).

Structural characteristics hold great importance in simulating
energy and water fluxes in land surface models. For example, in
the Canadian Land Surface Scheme (CLASS), leaf area index (LAI)
is used to capture phenology and set to vary annually between
minimum and maximum values prescribed for each PFT (Verseghy
2012). Canopy transmittance of solar radiation is assessed based
on the plant area index (PAI, which considers the area of woody
parts in addition to leaf area) and thus influences the simulation
of snowmelt. LAI and PAI are also used as scaling factors when
simulating transpiration and interception of precipitation,
respectively. Given its central role in land surface models, LAI
values assigned to PFTs can have a large impact on the simula-
tion of water fluxes. For example, Oleson and Bonan (2000) have
shown a mismatch between PFT-prescribed and remotely sensed
LAI values in boreal forests and that the NCAR (National Center
for Atmospheric Research) land surface model better captured
the spatial variability of evapotranspiration when using remotely
sensed data as an input. However, the sensitivity of evapotranspira-
tion to LAI varies greatly between land surface models. Zhang et al.
(2013) showed strong sensitivity of the CABLE-simulated evapo-
transpiration to *50% variations of LAI, particularly in North
American broadleaf forests. On the other hand, Sullivan et al.
(2019) computed evapotranspiration with remotely sensed data
as input to a three-source Penman-Monteith model and found
that evapotranspiration across the United States (including tem-
perate forests) to be little sensitive to LAI, with a median change
of +0.2% in evapotranspiration per percent change in LAI. These
contrasting findings stress the need to better understand the
influence of LAI on the spatial variability of water fluxes and
stores in temperate forests, including at smaller regional scales.

We hypothesized that structural characteristics such as LAI are
important drivers of the spatial variability of water fluxes in tem-
perate forests, which a description of vegetation based on PFT
fails to capture. Accordingly, we predicted that (i) the variability
of the annual maximum LAI (LAl,.) is larger within a given PFT
than between PFTs and (i) it will lead to significant differences
in evapotranspiration and soil water content at the regional scale.
To test these predictions, we characterized LAl using remote
sensing data and then assessed the variability within and between
PFTs (evergreen needleleaf, deciduous broadleaf, and mixed for-
ests). We then investigated how observed variations of MODIS-
derived LAl ., affected water fluxes and stores by performing a
sensitivity analysis of a land surface model (CLASS).

2. Study area

We assessed the variability of LAl over the Outaouais
administrative region (34 012 km?) in the southwestern portion
of Quebec, Canada. The climate is classified as Dfb (snow, fully
humid, warm summer) according to the Ké6ppen-Geiger classifi-
cation (Kottek et al. 2006). Mean annual temperatures (1981-2010)
vary between 6.3 °C in the south and 1.7 °C in the north, while
mean annual total precipitation varies from 900 mm in the west
to 1100 mm in the east (McKenney et al. 2011). The Outaouais
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region spans five bioclimatic domains, a classification performed
by the Ministére des Foréts, de la Faune et des Parcs (MFFP) du
Québec according to late-successional species in mesic sites. The
southern portion of the region is characterized by deciduous broad-
leaf forests, and bioclimatic domains are dominated by sugar maple
(Acer saccharum), with bitternut hickory (Carya cordiformis; 6% of the
region area), basswood (Tilia americana; 16%), or yellow birch (Betula
alleghaniensis, 42%) as companion species. The northern portion of
the region is characterized by mixed forests, and bioclimatic
domains are dominated by balsam fir (Abies balsamea) with yellow
birch (34% of the region area) or white birch (Betula papyrifera; 2%)
as companion species.

Using CLASS, we simulated the water balance of a site located
in the Duchesnay forest (46°57'33"N, 71°40'25"W). Although this
site falls outside the study area, we selected it because (i) long-
term (2012-2018) hourly soil moisture data were available and
(i) climatic, vegetation, and soil characteristics are comparable
to those observed in the Outaouais region. The climate at Duches-
nay is also defined as Dfb, but is slightly cooler (mean annual air
temperature = 2.5°C) and wetter (mean annual total precipita-
tion = 1300 mm) than in the study region. The vegetation corre-
sponds to an uneven-aged deciduous forest dominated by sugar
maple, American beech, and yellow birch (basal area of 21.2, 7.4,
and 6.3 m*-ha~’, respectively, for diameter at breast height > 9.0 cm)
growing on a ferro-humic podzol with a sandy loamy texture.
At two sites (east and west, 100 m apart), soil water content was
measured hourly using time-domain reflectometry (CS615, Camp-
bell Scientific) with sensor rods inserted horizontally at four soil
horizons (A: 6 and 7 cm deep; B: 30 and 34 cm deep; BC: 55 and
60 cm deep; C: 90 cm deep).

3. Materials and methods

3.1. Characterizing the annual maximum LAI

We characterized the LAI over the study area using the 8-day
composite MODIS-LAI data with a 500 m resolution (Myneni et al.
2015) for the years 2002-2018. In this remote sensing dataset, the
LAI is obtained by solving the three-dimensional radiative trans-
fer equation using MODIS-retrieved data on reflectance in the red
and near-infrared spectral bands as well as a global biome map.
The MODIS-LAI dataset provides an estimate of the true LAI,
equivalent to the LAI measured with direct methods (Yan et al.
2016).

Across the study area (n = 55 327 pixels), we selected forest-
dominated areas — that is, grid cells with at least 75% of forest
cover — which we assessed using the forest map of the fifth pro-
vincial forest inventory (MFFP 2018) regridded to a 500 m resolu-
tion. Accordingly, a total of 40429 pixels were selected as
forested area covering 24 380 km? of our study area. For each
forested grid cell, we found the maximum LAI value for each
year and then computed the mean LAl .. Using satellite and
flux tower observations as well as simulations from land sur-
face models, various studies have investigated the temporal
variability of LAI and how phenology influences surface fluxes
in temperate forests (Anav et al. 2013; MacBean et al. 2015; Asaadi
et al. 2018). In the present study, we were interested in the spatial
variability of LAI and thus focused our analysis on a single metric,
LAl ax- LAl 0« holds great importance because it represents vege-
tation conditions that hold through much of the growing season,
typically from late June to early September in deciduous broadleaf
forests in eastern North America (Asaadi et al. 2018). Accordingly,
LAl ax is associated with maximum evapotranspiration in these
forests (Asaadi et al. 2018).

3.2. Assessing the regional-scale variability of the annual
maximum LAI

In land surface models, PFTs are generally prescribed using a
land cover map derived from remote sensing data (Sterling and
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Fig. 1. (a) Plant functional type (DBF, deciduous broadleaf forest; ENF, evergreen needleleaf forest; MX, mixed forest) and (b) annual
maximum LAI across the study area. The map was created with GeoPandas Python Package (Jordahl et al. 2019), and coordinates are UTM
zone 18N. The inset was created with QGIS version 3.14 using a base map from the North American Atlas of Natural Resources Canada and
the Base de données géographiques et administratives of the Ministére de I'Energie et des Ressources naturelles. [Colour online.]
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Ducharne 2008). Given the regional scale of our study, we defined
PFTs based on the forest cover as defined by the provincial forest
inventory: evergreen needleleaf forest (ENF), deciduous broad-
leaf forest (DBF), and mixed forest (MX; Fig. 1). Forest cover is
defined according to the proportion of the basal area made up of
needleleaf trees: ENF corresponds to forests where needleleaf
trees make up more than 75% of the basal area, MX corresponds
to forests where needleleaf trees make up between 25% and 74%
of the basal area, and DBF correspond to forests where needleleaf
trees make up less than 25% of the basal area (MFFP 2018). We
characterized within- and between-PFT variability of LAl,.x by
comparing frequency distributions of ENF, DBF, and MX forests.
We also computed the Fisher ratio, which is the ratio of between-
class variability to within-class variability (Bishop 2006), as
follows:

(11— po)”
M F=tg
1 2

where u represents the mean, o represents the standard devia-
tion, and subscripts represent a given class. While an assessment
of intraclass versus interclass variability typically relies on an
analysis of variance (ANOVA), we did not perform such an analy-
sis given our large sample size. Indeed, a large sample size often
leads to small differences between classes being flagged as statis-
tically significant. Instead, we assessed biological significance by
performing a sensitivity analysis to assess how the observed
range of variability of MODIS-derived LAI,,., affected the simula-
tion of soil moisture and evapotranspiration.

3.3. Description of the CLASS model

CLASS is a physically based land surface model (Verseghy 1991,
2012) that simulates heat and moisture exchanges between the
surface and the atmosphere. It was initially developed to be run
coupled to global or regional climate models, but offline simula-
tions using forcing data from a standalone atmospheric model
or from field measurements, as performed in this study, are also
possible. In terms of forcing data, CLASS requires seven input
variables at a 30 min time step: downwelling shortwave radiation,
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downwelling longwave radiation, surface air pressure, air temper-
ature, specific humidity, wind speed, and total precipitation. For
each grid cell, CLASS computes the energy and water budgets sep-
arately over four subareas (bare soil, vegetation over bare soil,
snowpack over bare soil, or vegetation over snowpack) and then
averages it. For subareas with vegetation, CLASS considers the
fractional coverage of four PFTs (needleleaf trees, broadleaf
trees, crops, and grass). Physiological and structural characteris-
tics are assigned representative values for each PFT, and these
remain constant over the year except for the plant area index
(PAI), which varies seasonally between set minimum and maxi-
mum values. Annual minimum and maximum PAI values are
assigned to each PFT, and the LAl is then derived from these val-
ues: for crops and grass, LAI = PAL for needleleaf trees, LAl = 0.9 x
PAL; and for broadleaf trees, LAI = PAI - annual minimum PAI In
CLASS, transpiration is a function of the LAI, while rain or snow
interception as well as radiative transfer are a function of the PAL
Several soil layers can be defined in CLASS, each with specific
thickness, texture, and organic matter content.

3.4. Water balance simulation at the Duchesnay forest

We used version 3.6 of CLASS within the hydrological land
surface modelling platform Modélisation environnementale
communautaire - Surface Hydrology (MESH; Pietroniro et al.
2007) developed by Environment and Climate Change Canada
to simulate the soil water content and the evapotranspiration
in the Duchesnay forest. Given the large gaps in observations
from the local weather station, we used ERAS reanalysis data
(fifth-generation atmospheric reanalysis of the global climate
released by the European Center for Medium-Range Weather
Forecasts) as forcing data (Copernicus Climate Change Service
2017). We compared reanalysis data from 1981 to 2020 with obser-
vations from weather stations (n = 100 for temperature, n = 113 for
precipitation) for an area that includes the Duchesnay forest and
the Outaouais region (longitude: 79.5°W to 69.0°W; latitude:
44.0°N to 49.8°N) and found only small differences, with a mean
absolute error of 8 mm for monthly total precipitation and 0.5 °C
for monthly mean air temperature. Because the Duchesnay for-
est is composed primarily of broadleaf deciduous trees, the PFT
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Table 1. Vegetation characteristics assigned to the deiduous
broadleaf forest plant functional type at the Duchesnay study

site.
Deciduous
broadleaf forest
PAI minimum (m?*.m™) 0.5
PAI maximum (m?*m™) 6.0
Visible albedo 0.05
Near-infrared albedo 0.29
Minimum stomatal resistance (s-m™) 125

was set to DBF. We set vegetation characteristics (Table 1) based
on generic values for broadleaf cold deciduous forest provided in
the CLASS documentation (Verseghy 2012), except for the root-
ing depth and roughness length. Rooting depth was set to 50 cm
based on field observations. Roughness length was set to 2.1 m
(recommended value is 2 m), corresponding to the forest canopy
height extracted from the forest map of the fifth provincial for-
est inventory (MFFP 2018) divided by 10. The total soil depth was
set to 1 m based on field observations; we discretized this soil col-
umn into five layers at depths of 0.1, 0.25, 0.45, 0.7, and 1.0 m. In
CLASS, we defined the first soil layer (0-0.1 m) as organic, while
the remaining soil layers were defined as mineral. We defined
sand and clay content of each layer by averaging measurements
from six profiles taken around the measurement sites.

We assessed the performance of the model by comparing soil
water content simulations to observations at three selected soil
horizons. We compared the first two simulated soil layers (0-0.1 m
and 0.1-0.25 m) to soil moisture measurements performed in the
A and B horizons of the western site. Owing to discrepancies in
observations at deeper horizons, we compared the third soil layer
(0.25-0.45 m) to the BC horizon of the eastern site. We assessed
the performance of the model by focusing on the snow-free period
from May to October (MJJASO). We computed four performance
metrics on a monthly basis to evaluate the ability of CLASS to
simulate soil water content: root mean square error (RMSE), prob-
ability of detection index (POD), percent bias (Pbias), and Nash-
Sutcliffe coefficient (NSE). The RMSE computes the mean difference
between observed and simulated values; the closer its value is to
zero, the better is the simulation. We used the POD to assess the abil-
ity of the model to simulate small values (defined as values below
the 5th percentile) of soil water content:

a
a+b

(2) POD=

where a is the number of times that observed and simulated soil
water contents are both below their respective 5th percentile
and b is the number of times that observed soil water content is
below its 5th percentile but simulated soil water content is not.
The POD varies between zero and one; the closer its value is to
one, the better is the simulation of small values. The Pbias
assesses the mean tendency of simulated values to be larger (pos-
itive bias) or smaller (negative bias) than observations. NSE
ranges between —co and 1, with NSE =1 for a perfect fit between
the model and observations, while negative values indicate that
the mean value of observations offers a better predictor than the
model.

Once the performance of the model had been validated, we per-
formed a sensitivity analysis of the CLASS model. We simulated
water fluxes and stores at Duchesnay forest by varying the annual
maximum PAI (PAI,,,) between 4.0 and 7.5 m*m 2 with incre-
ments of 0.5 m*m ™2 When the canopy is fully developed, the LAI
is comparable to the PAI in deciduous forests, with a difference of
less than 0.75 m*m 2 (Dufréne and Bréda 1995; Liu et al. 2015). A
global analysis of broadleaf forests also found that the true LAI
measured with direct methods was comparable to the effective

Can. J. For. Res. Vol. 00, 0000

Fig. 2. Frequency distribution of the annual maximum leaf area
index (LAly,.x) computed with 8-day composite MODIS-LAI data for
the (a) deciduous broadleaf forest (DBF), (b) evergreen needleleaf
forest (ENF), and (c) mixed forest (MX) in the study area. [Colour
online.]
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LAI that considers light interception by woody parts and assumes
arandom foliage distribution (bias <10%; Fang et al. 2012). Giving
these findings, a sensitivity analysis of CLASS based on variations
of PAl,,.x can appropriately reflect variations of LAI ..

4. Results and discussion

4.1. Regional scale variability of the annual maximum LAI
Across the study region, MX was the dominant forest cover,
representing 80.6% of the forest-dominated areas of the study
region (Fig. 1a). DBF represented 18.1% of forest-dominated areas
and was concentrated in the southeastern part of the study
region. ENF was found in only a small portion of the study region
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Fig. 3. Observations (obs) and simulations (sim) of soil water content (SWC) at the Duchesnay forest for three simulated soil layers:
(a) 0-10 cm, (b) 10-25 cm, and (c) 25-45 cm. The focus of the study was on the period from May to October (MJJASO). Data are shown in

light colours for the period from November to April. [Colour online.|
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(1.3%), with most occurrences found in the northern area of the
study region. LA, varied between 2.7 and 6.9 m*m 2, although
when considering the 5th and 95th percentiles, most values fell
between 5.7 and 6.7 m*m 2. LAl,,,x decreased with latitude, and
we observed most values <5.5 m*m? in the northern portion of
the study region (Fig. 1b). Over a few grid cells (n = 113), LAl ,.x was
equal to zero over areas where forest cover exceeded 75% based
on the provincial inventory data. This minor mismatch could be
due to small differences in the delineation of waterbodies by the
two datasets, and we removed these values when performing
analyses.

We observed little variability in LAl,,,, between the two domi-
nant PFTs, as shown by the similar frequency histograms
between DBF and MX (Fig. 2). Mean LAl,,,x was similar between
DBF (6.6 m*m2) and MX (6.3 m*m?), although lower values
were reached for MX (25th percentile = 61 m*m™?) than for DBF
(25th percentile = 6.5 m*m?). Mean LAI,,,, was slightly lower
for ENF (5.9 m*m?) than for the two other PFTs. However, ENF
represented forest cover of only 1.3% of the study region and is
mainly associated with nonmesic conditions, thus offering a
poor comparison to the two other PFTs. The mean LAl ,, for the
study region (6.3 m*m %) was comparable to the mean value
compiled by Breuer et al. (2003) from LAI measurements in tem-
perate deciduous forests in North America (6.5 m?>m™?), but
larger than the mean LAI,,, compiled by [io et al. (2014) using a
global dataset (4.9 m*>m 2). MODIS-derived values of LAl
appeared slightly greater than values from global datasets of
land surface parameters. For example, the LAI,,,, derived for the
deciduous broadleaf forest PFT in the CLASS documentation,
with annual maximum and minimum PAI values of 6.0 and
0.5 m?*m™?, respectively, corresponds to a LAl ., of 5.5 m*m ™2
Even lower values are observed from the global dataset com-
piled from Hagemann (2002), with the southern portion of
the study region made up of cool broadleaf forest (LAl ,.x =
5.2 m*m?) and the northern portion made up of cool mixed forest
(LALpax =4.3m*m™2).

Although within-PFT variability was relatively small for DBF
(standard deviation = 014 m*m™?), we observed larger within-
PFT variability for MX (standard deviation = 0.34 m*m?) and
ENF (standard deviation = 0.56 m*m~?%; Fig. 2). The Fisher ratio
(eq.1) between the two dominant PFTs (DBF and MX) was equal to
0.6, thus showing that within-PFT variability was 1.7 times larger
than between-PFT variability. Within-PFT variability over the
study region was smaller than that observed globally, with com-
pilations of LAI measurements in deciduous forests reporting
standard deviation close to 1.6 m*m 2 (Breuer et al. 2003; Tio
et al. 2014). The maximum LAI has been shown to vary with tem-
perature and water availability on a global scale (lio et al. 2014)
and, as such, the smaller within-PFT variability can be traced
back to the relatively small climate variability observed over the
study region.

4.2. Performance of the CLASS model

Figure 3 shows the simulation of soil moisture with CLASS,
with a focus on the period from May to October, when variability
in the LAI,,,4 is likely to have the most influence on the water
balance. Little consideration should be given to soil moisture out-
side of this period given the issues with time-domain reflectome-
try measurement of soil moisture at near-freezing temperatures
(Kahimba and Ranjan 2007). Figure 4 shows the various metrics
used to assess the performance of the model, with the exception
of the NSE, which was often negative. The evaluation of soil mois-
ture modelling is notably difficult, as soil properties and thus soil
moisture can vary on a very small scale, both horizontally and
vertically (Famiglietti et al. 2008; Vereecken et al. 2010; Gwak and
Kim 2017). Varying soil properties can lead to a shift between
observations and simulations, as is the case for the second soil
layer, where the Pbias exceeded 20%. In the present study, model
performance is also affected by the fact that we used reanalysis
as opposed to local meteorological data to represent meteoro-
logical forcing. Indeed, we can sometimes observe a mismatch
between observed and simulated soil moisture, as was the case
in summer 2016, when the reanalysis data did not capture a
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Fig. 4. Performance metrics (a) root mean square error (RMSE), (b) probability of detection (POD), and (c) percent bias (Pbias) comparing
observations and simulations of soil water content at the Duchesnay forest at three simulated soil layers (0-10 cm, 10-25 cm, and 25-45 cm) for

the period from May to November (M]JJASO). [Colour online.]
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prolonged dry period. The model performed best at the deepest
soil layer (Fig. 3c), and the NSE varied from 0.34 to 0.61 between
June and August. As is the case for other soil layers, performance
declined at the beginning (May) and end (September and October)
of the study period. At the deepest soil layer, the model captured
the large reduction in soil moisture below 0.15 m*-m > during the
summers of 2012 and 2017, although it failed to do so in 2016. Still,
the POD index shows the ability of the model to simulate the soil
moisture drawdown during the growing season. Indeed, the best
performance (POD between 0.5 and 0.8 for layers 2 and 3) was
found for the June to August period. It is particularly relevant
for the present study given that we could expect soil moisture
to be particularly sensitive to variations in LAI,,, during this
period.

annual maximum PAI (m~2.m~2)

4.3. Sensitivity analysis

Variation of PAl, between 4.0 and 7.5 m?m 2 had little
impact on mean simulated values of water fluxes and stores
between May and October at the Duchesnay site (Figs. 5a-5b). We
observed variations of less than 2% between mean values of soil
moisture as well as between mean values of evapotranspiration.
For example, daily mean evapotranspiration remained close to
2.2 mm when varying the PAI.,. LAl,.4 is thus not likely to be
an important driver of the spatial variability of simulated water
fluxes and stores in the study area. Indeed, the model showed lit-
tle sensitivity over the range of simulated PAl,,,, values (4.0-
75 m>m2), which was larger than the variability of MODIS-derived
LAl,.x over the study region (5th and 95th percentiles = 5.7 and
6.7 m*>m >, respectively). These findings generally agree with
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sensitivity analyses performed with land surface models at Ameri-
flux sites, where mean evapotranspiration in broadleaf forests
was found to be relatively insensitive to site-level variations in LAI
(Puma et al. 2013; Ukkola et al. 2016). Instead, LAI mainly influ-
enced the model’s partitioning of evapotranspiration into evapo-
ration and transpiration rather than affecting the magnitude of
the simulated flux (Puma et al. 2013). While the partitioning of
evapotranspiration has indeed been linked to LAI (Wang et al.
2014; Wei et al. 2017), recent evidence suggests that the fraction
of transpiration is independent of LAI when vegetation is in
equilibrium with the local climate (Paschalis et al. 2018). Indeed,
this could explain the low sensitivity of simulated water fluxes
to LAI observed in the present study, given that the sensitivity
analysis focused on dense forests near equilibrium conditions
(4.0 m*m 2 <LAl,. <75 m?*m ?).

Because LAl,,.x rarely dropped below 4 m%m 2 in our study
region, we did not investigate the sensitivity of water fluxes to
smaller LAI values. In boreal forests, LAI has been found to be
an important scaling parameter of eddy-covariance measure-
ments of evapotranspiration, but only in sparse forest stands
(LAI < 3 m*m2) (Launiainen et al. 2016). Similar to our find-
ings, evapotranspiration in denser boreal forest stands was lit-
tle influenced by LAI; instead, it was strongly coupled to species
traits as well as to site and weather conditions. Empirical evi-
dence from forest thinning experiments at the stand level
(Bréda et al. 1995; Gebhardt et al. 2014) or vegetation removal in
paired catchment experiments (Bosch and Hewlett 1982; Brown
et al. 2005) indicate that a large reduction in LAI results in
decreased evapotranspiration. However, very little empirical
evidence exists on the sensitivity of evapotranspiration to LAI
in dense forests. Such data would help situate the minimal
response to changes in LAI for evapotranspiration simulated by
CLASS (present study) as well as by other land surface models
(Puma et al. 2013; Ukkola et al. 2016) in deciduous broadleaf for-
ests. Indeed, validating simulations by land surface models
with empirical data are particularly important given recently
diagnosed deficiencies in the covariation of LAI and turbulent
fluxes in five land surface models (Forzieri et al. 2018).

While we found mean values to be relatively insensitive to
changes in PAl,,.,, extreme values of water fluxes and stores
simulated by CLASS were slightly sensitive to vegetation struc-
ture. Under dry conditions (soil water content below the 5th per-
centile), the surface soil layer was the most sensitive to changes
in PAl,,,, with mean soil moisture varying between 0.61 and
0.63 m®.m > between May and October, while we observed little
variation for deeper soil layers (Fig. 5¢). In the surface soil layer,
minimum soil moisture concurred with the lower simulated
value of PAI,, (4.0 m®-m ). This pattern may appear counterin-
tuitive, as one could expect lower soil moisture to concur with
larger PAIl,,,x values as a result of increased evapotranspiration.
When considering days where daily evapotranspiration exceeded
the 95th percentile, we did observe an increase in evapotranspi-
ration with PAl.,: mean evapotranspiration increased from
4.3 mm-day " for a PAI,, . 0f 4.0 m*m % to 4.7 mm-day ' for a PAlL,,,x
of 75 m*m > (Fig. 5d). However, the observed increase in surface
soil water content with increasing PAl,x values has previ-
ously been documented when simulating soil moisture with
CLASS (Isabelle et al. 2018). This pattern can be traced back to
an increase in evaporation at the soil surface under a sparser
canopy. Similar to our findings, Puma et al. (2013) found that
extremes of water fluxes were sensitive to changes (£30%) in
LAI in a broadleaf forest, even though mean evapotranspiration
was relatively insensitive. Indeed, evapotranspiration in broadleaf
forests has been found to be particularly sensitive to LAI during
rainfall deficits (Ukkola et al. 2016). In the present study, the period
considered included three particularly dry summers (2012, 2016,
and 2017), which could explain why soil moisture simulations
exhibited a certain sensitivity to PAl,,x (Fig. 5¢).

4.4. Limitations

The objective of this study was to investigate spatial variability
in LAI To do so, we derived LAI,,, using remote sensing data, as
it allowed the retrieval of LAI over large areas. Remote sensing
methods do not provide a direct measurement of LAI Instead, re-
flectance values measured by optical sensors are converted into
estimates of LAI using biome-specific empirical transfer func-
tions (Fang et al. 2019). This method is imperfect owing to the
uncertainty in reflectance values associated with atmospheric
conditions as well as errors in land cover data used as ancillary in-
formation for biome classification. In woody biomes, the RMSE
of MCD5 MODIS data amounted to 1.05 m*m ™2 when compared
against 57 field measurements across the globe (Fang et al. 2012).
A similar value (RMSE = 0.96 m*.m2) was found for broadleaf for-
ests but for a limited number of field measurements (n = 7). Over-
all, the uncertainty of MODIS-derived LAl,,,x would likely have
little impact on simulated water fluxes in dense forests given
that CLASS showed minimal sensitivity (less than 2% changes in
mean evapotranspiration; Fig. 5) when varying LAl ,,x between
4.0 and 7.5 m?>m 2 Instead, the mismatch in LAl,,, between
MODIS-derived values and global PFT datasets appears to be a
greater source of uncertainty. Indeed, we found differences of
up to 2 m*m 2 between MODIS-derived LAl,,,, and global PFT
LAILax, highlighting the need to define regionally specific PFT
values in regional applications of land surface models.

Owing to constraints in data availability, the site of the water
balance simulation (Duchesnay forest) was located outside of
the study region (Outaouais region) where we investigated the
spatial variability of LAl,,.,. The Outaouais region receives less
precipitation (mean annual total precipitation between 900 and
1100 mm) than the Duchesnay forest (mean annual total precipi-
tation = 1300 mm). Compared with the Duchesnay forest, the
drier climate of the Outaouais region may lead to higher levels of
competition for water resources and thus result in greater sensi-
tivity of simulated water fluxes to forest density (i.e., LAl;hay) in
the CLASS model.

In the present study, we focused our analysis on a single met-
ric, LAl ax, because our objective was to (i) investigate spatial var-
iability (as opposed to temporal variability) in LAI and because
(i) the CLASS model requires only annual minimum and maxi-
mum LAI as input. As such, LAI,,,x was computed as a multi-year
mean, and we did not consider interannual variability. Forzieri
et al. (2017) explored interannual variations in LAI and energy
fluxes (including the latent heat flux associated with evapotrans-
piration) and found that vegetation density had a substantial
impact on surface fluxes at the global scale between 1982 and
2011. As such, further work is needed to quantify interannual var-
iability of LAl . at the regional scale and account for it in land
surface models such as CLASS.

4.5. Further work

The sensitivity analysis performed in the present study is spe-
cific to CLASS, although simulations with other land surface
models came to similar conclusions regarding the relatively
small influence of LAI on the simulation of water fluxes in dense
deciduous broadleaf forests (Puma et al. 2013; Ukkola et al. 2016).
The sensitivity of land surface models to LAI can be highly vari-
able, as demonstrated by a comparison at the global level of
27 land surface models participating in CMIP5 (Zeng et al. 2016).
Moreover, evidence from observations (Forzieri et al. 2018) and
simulations (Lu et al. 2013) suggest that sensitivity to LAI not only
varies between models but is also PFT dependent. For example,
simulated annual evapotranspiration was most sensitive to LAI in
evergreen and deciduous needleleaf forests, while LAI explained
only 5% of the variance in simulated annual evapotranspiration in
deciduous broadleaf forests (Lu et al. 2013). These findings stress
the need to better understand within-PFT variability of LAI for
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other PFTs, notably those associated with the largest sensitivity to
changes in LAL

A greening trend — that is, an increase of 8% in LAI at the
global level — has been observed between the 1980s and the
2010s (Zeng et al. 2018). Based on climate model simulations, this
greening trend has been associated with a 12 mm-year ' increase
in both evapotranspiration and precipitation over the same pe-
riod (Zeng et al. 2018). Overall, this greening trend shows the im-
portance of further work to understand the interplay between
LAI and water fluxes in order to predict the impacts of climate
change on the water cycle. In temperate forests of eastern North
America, the greening trend amounted to ~0.06 m*m 2.year '
for the 1982-2009 period and appeared to be mainly driven by
land cover changes and a CO, fertilization effect (Zhu et al. 2016).
In these forests, considerable variability was found at the re-
gional scale in terms of both the magnitude of the greening trend
and its driving factors. Most studies on the Earth’s greening trend
have been performed at the global scale (Zhu et al. 2016; Forzieri
etal. 2017; Zeng et al. 2018). Going forward, studies at the regional
scale are needed to assess the potential impacts of this greening
trend on water fluxes. Indeed, as the present study suggests, the
observed greening trend may have minimal influence on water
fluxes in dense deciduous broadleaf forests given the minimal
sensitivity of simulated evapotranspiration to LAIL

5. Conclusion

This study showed that vegetation structure, as characterized
by LAl .y, is likely not an important driver of the spatial variabil-
ity of water fluxes simulated by the CLASS land surface model in
temperate forests. Our results showed that within-PFT variability
of LAl ,x was more important than variability between the two
dominant PFTs (DBF and MX). However, contrary to what we pre-
dicted, a sensitivity analysis performed with the CLASS land sur-
face model showed that the variability in MODIS-derived LAI .«
at a regional scale (5th and 95th percentiles = 5.7 and 6.7 m*m 2,
respectively) would have little influence on simulated mean
water fluxes (evapotranspiration) and stores (soil water content).
Modest sensitivity was observed when simulating evapotranspi-
ration only under dry conditions (soil water content below the
5th percentile) in sparse forests (LAl < 5 m*m ).

Instead of PFTs, remotely sensed LAI data have been used as a
direct input to land surface models, leading to improvements in
the simulation of water fluxes (Buermann et al. 2001; Bonan et al.
2002; Kang et al. 2007). While this finding may hold in certain
regions and for certain PFTs, our study suggests that the use of
remote sensing data to describe LAI,,, would likely not improve
our ability to capture the spatial variability of evapotranspiration
at a 500 m scale. As such, the use of PFTs to describe vegetation
structure, a computationally efficient approach to describing
vegetation, appears largely sufficient for simulating water fluxes
and stores at such a scale across the study region. Still, the use of
globally defined PFTs can lead to an underestimation of LAlL.,,
with differences close to 2 m*m 2 between MODIS-derived re-
gional values and global datasets of land surface parameters. As
the resolution of land surface models is increasing, and as these
models are increasingly being used for regional applications, our
results suggest the need to adapt the representation of vegeta-
tion with regionally specific values. As such, remotely sensed
data offer a practical way to compile regionally relevant values
that can then be assigned to PFTs.
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