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A B S T R A C T   

The expected large-scale expansion of biofuel production in climate change mitigation scenarios calls for im
provements in the representation of bioenergy crops in land surface models. Leaf area index (LAI), canopy height 
(CH) and root depth (RD) are key parameters that regulate exchanges of heat and moisture between land and 
atmosphere. This study performs a meta-analysis combining unique data from 34 observational studies and 14 
countries to estimate monthly variability in LAI, CH, and RD of three main bioenergy crops: miscanthus (MSC), 
switchgrass (SWG), and reed canary grass (RCG). Using the Community Land Model v.5.0 and the results from 
the meta-analysis, we also tested the effects that variability in parameterization of LAI and CH have on key 
components of the surface energy budget, relative to prescribed values. Results from the meta-analysis show a 
strong seasonality of LAI and CH, with mean (± one standard error) LAI values at the peak summer month of 6.05 
± 0.84, 5.56 ± 0.75, and 5.39 ± 1.15 m2/m2, and maximum CH of 246 ± 23, 147 ± 16, and 156 ± 10 cm, for 
MSC, SWG, and RCG, respectively. These values are typically larger than the default parameterizations in CLM. 
Information on RD was limited and average values are 172 ± 56, 165 ±46, and 193 ± 11 cm, for MSC, SWG, and 
RCG, respectively. The seasonal cycles of latent heat, sensible heat and surface albedo are primarily affected by 
the range of LAI values, and less sensitive to variability in CH. Relative to the default values, higher LAI values 
increase latent heat and decrease sensible heat, with the highest absolute changes in summer. They also decrease 
surface albedo in winter months due to a larger snow masking effect. Our results offer a basis to compare 
experimental work and modelling studies, improve parameterization in land surface models, and identify the 
importance of vegetation structure parameters to evaluate key climate processes in response to bioenergy crops.   

1. Introduction 

Bioenergy, when sustainably deployed, is a renewable energy source 
that can replace fossil fuels, help in the transition to a cleaner society, 
and contribute to climate change mitigation (Chum et al., 2011; 
Creutzig et al., 2015; Shukla et al., 2019). Many cost-effective future 
scenarios aiming at stabilizing temperature rise at relatively low levels 
rely on a large-scale deployment of bioenergy crops. In the Shared So
cioeconomic Pathways (SSPs), areas dedicated to bioenergy crops range 
from less than 1 to about 7 million km2 by 2100 (Shukla et al., 2019). 
Conventional food crops like corn and soybean can be used as biofuel 
feedstocks, but their environmental benefits are limited, and sometimes 
questioned, with potential adverse effects on food security and land 
degradation (Creutzig et al., 2015; Rulli et al., 2016). Perennial grasses 
like miscanthus, switchgrass and reed canary grass, are attractive 

second-generation energy crops because of their relatively high yields, 
low need for nutrient supply, efficient use of light and water, and 
adaptability to different terrains and climates (Cheng et al., 2020; 
Leirpoll et al., 2021; Næss et al., 2021; Robertson et al., 2017). They are 
also frequently associated with positive climate and environmental 
co-benefits relative to traditional cropland, such as increases in soil 
carbon storage thanks to their deep root system and avoidance of tillage, 
capacity to restore degraded land, improved biodiversity and other 
ecosystem services (Englund et al., 2020; Robertson et al., 2017; Yang 
et al., 2018; Zhu et al., 2017). For example, substituting maize used for 
biofuel production in the US with miscanthus would save half of the land 
and one third of the water (Zhuang et al., 2013). 

The establishment of bioenergy crops on agricultural land also in
duces biophysical mechanisms that can substantially influence the 
climate from local to regional scales. Neglecting biophysical effects can 
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underestimate the mitigation potential of bioenergy crops (Georgescu 
et al., 2011; Zhu et al., 2017), and prevent the identification of potential 
synergies between climate change mitigation and adaptation at local 
and regional scales. The switch from annual crops to perennial bio
energy plantations like miscanthus is associated with regional cooling 
due to local increases in evapotranspiration and albedo, two key bio
physical climate regulating factors (Cai et al., 2016; Georgescu et al., 
2013; Miller et al., 2016). Up to 5◦C cooling in summer are estimated in 
large portions of the central US in response to perennial bioenergy crop 
expansion over suitable abandoned and degraded farmlands (Wang 
et al., 2017). Seasonal variations are significant, and, in general, bio
energy crops induce a cooling of ambient air during the growing season, 
but after harvest the decrease in evapotranspiration can induce warming 
(Georgescu et al., 2013; Harding et al., 2016; Wang et al., 2017). Bio
energy crops have rather different physiological and phenological 
properties than annual food crops, and their representation in land 
surface models is essential to understand the effects on the climate 
system across spatial (local to global) and temporal (seasonal and 
inter-annual) scales (Cheng et al., 2020; Lawrence et al., 2019; Liu et al., 
2016). Leaf area index (LAI), canopy height (CH) and root depth (RD) 
are important drivers of energy, water, momentum, carbon and nutrient 
exchanges, encompassing processes such as photosynthesis, evapo
transpiration, competition, and carbon and nutrient cycling and allo
cation (Bonan, 2016; Lawrence et al., 2019). The correct specification of 
vegetation parameters in land surface and vegetation models is critical 
to accurately determine the partitioning of the surface energy and 
evapotranspiration processes. Land surface and vegetation models often 
use common values according to default parameterization of plant 
functional types (crops, C3 grass, C4 grass, etc.), although recent ad
vancements also allow prognostic analysis to represent interannual 
variability (Cheng et al., 2020; Li et al., 2018). A few studies have an 
explicit representation of bioenergy crops, with vegetation parameters 
that are largely prescribed with location-specific data (Cheng et al., 
2020; Harding et al., 2016; VanLoocke et al., 2012; Zhu et al., 2017). 
The increasing volume of scientific literature available on field mea
surements of key vegetation parameters of bioenergy crops offers an 
opportunity to improve and inform their parameterization with obser
vational datasets, or to validate model simulations. 

In this study, we collect empirical estimates from field observational 
studies that measured on-site vegetation LAI, CH and RD for three bio
energy crops: miscanthus, switchgrass and reed canary grass. We esti
mate average values and statistical variabilities of these vegetation 
parameters for each of the crops. The estimated ranges are used to test 
the significance of different parameterizations of LAI and CH when 
modeling the local climate response to bioenergy crops with the land 
surface model Community Land Model v.5.0 (CLM5.0). Two different 
locations representative of different climatic conditions are considered, 
one in France and one in Ukraine, and the effects on three key compo
nents of the surface energy budget are explored, namely, sensible heat, 
latent heat and surface albedo. 

2. Methodology 

2.1. Bioenergy crops 

Three types of bioenergy crops are considered in our meta-analysis as 
representative of species that can grow in different climatic conditions 
(e.g., tropical, temperate, or boreal/mountainous areas). 

Miscanthus x giganteus (hereafter MSC) is a C4 natural sterile hybrid 
plant, originally from East Asia (Bassam, 2011). It reaches full estab
lishment within 3 to 5 years and can live up to 25 years. The crop has 
been grown in diverse locations and climates in Europe and North 
America showing a great tolerance to high and low temperatures, water 
availability and terrains (Bassam, 2011; Heaton et al., 2009, 2008; 
Oliveira et al., 2017). It is harvested once a year, with preferred times 
between November and April (Lewandowski et al., 2003). However, 

harvest in late fall is more typical, especially in colder climates. Despite 
its capacity to survive winter (Bassam, 2011), crop mortality due to frost 
can occur at high latitudes with more extreme winter conditions or 
during the establishment period where the plant foundation is not fully 
developed (Lewandowski et al., 2003, 2000). 

Switchgrass (hereafter SWG) is a native C4 grass that was predomi
nant in the great prairies of North America (Dopazo et al., 2009). It has a 
wide geographic distribution, naturally occurring from Central America 
to southern Canada, but it can also grow in tropical and warm temperate 
climates (Christian et al., 2002; Lewandowski et al., 2003). SWG has a 
wide diversity within the species, with variations in morphology, 
phenology and adaptation, which makes this grass advantageous for 
different locations and conditions (Parrish and Fike, 2005). The crop is 
typically harvested in late autumn, before low winter temperatures 
arrive (Lewandowski et al., 2003; McLaughlin and Kszos, 2005). 

Reed canary grass (hereafter RCG) is a fast growing, competitive, 
cool-season grass with a lifetime from 10 to 15 years, that follows the 
photosynthetic pathway C3 (Lewandowski et al., 2003; Uštak et al., 
2019). It is found in temperate climates and wet areas in Europe, Asia 
and North America, with the biggest cultivation areas located in Finland 
and Sweden (Lewandowski et al., 2003; Uštak et al., 2019; Wrobel et al., 
2009). RCG can grow in diverse conditions, especially on a wide variety 
of soils. Naturally, it grows in wet places, with a great ability to grow in 
poorly drained soils and tolerates flood (Lewandowski et al., 2003; 
Uštak et al., 2019; Wrobel et al., 2009). RCG is also drought resistant and 
it can thrive in dry areas (Christian et al., 2006; Wrobel et al., 2009). 
Like the other perennial grasses above, it can grow on land that is not 
suitable for agriculture and can be used to restore degraded or polluted 
soils (Uštak et al., 2019). The major threat for this grass is the appear
ance of weed during its first year (Lewandowski et al., 2003). RCG is 
harvested in late winter or early spring, when the grass is dry and the ash 
content is low, which improves the quality of the biomass for energy 
uses (Landström et al., 1996; Lewandowski et al., 2003). 

2.2. Vegetation parameters 

The vegetation parameters LAI, CH and RD are key regulating factors 
of land-climate interactions. They characterize the vegetation that in
teracts with the atmosphere and govern biophysical processes, relevant 
for the net surface radiation balance, and biogeochemical processes, 
relevant, for instance, for net ecosystem productivity and the carbon and 
nitrogen cycles (Bonan, 2016). An accurate characterization that in
cludes the temporal evolution of LAI and CH, e.g., emergence and 
senescence of leaves due to seasonal changes or harvesting, or growing 
cycles of canopy height, is key to capture the seasonality of the climate 
effects of bioenergy crops. 

LAI is defined as the projected, or one sided, area of leaves per unit of 
ground area (Bonan, 2016; Stuart Chapin et al., 2012). This parameter 
indicates the area that is available to capture light, and the extent to 
which light is reduced throughout the canopy (Stuart Chapin et al., 
2012). It also indicates the area available to intercept and accumulate 
water and affects evapotranspiration rates. The light that is intercepted 
is determinant in the photosynthesis and respiration processes of the 
plant, while the intercepted and through fall water are accounted in the 
water cycle as either evapotranspiration or water accumulated on land 
(Bonan, 2016; Stuart Chapin et al., 2012). This parameter is dynamic 
and the area available changes as leaves emerge, grow, and die 
throughout the seasons of a year. 

The CH of a vegetation is key in the characterization of energy fluxes 
at the surface, as well as in scaling vegetation activities at the canopy 
level. Turbulent fluxes near the surface, generated through drag effects, 
are created when air fluxes, which transport heat, water and mo
mentum, encounter resistance from vegetation. The proportion of the 
resistance depends on the roughness of the vegetation, with taller 
vegetation having greater roughness. These turbulent fluxes increase the 
transfer of water and heat between surface and atmosphere, vertically 
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and horizontally. They are characterized according to the aerodynamic 
conductance of the canopy, which is shaped, among others, by the 
roughness length of the canopy (Bonan, 2016; Pitman, 2003). CH is also 
used in the light distribution profile of plants used to scale vegetation 
processes from the leaf to the canopy level (Bonan, 2016), and it is 
indicative of plant growth, biomass allocation and water transport be
tween leaves and roots (Chu et al., 2018). 

The RD of a plant controls its ability to maintain transpiration pro
cesses. Deeper roots grant access to soil water in deeper soil layers and 
allow the replenishment of water resources in the plant, which change 
soil moisture levels (Bonan, 2016; Finch et al., 2004). Soil moisture 
influences the distribution of net radiation into latent and sensible heat, 
as well as the share of water allocated to evapotranspiration and run-off 
processes (Bonan, 2016). Changes in water and heat surface fluxes can 
stimulate conditions for precipitation, and a decrease in soil moisture 
can result in a decrease in precipitation (Bonan, 2016; Pitman, 2003; 
Tilman et al., 2009), although this is highly dependent on environmental 
conditions and responses of mechanisms at the local level (Findell and 
Eltahir, 2003; Huang et al., 2020). RD can also be indicative of soil 
carbon storage (Monti and Zatta, 2009). 

2.3. Literature search 

A literature review is carried out to screen peer-reviewed articles 
containing primary data on vegetation parameters for the different 
bioenergy crops. The search engines “Google Scholar”, “Mendeley” and 
“Scopus” are used with keywords based on the common or scientific 
names of the crops (e.g., “switchgrass” or “Panicum virgatum”) and the 

name and acronyms of the parameters (e.g., “Leaf Area Index” or “LAI”), 
in combination with the words “biofuel crop”, “bioenergy crop”, “peren
nial grass” or “energy crop”. 

Once a potential article is identified, it is inspected to check if the 
terms leaf area index, canopy height, and root depth, together with 
associated values, are included in the body of the study. If the article 
includes relevant information, the values, graphs, location, and char
acteristics of the study are stored. A total of 61 studies were initially 
identified as containing potentially relevant information. These studies 
include field experiments, parameters simulated by land surface and 
vegetation models, and literature reviews. Correlated studies are iden
tified, and cross-citation and reproduction of the same empirical data 
are excluded. Vegetation parameters produced by modelling tools are 
also excluded, and only empirical measurements from field studies are 
considered, including one study that reports LAI values based on indirect 
measurements (Finch et al., 2004).This leaves 34 articles containing 
unique data, each article contributing with at least one vegetation 
parameter for one bioenergy crop. The values collected correspond to 
experiments that typically provided field observations from 1 to up to 6 
years. 

A total of 19 studies reported values for LAI (9 for MSC, 6 for SWG, 
and 7 for RCG), 18 for CH (9 for MSC, 5 for SWG and 7 for RCG, with 12 
studies different from those that also reported LAI), and 6 for RD (4 for 
MSC and SWG, and 2 for RCG, with 5 studies of these that did not include 
information for LAI or CH). Table 1 shows a summary of the literature 
review, and Table S1, S2 and S3 in the supplementary material offer 
detailed information. The geographical distribution of the studies is 
spread among 14 countries and mainly covers Europe, North America 

Table 1 
Summary of articles selected in the literature review organized by vegetation parameter and bioenergy crop.  

Parameter Miscanthus Switchgrass Reed canary grass  
Reference Location Reference Location Reference Location 

LAI Zeri et al.,(2011) Illinois, USA Zeri et al., (2011) Illinois, USA Sahramaa et al.,(2003) Jokioinen, 
Finland  

Heaton et al., (2008) Illinois, USA Heaton et al., (2008) Illinois, USA Ní Choncubhair et al., (2017) Cashel, Ireland  
J. W. Finch & Riche, 
(2010) 

Bedfordshire, UK Wagle et al., (2015) Oklahoma, USA Lind et al., (2016) Maaninka, 
Finland  

Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Danais, (1986) Betagne, France   

Bedforsdhire, UK  Bedforsdhire, UK    
Danalatos et al., (2007) Volos, Greece Kiniry et al., (1999) Texas, USA Kusutani et al., (1977) Japan  
Clifton-Brown et al., 
(2000) 

Cashel, Ireland Eichelmann et al., 
(2016) 

Ontario, Canada Williams et al., (2017) North Dakota, 
USA  

Cosentino et al., (2007) Catania, Italy   Shurpali et al., (2013) Joensuu, Finland  
van der Werf et al., 
(1992) 

Ter Apel, The Netherlands      

(Acharya et al., 2018) Arkansas, USA     
CH Heaton et al., (2008) Illinois, USA Heaton et al., (2008) Illinois, USA Sahramaa & Jauhiainen, 

(2003) 
Jokioinen, 
Finland  

Uwatoko et al., (2016) Japan Oliveira et al., (2017) Candas, Spain Saijonkari-Pahkala, (2001) Jokioinen, 
Finland  

J. W. Finch & Riche, 
(2010) 

Bedfordshire, UK D G Christian et al., 
(2002) 

Heredfordshire, UK Lind et al., (2016) Maaninka, 
Finland  

Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Kusutani et al., (1977) Japan   

Bedforsdhire, UK  Bedforsdhire, UK    
Danalatos et al., (2007) Volos, Greece Lemus et al., (2002) Iowa, USA Jasinskas et al., (2008) Lithuania  
Clifton-brown et al., 
(2007) 

Cashel, Ireland   Dudley G. Christian et al., 
(2006) 

Rothamsted, UK  

Cosentino et al.,(2007) Catania, Italy   Weilhoefer et al., (2017) Portland, OR, 
USA  

Acharya et al., (2018) Akansas, USA      
Oliveira et al., (2017) Candas, Spain     

RD Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Jon W. Finch et al., 
(2004) 

Heredfordshire, UK Kätterer & Andrén, (1999) Ultuna, Sweden   

Bedforsdhire, UK  Bedforsdhire, UK    
Neukirchen et al., (1999) Rhine Valley, West 

Germany 
Shield et al., (2012) Bedforsdhire, UK Shield et al., (2012) Bedforsdhire, UK  

Monti & Zatta, (2009) Po Valley, Italy Monti & Zatta, (2009) Po Valley, Italy    
Mann et al., (2013) Davis, California, USA Mann et al., (2013) Davis, California, 

USA    
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and Japan, as shown in Fig. 1. No studies were found in the southern 
hemisphere. 

2.4. Data processing 

The monthly mean of LAI or CH of a single study (xim ) is quantified 
based on the data collected from that study. Values are either extracted 
from data points in graphs using a visual approximation tool or taken 
from tables. A study provides multiple values for a single month when 
experiments ran over multiple years, or considered different conditions 
such as planting distances, fertilization, and irrigation. Typically, a 
study does not report values for all months of the year. When the value is 
given in terms of the day of the year (DOY), the DOY is converted to the 
respective month. When measurements are reported without a clear 
month, the month is indirectly identified from the information in the 
text. 

A monthly mean, Xm, and standard error of the mean, SEM, is 
calculated using the sampling mean of the collected studies, xim , the 
number of studies, Nm, and the standard deviation from the set of means, 
σm (Eq. 1). X represents the parameter, either LAI or CH, m refers to the 
month and i to the individual study. 

Xm = 1

/

Nm

(
∑Nm

im

xim

)

, SEM = σXm
= σm

/
̅̅̅̅̅̅
Nm

√
(1) 

A similar approach is followed for the parameter RD. An average 
maximum RD and SEM are calculated based on the maximum values 
reported by the selected studies, without monthly differentiation. 

2.5. Effects of variability in LAI and CH parameterization in CLM5.0 

Simulations of implications of different parameterizations of LAI and 
CH on key components of the surface energy budget like latent heat, 
sensible heat, and surface albedo are performed with CLM5.0, the land 
surface model of the Community Earth System Model (CESM). CLM5.0 
includes an extensive representation of processes from ecological 
climatology that describe how changes in vegetation affect climate and 
ecosystems. The model accounts for physical, chemical, and biological 
processes across different spatial and temporal scales (Lawrence et al., 
2018, 2019). 

CLM5.0 is a land-only model. To drive the atmospheric state, we use 
the atmospheric dataset Global Soil Wetness Project (Dirmeyer et al., 
2006) version 3 (GSWP3) (spatial resolution of 0.5◦x0.5◦ and temporal 

Fig. 1. Location of experimental studies of the articles selected in the literature review.  
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resolution of three hours). In the default parameterization, LAI is 
derived from MODIS satellite data and top and bottom CH are acquired 
from gridded datasets adjusted to specific plant functional types (Law
rence et al., 2018). Our simulations are executed off-line, i.e. the model 
is not coupled to an atmospheric model, as this is not necessary for the 
objectives of our study and it allows to maintain our simulations 
computationally efficient. The use of a stand-alone land surface model is 
typically sufficient to explore how changes in attributes of vegetation 
structure influence biophysical factors of the surface energy balance 
(energy and water fluxes) (Bohn et al., 2018; Chen and Dirmeyer, 2016), 
because atmospheric feedbacks usually have negligible first order effects 
on local surface fluxes (Chen and Dirmeyer, 2020; Laguë et al., 2019). 

Given the atmospheric state, CLM5.0 calculates surface energy, 
momentum and radiative fluxes for any given time step considering 
snow and soil hydrology conditions from the prior time step. Albedo is 
calculated from the two-stream approximation radiative transfer model 
based on the upward and downward diffuse radiative fluxes and the 
optical properties of the plant, which considers LAI among other factors 
(Lawrence et al., 2019). These conditions are then updated according to 
the estimated fluxes. The characteristics of the current time step are 
passed to the atmosphere in order to proceed with fluxes calculations for 
the next time step (Lawrence et al., 2018). 

CLM5.0 allows models to be run for either a single grid-point or a 
regional scale. In light of the objectives of our analysis, we run the model 
for a single grid-point scale in order to better highlight direct effects of 
variability in parameterization of land cover phenology (LAI and CH) on 
key elements of the surface energy budget. We select two cropland- 
dominated grid cells (around 80 km2 size each) representative of 
different background climatic conditions, one in France (48.00◦N, 
1.60◦E) and one in Ukraine (33.63◦N, 50.60◦E). Climatological condi
tions (temperature, rainfall, and snow water equivalent) for the two 
locations are available in supplementary Figure S1. These grid cells 
originally have about 70% of cropland according to the LUH2 land cover 
data (Hurtt et al., 2020), and they have been entirely converted to either 
C3 (RCG) or C4 (SWG) grass in our experiments. As both SWG and MSC 
are C4 grasses, they belong to the same plant functional type (PFT) in 
CLM5.0 (C4 grass). Only LAI and CH values representative of SWG has 
been considered in our simulations, because the differences in average 
values from the two grasses are rather small (thereby leading to similar 
results). Harvest is modelled in November for the C4 (SWG) grass and 
March for the C3 (RCG) grass, given that these months fall into the most 
typical harvest windows of the specific grasses. We performed a total of 
16 simulations for each location, 8 for each type of grass (C3/RCG and 
C4/SWG), using different parameterizations of LAI and CH: a default 
case based on the prescribed values for LAI and CH as incorporated in 
CLM5.0, three simulations each where either LAI or (top) CH are 
changed to the monthly mean, 5th or 95th percentile from the data points 
collected in the meta-analysis. For the C3 grass in the months where 
there are no data available (from November to February), the values are 
linearly extrapolated from the last months with available data. In order 
to single out the effects of changes in LAI or CH, LAI values are kept 
equal to the default case when CH parameters are changed, and vice 
versa. An extra set of simulations incorporates the mean values of both 
LAI and CH to investigate the combined effects in each location of using 
observational values for both parameters simultaneously. Table S4 and 
S5 in the Supplementary Information summarize the values used in the 
simulations. A time period of ten years (2001-2010) with a time step of 
1800 seconds is considered for each simulation, assuming one year of 
model spin up time. Results for sensible heat, latent heat, and surface 
albedo are finally averaged per months across the simulation period. 

RD is not included in the simulations because it is not a parameter 
that can be directly manipulated in CLM5.0, as the model characterizes 
each PFT by its root fraction in each of the soil layers. Other land surface 
models (such as NOAH-MP (Liu et al., 2016)) give the possibility for a 
more explicit parameterization of RD. Nevertheless, our meta-analysis 
includes estimates for RD to map the availability of observational data 

from the existing literature and offer opportunities for model validation 
or calibration. 

3. Results and discussion 

3.1. Analysis of the collected data 

There is large variability in the number of studies offering data for 
the different parameters, months of the year, and bioenergy crop. A 
detailed distribution of the number of studies and individual data points 
for LAI and CH by month and crop is available in the supplementary 
Figure S2. In general, there are more studies providing measurements 
for LAI than for CH and for the crop MSC than for SWG or RCG. There are 
more empirical measurements available between May and October, 
which largely corresponds to the beginning and end of the growing 
season in the northern hemisphere (for SWG and MSC). LAI is often 
reported for multiple months, while values for CH are concentrated at 
the end of the growing season, and reduced to a few months for SWG and 
RCG (for example: Clifton-brown et al., 2007; Cosentino et al., 2007; 
Jasinskas et al., 2008; Lind et al., 2016; Oliveira et al., 2017). 

The number of studies and data per month is indicative of the 
robustness of the statistical estimates. Monthly LAI calculations for MSC 
are based on 8 to 9 studies from May to October, while 5 to 6 studies 
provide data from May to September for SWG and from May to August 
for RCG. Monthly CH average estimates for MSC are based on 5 studies 
from May to November and 8 studies for October. Averages for SWG 
build on 3 to 5 studies from August to November, and for RCG on 4 
studies for June and July. The estimates for maximum RD are based on 
fewer studies than the ones for LAI and CH (4 studies for MSC and SWG, 
and 2 studies for RCG). A reason for this limited availability can be that 
experiments to measure RD (directly or indirectly) are rather complex 
and time-consuming (Monti and Zatta, 2009). The values collected for 
RD are based on different experimental methods. For instance, Jon W. 
Finch et al., (2004) measured the changes in soil water content in the 
rooting zone of the crop as indicative of plant water use, and the depth 
where changes in soil water cease to exist were interpreted as the 
maximum root depth. Other studies reported the spatial distribution of 
the roots (Neukirchen et al., 1999), the root length density (Kätterer and 
Andrén, 1999; Monti and Zatta, 2009; Shield et al., 2012), or the root 
depth explicitly (Mann et al., 2013). Some of the studies often have a 
restricted depth due to the methodology of the experiment (Clifton-
brown et al., 2007; Collins et al., 2010; Lind et al., 2016). Only experi
ments with a restricted depth of 120 cm or deeper are considered (Monti 
and Zatta, 2009; Neukirchen et al., 1999; Shield et al., 2012). 

Some studies also explicitly report the months when harvest takes 
place (Supplementary Table S1-S3). In the case of MSC, most empirical 
studies carried out harvest between January and March. This is consis
tent with other literature sources (Dopazo et al., 2010; Heaton et al., 
2009; Lewandowski et al., 2003, 2000; Lewandowski and Heinz, 2003), 
which shows that delaying harvest improves the quality of the biomass 
by decreasing moisture, mineral and ash content, although local con
ditions like winter severity may require to anticipate harvest to the 
autumn. For SWG, most studies performed harvest by late autumn, be
tween September and December, which is the optimal harvest time for 
using this grass as a biofuel feedstock (Lindsey et al., 2013). In the case 
of RCG, the preferred harvest timing is spring (late April or May), and 
the grass is left standing during winter (Burvall, 1997; Dopazo et al., 
2010; Landström et al., 1996; Xiong et al., 2008). 

3.2. Leaf area index (LAI) 

All crops follow a similar pattern in the seasonal evolution of LAI, but 
average values and spread of the measurements from the studies vary 
(Fig. 2). LAI for MSC increases steadily after May and reaches a peak 
value in July-August, with a slight decrease afterwards. Average esti
mates (± SEM) give a maximum LAI of 6.05 ± 0.84 m2/m2 by August, 
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and a fairly constant value of about 5 m2/m2 is maintained until the end 
of the year. Individual values in summer months can be as high as 10.5 
m2/m2 (Heaton et al., 2008) and as low as 1.24 m2/m2 (Zeri et al., 
2011). The range of values that this parameter can take is wide, as 
shown by the large distribution of the raw data (grey dots in Fig. 2). 
There are usually fewer samples in winter months, which usually 
correspond to the post-harvest period. 

The seasonal LAI cycle for SWG shows a sharp increase from March 
to June, followed by a relatively stable phase until harvest in autumn. 
The highest average value, 5.56 ± 0.75 m2/m2, is reached in August. 
During the peak months individual data points can be as high as 17.7 
m2/m2 (Kiniry et al., 1999) and as low as 1.1 m2/m2 (Finch et al., 2004). 
Data points are scattered, particularly for the months of June and July, 
suggesting that LAI could potentially reach higher values for SWG than 
for MSC. Again, limited data are available for winter months, thereby 
hindering a robust interpretation of the dynamics. The higher values in 
November and December in comparison to the average estimates come 
from an individual study (Finch et al., 2004) and should be interpreted 
with care. Expected harvest in late autumn brings LAI close to 0, which 
likely remains at such low levels until vegetation growth in the spring. 

LAI for RCG follows a similar pattern to that of MSC but reaching 
smaller values. LAI starts to increase in March and peaks between June 
and August (maximum average of 5.39 ± 1.15 m2/m2 in August), fol
lowed by a constant (or slight decreasing trend) in the following 2 
months. In summer, the highest individual LAI values can be up to 9 m2/ 
m2 (Danais, 1986; Kusutani et al., 1977; Ní Choncubhair et al., 2017) 
and the lowest around 3 m2/ m2 (Shurpali et al., 2013). Single mea
surements are less abundant for RCG than for MSC and SWG, and the 
range of values that the parameter can take is more constrained. No 

studies report values for the winter months for RCG. However, since it is 
preferably harvested in spring, we can expect that LAI remains relatively 
stable or gradually declines from October until March, largely depen
dent on the local climatic conditions. 

3.3. Canopy height (CH) 

CH for MSC (Fig. 2) increases from the lowest post-harvest levels in 
March until the maximum height of 246 ± 23 cm, achieved between 
September and November. The data points have large variability, 
especially after August, and show the varying heights that have been 
measured by the different studies. The tallest individual height regis
tered is 330 cm (Cosentino et al., 2007; Uwatoko et al., 2016), while the 
lowest is 99 cm (Clifton-Brown et al., 2001). 

There are fewer studies and measurements available for the height of 
SWG, and the information available is mostly concentrated at the end of 
the growing season, from September to November. Data points from 
different studies show considerable variability for those months. The 
trend indicates that the maximum CH is reached by October with an 
average value of 147 ± 16 cm. Extreme values range from 240-260 cm 
(Oliveira et al., 2017) to 68-113 cm (Christian et al., 2002; Heaton et al., 
2008). 

Information regarding the evolution of RCG’s CH throughout a year 
was overall scarce and limited, and 4 studies provided values for the 
months of June and July. Values found for the CH in July ranged from 60 
to 183 cm with an average value of 156 ± 10 cm. The maximum CH, 170 
cm, is reached by August, although the estimation is based on an indi
vidual study (Sahramaa and Jauhiainen, 2003). 

Fig. 2. Leaf area index (left) and canopy height 
(right) for the 3 bioenergy crops. Black dots 
show mean estimates from the individual data 
points, red dots indicate the 5th and 95th per
centiles, and the grey dots show individual data 
points from the different studies. Dark and light 
grey shaded area indicate one and two standard 
errors around the mean. The dashed black line 
is a linear interpolation between two monthly 
means. The harvest month used in the simula
tions is indicated by the orange square on the 
horizontal axis. Values used for the simulations 
are shown in Table S4 and S5.   
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3.4. Root depth 

The average maximum RD for MSC is estimated to be 172 ± 56 cm, 
with extreme values between 70 cm and 250 cm (Fig. 3). The lowest 
value of maximum RD, 70 cm, is obtained under rainfed or low water 
input conditions in a not fully established crop (Mann et al., 2013), 
while the deepest, 250 cm (limited by the maximum depth of the 
experiment), is from a well-established plantation in West Germany 
(Neukirchen et al., 1999). 

The average maximum RD for SWG is 165 ± 46 cm, based on 4 field 
experiments and 6 data points with values ranging between 120 and 250 
cm. The maximum values are from a study in California for both high 
and low water input conditions (Mann et al., 2013). The lowest value 
serves as an initial low boundary value given that the measurement was 
limited by the soil profile of the experiment (Monti and Zatta, 2009). 
Some studies argue that maximum RD for SWG can go as deep as 300 or 
350 cm (Elbersen et al., 2004; Lewandowski et al., 2003). 

Only two studies with one value each provided information on the 
maximum RD of RCG, giving an average of 193 ± 15 cm. One value is 
from an experiment in Sweden (Kätterer and Andrén, 1999) and the 
other is limited by the depth of the experiment (Shield et al., 2012). A 
maximum RD of 300 cm for RCG has been previously suggested (Lew
andowski et al., 2003). 

Due to the lack of data, our estimates of average maximum RD for 
bioenergy crops are not robust. Additional empirical studies are neces
sary to refine the estimates, and they should ideally provide information 
on root depth distribution on different soil layers (as it is typically a key 
parameter in land surface models). 

3.5. Variability and uncertainties 

There is a general large variability in the field measurements of 
vegetation parameters for the bioenergy crops. Variability tends to be 
larger for the cases in which the number of studies and data points are 
greater, such as LAI and CH in MSC. The SEM is indicative of how good 
the average estimation approaches the real average of the parameter, 
and it is influenced by the number of studies. SEM has lower values 
when the number of studies is high or when the standard deviation of the 
sampled studies is low. In the last case, the low SEM does not necessarily 
indicate a closer approximation to the real average if the number of 
studies is not high enough. SEM of LAI ranges between 1.54 m2/m2 

(May) and 2.55 m2/m2 (October) for MSC, 0.34 m2/m2 (September) and 
1.20 m2/m2 (June) for SWG, and 0.82 (July) m2/m2 and 1.15 m2/m2 

(August) for RCG. CH average and SEM estimations are more reliable for 
specific months: from May through November, especially October (14.9 
cm), for MSC, October for SWG (16.3 cm), and June and July for RCG 
(8.4 cm, and 9.7 cm, respectively). The SEM does not reflect the intrinsic 

variation of the parameters. 
Several approaches were used to identify and single out the main 

drivers behind the difference in values, but a robust relationship did not 
emerge. For example, despite the evident influence of climatic condi
tions on crop phenology, it was not possible to identify specific spatial 
patterns or latitudinal gradients for value distributions of LAI and CH. 
For instance, MSC’s LAI values in Greece and South Italy did not show 
significant similarities to other random combinations, neither those 
from England and Ireland. Other factors can drive data variability. The 
latter can depend on a combination of factors that include irrigation, 
fertilization, years since plantation establishment, maintenance, water 
capacity and quality of the soil, precipitation, temperature, and light 
intensity conditions (Saijonkari-Pahkala, 2001). This provides potential 
for future observational studies to investigate the specific significance of 
these factors on the seasonality of structural attributes of perennial 
grasses. The conditions that explain variability may also be different 
among crops. For instance, MSC is more responsive to light and tem
perature conditions (Lewandowski et al., 2003, 2000), SWG to the 
cultivated variety and location (Dopazo et al., 2010; Parrish and Fike, 
2005) and RCG to the local soil conditions (Christian et al., 2006; Uštak 
et al., 2019). 

3.6. Effects of variability of LAI and CH parameterization in CLM5.0 

The effects of phenology parameterization with values representa
tive of mean, 5th and 95th percentiles for LAI and CH are explored for 
three key components of the surface energy budget that regulate the 
local climate: sensible heat, latent heat and surface albedo. These 
components are descriptive of heat, moisture and momentum exchanges 
between land and atmosphere, and, at the local level, surface albedo is 
indicative of absorbed solar radiation. 

Latent heat is highly sensitive to the LAI parameterization 
throughout its seasonal cycle for both C3 (RCG) and C4 grasses (SWG), 
and all the cases based on the values from our meta-analysis give typi
cally larger values than the default parameterization in CLM5.0 (Fig. 4). 
The largest differences mainly occur from spring to autumn, and latent 
heat fluxes increase when larger values of LAI are used. However, the 
marginal increase in fluxes is larger between the 5th percentile and mean 
values, than between the mean values and the 95th percentile (whose 
results tend to overlap). Differences in latent heat are larger for the case 
study in France than Ukraine, and for the C3 grass than the C4 grass 
(especially in Ukraine). Relative to the results obtained from the default 
LAI values, the average increment largely takes place from March to 
October in France (Fig. 4a, c), and from May to September in Ukraine 
(Fig. 4e, g). This difference can be associated to the different climatic 
conditions (Figure S1), with a longer growing season in France. On 
average, latent heat increases of about 1.6 times in these months but can 
be as high as 2.5 times. In absolute terms, increments during the summer 
months are in the order of 20 to 50 W/m2. For instance, for the C3 grass 
in France (Fig.4a), latent heat doubles from 53 W/m2 (default case) to 
106 W/m2 (mean and 95th percentile cases) in July. Particular to this 
location and grass is a high relative increase in latent heat fluxes in 
December and January, when values are much larger than the default 
case. For example, in December latent heat is 22.5 times higher, from 
0.22 W/m2 (default case) to 5.00 W/m2 (95th percentile case). This is not 
observed in Ukraine, and it is largely due to the colder climate (tem
peratures in Ukraine during those months are close to -5◦C in compar
ison to about 5◦C in France) and seasonal snow cover (the snow water 
equivalent in Ukraine is between 0.5 and 1 m while France is essentially 
snow-free), which inhibit latent heat fluxes, independently of the LAI 
values. Since the C4 grass is harvested in November, there is no differ
ence in the latent heat fluxes from November to March (when growth 
starts again). In the event that harvest would be delayed to the following 
year, as it can be the case for Miscanthus, it is expected that the trend 
would be comparable to that of the C3 grass where latent heat is higher 
in winter months. 

Fig. 3. Average maximum root depth (black diamond) estimated from the field 
experiment studies (filled grey circles) for MSC, SWG, and RCG. The error bars 
show 2 standard errors. 
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The seasonal cycle of sensible heat is generally lower when LAI 
values from our review are used instead of the default CLM5.0 data 
(Fig. 5). In general, the higher the LAI the lower the values of sensible 
heat, although variability is large and uncertainty ranges frequently 
overlap. This makes sense from a surface energy budget perspective, 
given that if latent heat increases sensible heat decreases to maintain the 
balance. Sensible heat based on the 5th percentile LAI values is similar to 
sensible heat from default LAI values at the beginning of the growing 
season, but afterwards it resembles the mean and 95th percentile cases 
pattern. Higher differences occur in the central months of the year, from 
April to September. The highest reductions are of about 32 W/m2 (C3 
and C4 grass in France, and C3 grass in Ukraine) in July or August. 
Differences among simulations also show variations in the peak month 
of sensible heat fluxes, and interannual variability is typically larger 
than that of latent heat, especially for the case study located in Ukraine 
(as measured by a larger shaded area in Fig. 5e, g than Fig. 4e, g). While 
latent heat typically showed a bell-like shape for the seasonality trend, 
sensible heat profiles frequently show two peaks, one at the beginning 
and one at the end of the growing season, which are more pronounced 

when higher LAI values are used for the simulations (the second peak in 
autumn is less pronounced with the default or 5th percentile parame
ters). These peaks are connected to the precipitation patterns of the lo
cations, as more precipitation and greater LAI usually enhance 
evapotranspiration. Sensible heat for the C4 grass in Ukraine shows the 
least robust differences in patterns (Fig. 5g). On average, sensible heat is 
reduced 9 W/m2 when simulations with LAI values corresponding to 5th, 
mean and 95th percentile are compared to the default values. In the 
winter months, sensible heat is lower than default values for the C3 grass 
(harvested in March) in France, while in Ukraine sensible heat is lower 
than default values at the end of the year but higher in the first trimester 
of the year. There are no differences in sensible heat values in those 
months for the C4 grass since it is harvested in November. 

The seasonal cycle of land surface albedo is generally lower for 
simulations with modified LAI values relative to the default case (Fig. 6). 
In France, differences are distributed throughout the year, except for the 
winter months for the C4 grass (as it is harvested in autumn and LAI is at 
minimum). Both C3 and C4 grasses show that the cases based on the 5th 

percentile have higher values than the default case for a few months in 

Fig. 4. Seasonal cycle of latent heat for two grasses (C3 and C4) and two locations (a grid cell in France or Ukraine) under 4 different parameterizations of LAI and 
CH. Shaded areas refer to one standard deviation around the mean (solid lines) and represent inter-annual variability of the 10-year simulation period. Default 
prescribed values are in black, 5th percentile in green, mean in red and 95th percentile in blue. Panels a, b, e, and f refer to C3 grasses (RCG), c, d, g, and h to C4 
grasses (SWG). 

Fig. 5. Seasonal cycle of sensible heat for two 
grasses (C3 and C4) and two locations (a grid 
cell in France or Ukraine) under 4 different 
parameterizations of LAI and CH. Shaded areas 
refer to one standard deviation around the 
mean (solid lines) and represent inter-annual 
variability of the 10-year simulation period. 
Default prescribed values are in black, 5th 

percentile in green, mean in red and 95th 

percentile in blue. Panels a, b, e, and f refer to 
C3 grasses (RCG), c, d, g, and h to C4 grasses 
(SWG).   
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spring (Fig. 6a, c). In Ukraine, albedo values are much higher in winter 
owing to the seasonal snow cover. Only the simulations for the C3 grass 
show different values than the default case from November to March, as 
RCG is set to be harvested in spring. In this period, higher LAI values 
result in lower albedo than the default case due to the snow masking 
effect of vegetation (Fig. 6e). For instance, in December, albedo is 
reduced from 0.37 to 0.22 (mean and 95th percentile cases) and in 
February from 0.67 to 0.42. The extra absorption of solar radiation at the 
surface largely lead to higher sensible heat fluxes (Fig. 5e) given that low 
temperatures prevents significant latent heat fluxes (Fig. 4e). Given that 
the C4 grass is harvested in November albedo values largely overlap for 
this grass and are independent of LAI parameterization in winter 
(Fig. 6g), where LAI and canopy height approach zero and reduce dif
ferences in parameterizations with the default case. For the other grasses 
and location, the highest reductions are on average of 11% and occur
ring in the late summer or autumn months. The C3 grass in France re
duces the land albedo from 0.18 to 0.15 in August (mean, 5th and 95th 

percentile cases). 
The effects of changes in CH parameterization are less significant 

than changes in LAI for all the variables and locations selected. In gen
eral, all simulations have ranges that overlap across the months. The 
seasonal cycle of latent heat is overall unaffected except for some very 
limited variations in winter monthly means, especially for the grasses in 
France. The C3 grass in France increases latent heat from 0.22 W/m2 to 
0.68 W/m2 in December (95th percentile case) (Fig. 5b), and the C4 grass 
at the same location increases from -0.12 W/m2 to 0 W/m2 in January 
(95th percentile case) (Fig. 4d). The seasonal cycle of sensible heat 
changes on average 5% relative to the default values for both grasses and 
locations (slightly higher/lower changes for the case with bigger/ 
smaller LAI, respectively). One exception are relatively higher changes 
occurring in November or December: sensible heat decreases up to 31% 
in November for the C3 grasses, changing from -1.6 W/m2 to -2,1 W/m2 

in France and from -0,95 to -1.25 W/m2 in Ukraine (95th percentile 
case); for the C4 grass in France, sensible heat in November changes 
from 0.11 W/m2 to 0.18 W/m2 or -0.15 W/m2 (5th and 95th percentile 
cases), and for the same grass in Ukraine it decreases from -0.10 W/m2 to 
-0.31 W/m2 or -0.18 W/m2 in December (5th and 95th percentile cases). 
Land surface albedo throughout the year does not show significant 
changes due to changes in CH parameterization. 

When both observational mean values of LAI and CH are tested in a 
single simulation for both grasses and locations (Supplementary 
Figures S3-S5), the results for the three surface energy components 
follow the same trend of the results obtained for the LAI mean cases 
presented above. Sensible heat for both grasses and locations show light 

increase for some months of the year because of incorporating a higher 
CH. The same is observed in the results of latent heat from the C3 grass. 
These results suggest that the seasonal cycle of latent heat, sensible heat 
and surface albedo are primarily influenced by the parameterization of 
LAI, while CH values play a secondary role. This is at least valid for the 
CH values tested in our simulations which covered values between 50 
cm and 181 cm for the C3 grass, and between 25 cm and 240 cm for the 
C4 grass. 

Comparing the outcomes of our simulations with other existing 
studies is challenging owing to the different conditions in terms of 
background climate, simulation design, type of perennial grass, land 
surface model or, when the same model is used, they can differ by model 
version or configuration. For example, a recent study parameterized 
perennial bioenergy crops in CLM5.0 using site-level observations in the 
Central Midwestern United States, and produced trends of latent heat 
fluxes for switchgrass that range between 100 and 150 W/m2 in summer 
(reaching a peak in July) (Cheng et al., 2020), which is largely consistent 
with our findings. However, these results were produced with a different 
model configuration, different time period, and for different climatic 
conditions than those used in our work. An analysis of the effects of 
second-generation biofuel feedstock production in the central U.S. found 
larger values of latent heat fluxes for miscanthus (average peak in 
mid-summer around 200 W/m2), but they used a coupled model 
(WRF-CLM4.0) and parameterized version of biofuels crops in CLM4 
(with a prescribed maximum LAI of 6.5) (Harding et al., 2016). A study 
based on an ecosystem model for the cultivation of perennial grasses in 
the Midwest US achieved maximum summer values between 100 and 
150 W/m2 (VanLoocke et al., 2012). Higher values of latent heat fluxes 
are simulated in a study that applied CLM4.5 to assess the changes in the 
surface energy balance from switchgrass and miscanthus in the conter
minous US, which found peaks around 350 W/m2 (Zhu et al., 2017). 
However, this analysis reported results for one year only (2011), rather 
than multi-year averages, and data have an hourly temporal resolution 
(monthly mean values are expected to be smaller and more consistent 
with the findings of the other studies). 

4. Conclusions 

This study collected field observational values of key vegetation 
structure parameters like LAI, CH and RD for 3 perennial grasses (MSC, 
SWG and RCG) that are attractive as feedstocks for bioenergy. We suc
cessfully gathered data from 34 empirical studies and compiled a meta- 
analysis by showing monthly statistics of mean values, SEM, and 5 and 
95%ile values for LAI and CH, and maximum values for RD. These data 

Fig. 6. Seasonal cycle of surface albedo for two 
grasses (C3 and C4) and two locations (a grid 
cell in France or Ukraine) under 4 different 
parameterizations of LAI and CH. Shaded areas 
refer to one standard deviation around the 
mean (solid lines) and represent inter-annual 
variability of the 10-year simulation period. 
Default prescribed values are in black, 5th 

percentile in green, mean in red and 95th 

percentile in blue. Panels a, b, e, and f refer to 
C3 grasses (RCG), c, d, g, and h to C4 grasses 
(SWG).   
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offer an overview of the seasonal trends, plausible range of values, 
variability, and current gaps in observational records of fundamental 
parameters that are key drivers of the surface energy budget. 

We found that average LAI values for the three grasses follow a 
similar trend, reaching peak values between June and August with 
maximum mean LAI values between 5.4 m2/m2 and 6.1 m2/m2. The 
trend for CH is less evident and varies for all grasses, with maximum 
mean values ranging between 147 cm and 246 cm. Available data on 
maximum RD were overall scarce, but current estimates suggest that 
average maximum RD for the three grasses is beyond 167 cm 

The identified gaps of observational data mainly concern CH for 
RCG, RD for all the three crops, values in winter months (when relevant, 
owing to local climatic conditions) and field studies from the southern 
hemisphere. Future studies can also explore the effects of different site- 
specific soil conditions, management intensity or background climate of 
the various experiments so to favor integrated analysis that explain 
variability in vegetation structure as a function of the local context. 
Different factors like fertilization, irrigation, agricultural management, 
water capacity and quality of the soil, plantation age, precipitation, and 
temperature conditions are expected to influence seasonal trends of LAI, 
CH and RD. 

The data summarized in our meta-analysis can be used to improve 
parameterization of LAI and CH of bioenergy crops in land surface 
models, or for model validation and calibration. Our results show that 
the seasonal evolutions of latent heat, sensible heat and surface albedo 
are significantly affected by the parameterization of LAI. Higher LAI 
values generally tend to increase latent heat, and decrease sensible heat 
and surface albedo, regardless of grass and location. Default LAI values 
for C3 and C4 grasses in CLM5.0 underestimate latent heat fluxes of 
biofuel crops, especially during the growing season, relative to the 
observational-based values. On the other hand, sensible heat fluxes are 
overestimated, especially in France in summer months. Albedo values 
are higher with the default values, especially for the C3 grass in winter in 
presence of snow. Comparing the results for the C4 grass between the 
two locations, we can also argue that the parameterization of LAI have 
different relative effects on the surface energy budget depending on the 
background climatic conditions. Our simulations also show that 
different parameterizations of CH are less critical in the seasonal evo
lution of latent heat, sensible heat, and surface albedo. Some variations 
were identified for sensible and latent heat in winter months, but they 
fall within the respective uncertainty ranges. 

Accurate parameterization of vegetation structure is important to get 
a closer approximation of the effects of bioenergy crops in the earth 
system. The results of our meta-analysis offer a wide empirical basis to 
compare measurements of key phenological properties of bioenergy 
crops and can be used for model calibration, validation, and develop
ment. Their use in a land surface model has shown the implications that 
their parameterization can have on the surface energy budget, and 
hence the local climate. Given the expected key role played by bioenergy 
crops in future scenarios consistent with climate change stabilization at 
low level, gradually improving our understanding of the key charac
teristics of bioenergy crops and their implications for the local climate 
and hydrological systems can increase the accuracy of modelling tools 
and ultimately favor their sustainable implementation. 
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