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1. Introduction

Olive trees (Olea europaea L.) represent an extended horticultural crop in regions with Mediterranean
climate, reaching 9.5 Mha worldwide in 2010 (FAO Statistics Division, 2012). The impact of this crop on
the regional carbon balance is important, especially in countries were the cultivation of olives is done in
extensive surfaces such as Spain, Italy or Greece. Olive cropping systems, which include agroforestry
systems, traditional groves and intensive orchards, at high and super-high densities, are of enormous
relevance from the economic and ecological perspective. Super-high density olive orchards are planted
at a density of 1500-2000 trees ha" in order to obtain high yields during the first years of establishment
and they are pruned to generate a structure suitable for mechanizing all operations (Gomez-del-Campo,
2010). In these orchards, each tree consists of a single main stem and fruits are harvested with modified
grape harvesters. When the orchards reach their maximum dimension, the crowns of the trees merge,
forming continuous, parallel hedgerows. Due to the very recent implementation of this system (Vossen,
2007), the experimental information is scarce and no measurements or models of canopy
photosynthesis have been published, to the knowledge of the author. To fill this gap, the present study
focuses on the measurement and modeling of canopy photosynthesis in super-high density olive
orchards using as a case study a modern orchard located in Cordoba (Spain). The conclusions obtained
from the analysis of the measurements and the proposed model can be easily extended (or applied
directly) to other types of irrigated olive orchards.

It is not possible to measure directly photosynthesis at the canopy level and the different methodologies
qguantify only the net exchange of CO, between the canopy or the ecosystem and the atmosphere,
which includes respiration fluxes that need to be calculated or measured independently in order to
obtain the photosynthetic flux. The accuracy and precision of those independent measurements or
calculations needs to be taken into account. The first chapter of this document focuses on the different
issues associated to measurements of canopy photosynthesis in fruit trees orchards using
micrometeorological techniques including eddy covariance (Baldocchi, 2003) and closed chambers
(Reicosky, 1990). The analysis is made for measurements taken during the year 2011 in a super-high
density olive orchard in Cordoba, Spain. There are two common strategies to calculate canopy
photosynthesis using micrometeorological techniques (Lavigne et al., 1997):

1. Measurement of ecosystem respiration during the night with the an eddy covariance system
and extrapolation into daytime through the use of statistical models describing the response of
respiration to environmental variables. This respiration is added to daytime measurements of net CO,
ecosystem exchange to obtain canopy photosynthesis.

2. Measurement of soil respiration (including heterotrophic and autotrophic respiration) and
canopy respiration during daylight with closed chambers in different locations on the orchard, averaging
these fluxes in space and interpolating in time in order to obtain a continuous time series of field-level
soil respiration. These two respiration fluxes are added to daytime measurements of net CO, ecosystem
exchange to obtain canopy photosynthesis.



It is not clear from the existing scientific literature which is the best strategy a priori and both can suffer
from strong biases. In strategy 1 the bias is generated by an underestimation of nighttime fluxes due to
non-turbulent transport of CO,. In strategy 2 the bias is generated by sampling error of soil respiration
measurements due to the spatial heterogeneity of the soil. To the knowledge of the author, the two
strategies have never been compared in detail for fruit tree orchard systems, which have a very
different canopy structure compared to crops, forest and grasslands. This different structure also
generates different gradients of soil physical properties.

The second chapter focuses on the simulation of canopy photosynthesis, by considering the three-
dimensional structure of the canopy and how this affects the scaling of photosynthesis from the leaf to
the canopy level. Abundant information exists regarding photosynthesis of olive trees at the leaf scale,
but the scaling of this information to the canopy level is not straightforward as the canopy of an olive
orchard is not uniform and horizontally continuous. An accurate simulation of radiation profiles within
the canopy are needed in order to determine the local conditions in which each leaf performs
photosynthesis.

Since the structure of olive canopies varies considerably with planting density, pruning strategy and the
age of the plantation, a generic 3D model of radiation interception and photosynthesis (which facilitates
its application to other orchards) was preferred to simpler models that are optimized for specific types
of structures (e.g. models for row crops). Also, since olive trees are perennial, evergreen plants, the
leaves perform photosynthesis under a wide range of environmental conditions and a general,
comprehensive, mechanistic model of photosynthesis is desired to describe adequately the behavior of
leaves under all these different conditions.

The model Maestra (Luo et al., 2001) is a comprehensive 3D model of canopy radiation interception,
transpiration and photosynthesis that has been used extensively for ecophysiological studies in forest
science and agroforestry and can be applied to olive orchards, once calibrated. All the necessary
experimental information required for its calibration is available in the existing scientific literature, so
that the data obtained in the experiment analyzed in first chapter was directly used to test the
predictions of the model. A sensitivity analysis was performed to identify those parameters that need to
be determined with highest accuracy in future recalibrations. This sensitivity analysis also gives us
directions on possible ways to simplify the model if needed.



2. Comparison of two methods to calculate canopy
photosynthesis in a super-high density olive orchard

Summary

Net CO, ecosystem exchange was measured with an eddy covariance system, in a super-high density
olive orchard in Cordoba (Spain). Soil respiration was measured in different locations of the orchard
using closed chambers. Several models of ecosystem and soil respiration were fitted to the data and
compared using the corrected Akaike Information Criterion. The effect of spatial variability on the
parameters of the models of soil respiration was considered explicitly. Canopy respiration was
calculated with a published model that required an allometric-based estimation of biomass. Then,
canopy photosynthesis was calculated following two strategies: (i) as the sum of net ecosystem
exchange and ecosystem respiration and (ii) as the sum of net ecosystem exchange, soil respiration and
canopy respiration. For the same environmental conditions, nighttime ecosystem respiration was, on
average, 5 pmol CO, m~ ground s™* lower than daytime soil respiration. As a result, daily average canopy
photosynthesis following strategy 1 varied in the range 7.1-15.9 umol CO, m™ ground s™ but the range
for strategy 2 was 15.3-27.7 umol CO, m~ ground s . This indicates that at least one of the strategies is
strongly biased. The total uncertainty in the calculations was quantified, considering the effect of model
error, parameter and model selection uncertainty, using the plugin method, derived from a
simplification of Bayesian theory, resulting in an average standard error of 1.8 pmol CO, m™*ground s .
The methodology presented in this study is generic and can be extended to any type of vegetation.

Keywords: Eddy covariance, soil respiration, ecosystem respiration, net ecosystem exchange, Akaike
Information Criterion, Bayesian, Likelihood, model selection, olive, Olea europaea, superintensive olive,
super-high density olive.

2.1. Introduction

The assimilation of CO, through photosynthesis is the main process that determines the growth and
productivity of plants (Goudriaan and van Laar, 1994) and it is an important flux in the global CO, cycle
(Cox et al., 2000). Photosynthesis is a well-known process under conditions of no water stress or
nutrient deficiency and the use of leaf-level models has been key in ecophysiological studies (Farquhar
et al.,, 2001). However, the environmental conditions within a canopy1 are not uniform (Goudriaan,
1977) and this affects the scaling of leaf photosynthesis to the canopy level (Leuning et al., 1995). In
order to evaluate the different scaling methods, measurements of canopy photosynthesis are required.

! By canopy it is meant the above-ground part of a community of plants, including the photosynthetic and non-
photosynthetic organs of all individuals. Variables at the canopy level are quantified per unit of ground surface.
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These measurements are also needed to quantify the components of the carbon budget associated to
different land uses (Baldocchi et al., 2003).

Olive trees (Olea europaea L.) represent an extended horticultural crop in Mediterranean regions,
reaching 9.5 Mha worldwide in 2010 (FAO Statistics Division, 2012). The impact of this crop on the
regional carbon balance is important, especially in countries were the cultivation of olives is done in
extensive surfaces such as Spain, Italy or Greece. Olive cropping systems, which include agroforestry
systems, traditional groves and intensive orchards, at high and super-high densities, are of enormous
relevance from the economic and ecological perspective. Super-high density olive orchards are planted
at a density of 1500-2000 trees ha" in order to obtain high yields during the first years of establishment
and they are pruned to generate a structure suitable for mechanization of all operations (Gomez-del-
Campo, 2010). In these orchards, each tree consists of a single main stem and fruits are harvested with
modified grape harvesters. When the orchards reach their maximum dimension, the crowns of the trees
merge, forming continuous, parallel hedgerows. Due to the very recent implementation of this system
(Vossen, 2007), the experimental information is scarce and no measurements of canopy photosynthesis
are available.

The net exchange of CO, between an ecosystem and the atmosphere is composed of gross primary
production (i.e. CO, fixed by the ecosystem) and ecosystem respiration (i.e. CO, released by the
ecosystem) which itself is divided into soil and canopy respiration. In the absence of weeds or green
covers, canopy photosynthesis in an olive orchard is equal to gross primary production. The most
extended method to measure net CO, ecosystem exchange is the eddy covariance method (Baldocchi et
al., 2003), which measures the average flux of CO, for every period of 30 minutes and averaged for a
certain surface (i.e. the “footprint” surface) which should be contained within the canopy under study.
However, since photosynthesis and respiration occur simultaneously, canopy photosynthesis cannot be
extracted directly from the eddy covariance measurements. Thus, an independent measurement of
ecosystem respiration is needed. Ecosystem respiration can be measured during the night with the same
eddy covariance method, and extrapolated into the day (Baldocchi et al., 2003), using statistical models.
However, nighttime measurements by eddy covariance tend to underestimate the fluxes (Aubinet,
2008), which would introduce a bias in the calculations of canopy photosynthesis.

An alternative strategy consists in measuring both soil and canopy respiration. Soil respiration can be
measured with closed chambers (Reicosky et al., 1990) and the measurements are performed during the
day, so that, in principle, no extrapolation would be needed. However, the variability of soil
characteristics generates a spatial variability in soil respiration, which can introduce a bias in the
calculations, so that the measurements need to be done in several locations and aggregated. Also, no
automatic system is generally available to measure soil respiration and, even when it is available, several
measurements have to be rejected due to low quality (Savage et al., 2008), so it is necessary to
interpolate in time from the set of measurements performed in the field. Canopy respiration can be
measured with opaque chambers that surround a representative portion of the canopy (e.g. a individual
tree). Perez-Priego et al. (2012, submitted) measured canopy respiration of irrigated olive trees and
proposed a model of specific respiration (i.e. respiration per unit of biomass) as a function of
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temperature. In this study, the biomass of the trees was deduced from leaf area and allometric ratios
and the model was applied to calculate canopy respiration.

Comparisons of these two approaches in the past have shown mixed results, as in some cases they
produced similar estimations (Granier et al., 2000; Wohlfahrt et al., 2005), whereas in other cases there
were important differences (Goulden et al., 1996; Lavigne et al., 1997; Law et al., 2001). It is not possible
to know a priori which approach will be more adequate, as the different sources of error depend on the
structure of the canopy, meteorological conditions and soil variability, so that a site-specific comparison
of their accuracy and precision is needed.

Statistical models are generally used to predict? ecosystem and soil respiration (Desai et al., 2008), but a
high variety of different expressions have been proposed and no model has been proven to be superior
to the rest (Desai et al., 2008; Richardson et al., 2006). Complex models® may predict the data used for
calibration very accurately but fail to make accurate predictions under new situations as they
incorporate part of the measurement error as information during the calibration process (Zucchini,
2000). To avoid this “overfitting” of the model, several model comparison criteria exist to evaluate the
tradeoff between goodness of fit and model complexity. Information criteria (Burnham and Anderson,
2002) are useful model comparison criteria, due to their simplicity, generality and strong theoretical
basis. As these criteria are based on the method of maximum likelihood (Bolker, 2008) they are
compatible with any error distribution, which is important as non-Normal distributions have been
reported for eddy covariance and soil respiration measurements (Richardson et al., 2008; Savage et al.,
2008).

There are several sources of uncertainty that will reduce the accuracy and precision of the predictions
and they have to be properly combined (Draper, 1997). Any measurement contains errors which,
combined with the variability unexplained by the model results in a model error or residual. This error
generates a first source uncertainty in the predictions of the model. The fact that the values of the
parameters are not known but have to be estimated from the data is a second source of uncertainty (i.e.
parameter uncertainty) and the necessity to select a model out of a series of alternative candidate
models represents a third source of uncertainty (i.e. model selection uncertainty). Different
methodologies will result in different calculations of predictive uncertainty (Richardson & Hollinger,
2005) due to their different assumptions, but, to the knowledge of the author, the only generic
methodology that integrates all the sources of uncertainty described in the above is Bayesian method
(Draper, 1997). It will be shown that adopting this method does not increase substantially the technical
complexity of the study as, under the assumption of asymptotic conditions (which are reasonable given
the size of the samples obtained in the experiment), the Bayesian posterior distribution can be

% In this study, the term prediction does not refer to forecasts of the future, but rather to interpolations in time.
Since an interpolation calculates a variable when it is unknown, it is not statistically different from a prediction.
This terminology enables the comparison with the standard statistical literature.

*In this study, the complexity of a model is characterized by the number of free parameters. Other aspects like the
nature of the mathematical expression or the interdependence of the parameters are not considered.
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approximated by the likelihood function (Walker, 1967) without having to choose any prior distribution
(Bolker, 2008).

In this study, a comparison of the two strategies to estimate canopy photosynthesis is presented using
flux measurements in a super-high density olive orchard in Cordoba (Spain) during Spring and Summer
2011. Several statistical models were proposed to capture the response of respiration to environmental
variables and their relative performance was evaluated with the corrected Akaike Information Criterion
(Burnham and Anderson, 2002). The effect of spatial variability on soil respiration was included by
measuring at different locations in the orchard and by including the effect of this variability explicitly in
the parameters of the model. The uncertainty in the predictions of canopy photosynthesis following
both strategies was calculated with a simplified Bayesian approach. The methodology presented in this
study is generic and can be applied to any experiment where flux measurements are available.

2.2. Materials & Methods

2.2.1. Site description

The experiment was performed in the farm “La Harina” located in Cordoba, Spain (37° 44' N, 4° 36' W,
altitude 170 m) in the Spring and Summer of 2011. The system studied was a 21.5 ha olive orchard (Olea
europaea L. cv. “Arbequina”) planted in 2005, spaced at 4 x 1.5 m, with rows oriented on the NNW-SSE
axis (figure 1.1B). The soil is a Xerofluvent (IGN, 2011) with vertic properties as described by the Soil
Taxonomy classification system (NRCS, 2006). The climate in the area is typically Mediterranean, with an
average annual rainfall of 600 mm, with almost no rain in the summer, and an average annual reference
evapotranspiration of 1390 mm.

The orchard was drip-irrigated with two emitters per tree (total discharge rate of 4.4 | h™ tree™).
Irrigation was applied twice every week, with an extent of 7 hours per application. The trees were
pruned every two years, with a mechanical topping that reduced height to 2.5 m and lateral, manual
pruning. During the experiment, the height of the canopy was 3 m. The pruning residues were chipped
and spread over the soil surface. Weeds in the rows were controlled chemically. No tillage was
performed and, during winter, a green cover was allowed to grow in the alleys between the planted
rows, being eliminated in spring by mowing. However, due to the rainfall in Spring 2011, the green cover
grew again, occupying the alleys, and was not eliminated until the day 172 of the year (i.e. mid-June).

2.2.2. Experiment - Soil respiration

Soil respiration was measured with a closed chamber (Luo and Zhou, 2006), using a chamber of 0.118 m?
of basal surface and 0.032 m? of volume. In every measurement, the air inside the chamber was mixed
with a fan and the increasing concentration of CO, was measured during 90 s at a frequency of 1 Hz by
an infrared gas analyzer (model LI-820, LI-COR Biosciences, Lincoln, Nebraska, USA). To avoid the
dilution of CO, due to the increase of water vapor inside the chamber, the air was dried by forcing it
through a glass tube filled with silica gel. Air temperatures inside the chamber were measured with a
thermocouple (type k or chromel-alumel) at the start, middle and end of the measurement and



interpolated linearly. A tube with a small diameter on the top of the chamber allowed the equilibration
of the air pressure inside the chamber with the atmosphere.

The Rate Regression Method (Reicosky et al., 1990) was applied to derive the flux of CO,. In this method,
a parabola is fitted to each series of CO, concentration versus time and the flux (Fco,, pmol CO, m™
ground s7!) is obtained from the first derivative of the parabola evaluated at time = 0:

_d(co, (©273.15/(T,, (61, ))‘
co, — dt

\
K (1.1)

t=0

Where CO, is the measured molar concentration (umol CO, mol™ air), T, is air temperature inside the
chamber (K), Vo0 is the molar volume of air at an air temperature of 273.15 K (22.4 107° m? air mol™
air), V is the volume of the chamber (m?) and A is the basal area of the chamber (m?). All measurements
where the parabola had a coefficient of determination (R?) lower than 0.9 were rejected, as
recommended by Savage et al. (2008).

The use of collars to attach the chamber to the surface of soils with vertic properties under
Mediterranean conditions faces several problems including the high level of compaction of the upper
layers when the soil is dry and the formation of cracks in the soil due to shrinkage in the process of
drying. Thus, no collar was used and the chamber was placed directly on the soil surface, but weight was
applied on its top to ensure proper contact between soil surface and the chamber. Each location where
soil respiration was measured was marked with paint on the border. The chamber was covered by
aluminum foil to minimize heating during the measurements.

Figure 1.1: Example of an alley in the super-high density olive orchard (A) and a sketch of di triangles with
numbers) where soil respiration was measured (B). The triangle in the center indicates the position of the eddy covariance
system (EC) and the black solid represents the borders of the orchard. North—-South axis corresponds to the vertical axis of the
image. The sketch (B) was drawn on an orthophotograph of the area taken in 2009 (Infraestructura de Datos Espaciales de
Andalucia, Seville, Spain). The photograph of the alley (A) was taken by the author during the experiment.



In order to calculate the average soil respiration at the field level, it was necessary to consider the effect
of the spatial variability of the soil. The use of chambers with a high basal area allows integrating the
small scale variability (in the order of centimeters). To capture the variability at the scale of meters, six
areas of the orchard were chosen in a systematic distribution, symmetric with respect to the location of
the eddy covariance system (figure 1.1B).

The canopy was discontinuous as the trees were organized in parallel hedgerows (figure 1.1A). Irrigation
was also discontinuous in space as it was applied locally with drippers close to the base of the trees.
Such spatial arrangement generated important gradients of soil temperature, water content and root
density, which would induce a gradient in soil respiration (Tang and Baldocchi, 2005). To include this
gradient, for every area where soil respiration was measured (figure 1.1B) two locations were chosen,
one beneath the canopy and one in the center of the alley, for a total of 12 locations in the orchard.

In every location, soil temperature and water content were measured using thermocouples (type k)
buried at 7.5 cm and capacitance probes (model 10HS, Decagon Devices Inc., Pullman, Washington, USA)
buried at 5 cm, respectively. The apparent sensitivity of soil respiration to temperature varies with the
depth at which temperature is measured (Phillips et al., 2011) and diurnal cycles may show a hysteresis
behavior due to the time lags in soil temperature at different depths. Savage et al. (2009) reported a
minimum hysteresis effect at 5 cm, though Gaumont-Guay (2006) reported that this depth varied
seasonally. In addition, four sensors measured continuously, every 30 minutes, the water content and
temperature beneath the canopy and in the alley next to the eddy covariance system (figure 1.1B).

The temporal variation of soil respiration is characterized by different timescales (Savage et al., 2009),
but the ones relevant to this study were the diurnal and seasonal scale. Thus, measurements were taken
approximately every 10 days, with 4-6 measurements per location and day (evenly distributed between
600 and 1800 GMT). Measurements of soil respiration started on mid-May (DOY 140) and finished at the
end of July (DOY 210). Since the green cover was present during the first 30 days of the experiment, the
grass was removed at each location. Although those measurements were not representative of the soil
respiration in the orchard during those days, the data were used to calibrate the models and the
interpolation was performed only after DOY 172, once the green cover had been removed.

2.2.3 Experiment - Eddy covariance and auxiliary measurements

An eddy covariance system was installed in the center of the orchard (figure 1.1B). The system
measured continuously from 20 May 2011 until 24 October 2011 (DOY 140 - 297) and it consisted of a
three-dimensional sonic anemometer (model CSAT3, Campbell Scientific Inc., Logan, Utah, USA) and an
open path CO,/H,0 analyzer (model LI7500, LI-COR Biosciences, Lincoln, Nebraska, USA). Both sensors
were placed 6 m above the ground and separated horizontally by 20 cm. Air temperature and relative
humidity were measured at the same height as wind velocity with a combined probe (model CS215,
Campbell Scientific Inc., Logan, Utah, USA). All the sensors were connected to a datalogger (model
CR1000, Campbell Scientific Inc., Logan, Utah, USA), that registered the measurements with a sampling
rate of 10 Hz. The instruments and dataloggers were mounted on a mast to avoid distortions of the air
flow.



During nighttime, CO, concentration was measured at two heights (0.3 and 3.0 m) with a closed-path
CO, analyzer (model LI-820, LI-COR Biosciences, Lincoln, Nebraska, USA). Canopy temperature was
measured with an infrared® thermometer (model IRTS-P, Apogee Instruments, Inc., Logan, Utah, USA)
mounted on a pole at a height of 4 m and the data was registered each 15 min in a datalogger (model
CR1000, Campbell Scientific Inc., Logan, Utah, USA). The measurements were corrected for the
reflection of sky-emitted infrared radiation (Verhoef, 1995).

The eddy covariance technique calculates the net CO, ecosystem exchange (NEE, umol CO, m™ soil s)
from the covariance between the fluctuating components of vertical wind velocity (w', m s™) and CO,
mixing ratio (c', pmol CO, mol™ air) obtained from Reynolds decomposition® (Baldocchi, 2003):

NEE =p, w'c’ (1.2)
Where p, is the air density (mol air m™ air). Equation 1.2 is only valid under the following assumptions:
The system is in a steady state and turbulence is well developed;
The surface under study is homogenous;

There is no advection;
There is no storage or depletion of CO, between the measurement height and the ground;

e wN

The mean wind flow is parallel to the local horizontal plane of the anemometer.

These assumptions describe an ideal system and any measurement performed under conditions that
deviate excessively from these assumptions should be rejected or corrected. In this study, deviations
from assumptions 4 and 5 were corrected using published values whereas deviations from assumptions
1-2 were quantified and fluxes were rejected if these deviations were excessive, using published quality
tests (Foken et al., 2004; Gockede et al., 2008). In addition, corrections were applied to the raw data due
to the physical limitations of the measuring system (see below for details). The only assumption that
was not corrected or used to filter data was advection, as it requires a more complex experimental
setup with multiple sonic anemometers (Aubinet, 2008). Not taking into account advection may
generate underestimations of nighttime fluxes. All the calculations, corrections (except storage
correction) and quality tests described below were performed with the software Turbulent Knight 3
(Mauder and Foken, 2011). In the following paragraphs, the different corrections and filters are
described in more detail.

The time averages were defined for periods of 30 minutes. Spikes in the signal generated by the
electrical noise were eliminated using the algorithm of Vickers and Mahrt (1997). The fact that the
anemometer and the CO, sensor were separated by 20 cm introduced a time lag in the measurements,
which was corrected by cross-correlation. The maximum sampling frequency was limited to 10 Hz and

4 Here, infrared radiation refers to the radiation emitted by bodies on the surface of the Earth. Thermal radiation is
a synonym. This is not to be confused with the near infrared radiation that is part of the solar spectrum.

> Any variable C measured during a certain period of time in a turbulent flow can be decomposed into ¢ =c +c¢'

where C is the time average and ¢’ is the fluctuation or deviation between each measurement and the time
average.
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the minimum was imposed by the averaging period (1/30 min = 5.5 10 Hz). Thus, low and high
frequencies in the turbulent spectrum were being filtered by the measurement system, underestimating
the real flux. This was corrected using transfer and gain functions as defined by Moore (1986), based on
the theoretical spectral models of Kaimal et al. (1972) and Hgjstrup (1981). Fluctuations in air
temperature and water vapor modify air density and this was taken into account with the method of
Webb et al. (1980). The angle between the local horizontal plane of the anemometer and the mean
wind flow was corrected by the method of the planar fit (Wilczak et al., 2001).

The first quality test evaluated the stationarity of the system, by dividing each period of 30 minutes into
six sub-periods of 5 minutes and calculating the covariance for each sub-period. The relative difference
between the covariance for the whole period and the average covariance from the six sub-periods is a
measure of stationarity (Foken et al., 2004). Fluxes with relative differences larger than 30% were
rejected, as recommended by Ruppert et al. (2006).

The second quality test evaluated if the turbulent regime was well developed. The similarity theory for
the surface-layer turbulence (Monin and Obukhov, 1954 in Foken et al., 2004) was used to evaluate the
turbulent regime in each measurement. The concept of similarity implies that the ratio between the
standard deviation of a turbulent variable and its turbulent flux is a function of atmospheric stability
(Foken, 2008). The ratios were calculated for CO, and whenever they deviated from the theoretical
values by more than 30%, the measurement was rejected, as recommended by Ruppert et al. (2006).

The third quality test evaluated if the measured fluxes were being generated from within the orchard.
The test uses the footprint function of Kormann and Meixner (2001). The footprint function is a
continuous bi-dimensional function that calculates, for any surface (S), the fraction of the total flux
measured by the eddy covariance that was generated in S°. This footprint function is analytical and uses
the advection-diffusion equation to simulate the transport in the direction of the wind and a Normal
density function for the transport in the direction perpendicular to wind (Kormann and Meixner, 2001).
A raster matrix was created using an orthophotograph of the orchard (figure 1.1B) where each pixel
represented a square grid cell of 0.5 m°. The matrix was recoded into binary values where pixels located
inside of the orchard had a value of 1 and pixels located outside had a value of 0. For every
measurement, a raster matrix with the same dimensions and resolution was created and the footprint
function was calculated for each pixel. The values of both matrices for each pixel were multiplied and
then added to obtained the total fraction of the flux that had been generated from within the orchard. If
more than 20% of the flux had been generated outside the orchard, the flux was rejected, as
recommended by Gockede et al. (2008).

During nighttime, the average rate of change of the amount of CO, stored between the surface and the
eddy covariance measurement height was calculated from the vertical profiles of CO, concentration, for
every period of 30 minutes, and added to the eddy covariance measurement. However, if the correction
in the flux is larger than 30%, the measurement was rejected. This is justified as there was no quality

® Another way to interpret the footprint function is as the bivariate probability density that a particle on the
ground at point A(xa,Ya,0) will be transported to point B(xg,yg,zs) where the eddy covariance measurement is taken.
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control of the measurements of the CO, profile, and large rates of change could be related to errors in
the measurement of the profiles. The vertical profiles of CO, were not measured during daytime as it
was assumed that the canopy was well ventilated and coupled to the upper atmospheric layers
(Villalobos et al., 2000).

2.2.4. Modeling

2.2.4.1. Statistical models of soil and ecosystem respiration

Several types of models have been proposed to predict ecosystem and soil respiration obtained by eddy
covariance and soil respiration chamber measurements, including nonlinear regressions, lookup tables
and artificial neural networks (Desai et al., 2008). Several comparisons have been published (Desai et al.,
2008; Falge et al., 2001; Richardson et al., 2008), but there is no evidence that any model is superior to
the rest. In this study, respiration was described using simple non-linear regression models that were
compared using information criteria (see section 2.2.4.3.2) to quantify model selection uncertainty
(Burnham and Anderson, 2002).

2.2.4.1.1. Modeling soil respiration
To calculate photosynthesis following strategy 2, soil respiration needs to be calculated. The simplest

approach to describe soil respiration is the model proposed by van’t Hoff (1898) from which the rest of
empirical models can be deduced:

R, =R """ (1.3)

where R; (umol CO, m™ ground s7) is respiration at temperature T (°C), R, is respiration at reference
temperature T, and b is an empirical parameter describing the response to temperature (°C*). The
effect of other environmental factors can be included as modifications of either the reference
respiration (equivalent to the assumption that the effects are independent) or the sensitivity to
temperature. Soil respiration in the alleys and beneath the canopy were modeled independently, but
the list of candidate of models was the same for both types of locations.

Table 1.1: Models of soil respiration. T is soil temperature (°C), 0 is the soil water content (cm3 water cm™ soil), D is the day of
year in radians (2m = 365 days) and B; are empirical parameters. Each model is identified by a unique ID.

Model ID Expression
m: B, exp{B,[ (29315-8,)" - (T+27315-8,)" |}
m, B, (B, +B,sinD+B, cosD)" "
ms B, exp{[Bz +B,(0-0.2)] [(293.15 -g,)" - (T+273.15-8,)" }}
my (B, +B0+p0")B, ™"
ms (B, +B, sinD+B, cosD)B, """
Me (B, +B, sinD+B, cosD) exp{[Ba +8, (6-0.2)] [(293.15 -B,)" - (T+273.15-8, )‘1]}
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Six alternative models of soil respiration (table 1.1) were proposed:

- Model 1: Lloyd and Taylor (1995) observed that the sensitivity to temperature of soil
respiration decreased with increasing soil temperatures and proposed a modified version of the
Arrhenius equation where the activation energy decreased as temperature increased.

- Model 2: Long-term experiments have shown that the temperature sensitivity of soil
respiration varies seasonally (Reichstein and Beer, 2008) which includes the effects of soil water
content, phenology and modifications of the composition of soil biota. Richardson et al. (2008) proposed
a model based on first-order Fourier series to describe the variation of respiration with respect to the
day of year.

- Model 3: Among other effects, low soil water content reduces biological activity in the soil
through cell dehydration whereas high soil water contents reduce the amount of oxygen available for
respiratory processes (Luo & Zhou, 2006). These effects can be interpreted as a modification of the
sensitivity to temperature and the equation proposed by Reichstein et al. (2002) was used.

- Model 4: Soil water content also affects the diffusivity of gases in the soil and may alter the
specific composition of the soil biota as some species enter into a dormant state at low soil water
contents (Luo & Zhuo, 2006). These effects can be translated into a modification of the reference soil
respiration. To account for these effects, a parabolic function was proposed.

- Model 5: The seasonal variability may also induce changes in reference respiration, through
root mortality, changes in allocation of assimilates to roots or changes in the composition of soil biota. A
model based on first-order Fourier series was proposed.

- Model 6: In this model it was assumed that soil water content affected the temperature
sensitivity whereas seasonal effects were related to the reference respiration. Thus, models 3 and 5
were combined into one single model.

For every model, 4 variants were proposed, based on how the spatial variability was being taken into
account. The identification of the variant was done by adding a numeric suffix to the model ID (table
1.1):

- Variant 1: Variant in which the spatial variability was not included in the parameters of the
model. This means that the model predicted soil respiration already averaged for the different locations.

- Variant 2: Variant in which the spatial variability was incorporated in one of the parameters
describing reference respiration, that is, B; for all the models. This means that a different B, value was
estimated for each location, whereas the rest of the parameters were assumed “global” and estimated
with the data pooled from all locations.

- Variant 3: Variant in which the spatial variability was incorporated in one of the parameters
describing the sensitivity to temperature (for models 1 through 4) or seasonal variability of the
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reference respiration (for models 5 through 6). This means the parameter B, in all models except for
model 4, for which the location-specific parameter was B,.

- Variant 4: Variant in which the effect of spatial variability on reference respiration and the
sensitivity to temperature or seasonal dynamics (depending on the model) was included. In corresponds
to the combination of variants 2 and 3, that is, location-specific , and B, for all models except for model

4 (B;and By).

For example, the respiration at location i based on model m43 is calculated as ([31+[329i+[339i2)

B (T—20)/10
4,i

where parameters B; through B; are the same for all locations but parameter B, has a
different value for each location i. This means that model m43 has a total of 9 parameters, because B, is
location-specific. The author is not aware of any published work in which spatial variability of soil
respiration is incorporated via location-specific parameters. This method is completely deterministic and
is not to be confused with hierarchical Bayesian models that have been used in studies of soil respiration
(e.g. Cable et al., 2011), where the parameters are substituted by probability distributions that capture

the spatial variability.

In variants 2-4, the predictions of soil respiration were calculated for each location and then aggregated
to the field level. In variant 1, the model predicted directly the field-level aggregated soil respiration. For
variants 2-4, local temperature and soil water content were estimated from the continuous
measurements assuming a linear relationship that was calibrated with the samples taken at the same
time as soil respiration using robust linear regression models based on iterative re-weighted least
squares (Venables and Ripley, 2002).

Soil respiration was aggregated to the field-level assigning weights to soil respiration in the alleys and
beneath the canopy. In order to determine these weights, it is necessary to characterize the fraction of
the orchard that belongs to each type of location, based on the gradients of environmental conditions
and sources of CO,. The surface wetted by the drippers formed a strip of 50 cm wide, but the extension
of the wet bulbs below the soil surface was unknown. The root distribution was also unknown, but
Fernandez et al. (1991) reported for olive trees that roots grew mainly within the wet volumes affected
by the drippers and Searles et al. (2009) observed that most of the roots were located within 1 m from
the line of drippers for different types of olive orchards. It was then assumed that stripe of 1 m wide
centered at each line of drippers was representing the same conditions as in the locations beneath the
canopy. This means that measurements in the alley and beneath the canopy were weighted by 0.75 and
0.25.

2.2.4.1.2. Modeling ecosystem respiration
To calculate photosynthesis following strategy 1, ecosystem respiration needs to be calculated.

Ecosystem respiration is the sum of soil respiration and canopy respiration, but, unless both sources of
CO, are measured independently, it is not possible to distinguish them. Testi et al. (2008) showed that
the ratio of soil to ecosystem respiration in an olive orchard decreased from 1 to 2/3 as the orchard
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grew up to a leaf area index of 1.5. Davidson et al. (2005) reported that the ratio of soil to ecosystem
respiration varied seasonally in a spruce forest from 0.45 to 0.80.

Assuming that soil respiration was the main source of CO, during the experiment, ecosystem respiration
was modeled using the same models proposed for soil respiration (table 1.1), but always using the first
variant as the spatial variability in measurements with eddy covariance was not considered. This choice
implies that, whatever the actual ratio between soil and ecosystem respiration is, the changes in
ecosystem respiration are assumed to be correlated with changes in soil temperature, water content
and day of year. During the night, both the canopy and the soil were cooling down so that the dynamics
of canopy and soil temperature are similar. However, during daytime, their dynamics will differ, which
could affect the accuracy of the method if the ratio between soil and ecosystem respiration happens to
be low. The continuous sensors of temperature and water content were used in the calculation of
ecosystem respiration, by weighting each sensor with the same weights used for aggregating soil
respiration in the alleys and beneath the canopy.

2.2.4.1.3. Calculation of plant respiration
To calculate photosynthesis following strategy 2, the respiration of the canopy needs to be calculated.

As it was not measured during the experiment, it had to be calculated from an existing model (Perez-
Priego et al., submitted). Using allometric coefficients and the biomass of leaves, it was possible to
estimate the biomass of the rest of the organs. The biomass of leaves was deduced from the specific leaf
area. Two samples of 100 leaves were taken, choosing fully expanded leaves distributed throughout the
entire canopy. They were sealed into a refrigerated plastic bag to avoid dehydration in the transport and
their surface were measured with an area meter (model LI-3000, LI-COR Biosciences, Lincoln, NE). They
were dried in an oven for 48 h and weighted again to obtain the dry matter content. The result was a
specific leaf area of 50.0 (2.2) 10* m® g DM.

The biomass stored in the wood of the trees was deduced assuming a wood:leaf ratio of 0.7:0.3 based
on the data published by Mariscal et al. (2000b) and Villalobos et al. (2006). Out of the total woody
tissue, 85% was considered tissue with low metabolic activity and 15% tissue with high metabolic
activity (Perez-Priego, submitted). The respiration of these tissues was simulated using the model of
Lloyd and Taylor (1994) with the parameters obtained by Perez-Priego et al. (submitted) from chamber
measurements:

1 1
E e
0[291,15—T0 T+273.15-T,

R =W exp

wood

R (2.4)

wood w,18

Where R,,00q is the respiration of wood material (umol CO, m™ ground s"l), W.ood is Wood biomass (kg
DM m™ ground), Ry, 15 is respiration per unit of biomass at 18 °C (umol CO, kg DM s7Y), and Eg and T, (K)
are empirical parameters. Ry, 15 was 0.06 and 0.95 pmol CO, s kg™ DM for low and high activity tissues,
Eq was 200 and 166 K and Ty was 247 and 256 K, respectively.
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2.2.4.2. Likelihood functions

Since measurements always contain errors and models are simplifications of reality, there would always
be deviations or residuals between the predictions of a model and the data. These residuals (i.e. model
error) generate an uncertainty about which model will best predict the system (parameter and model
selection uncertainty) and how accurate the predictions of that model will be (predictive uncertainty).
The first step to account for the different sources of uncertainty is to build a probability model (p) with a
mean equal to the predictions of the descriptive model (m), and a variance component that describes
the dispersion of the residuals (Bolker, 2008). In its simplest form, as used in this study, the probability
model lumps all the sources of model error in a single function (Brown, 2010). If only measurement
error was included, the probability model would be incomplete.

The use of a probability model does not imply that the data was collected with a random procedure nor
that the process is stochastic, as the causes of the deviations could all be deterministic, but since we do
not know those causes, we may use probability theory to describe our lack of information (Jaynes,
2003). Indeed, the data in this study was not collected randomly and soil and ecosystem respiration
were assumed to be entirely deterministic.

The likelihood function (L) for continuous probability models is equal to the product of the probability
density (p) of each individual datum, x; (Fisher, 1922):

L(B1x)=[] p(x18) (15)

Oi

Where B is the vector of parameters of the probability model and x; is each datum. The vertical bar
separates variables (on the left) and parameters or fixed quantities (on the right). In the probability
model, B is fixed and x is variable, whereas in the likelihood function the x is fixed and B is variable. B
includes the parameters of the deterministic model (m) and the variance of the probability model. Since
the probability model describes the distribution of residuals, it depends on both the measurement error
and the variability in the data not captured by the model and it cannot be determined a priori which
probability distribution is most adequate. The function p is a conditional probability density, that
evaluates the probability density of x; conditional on B. The function L is not a probability function (it
does not integrate up to 1) but an analogous notation is used to indicate that the likelihood of B is
conditional on the data, x.

Richardson et al. (2008) reported that the residuals of a model that predicted CO, fluxes with respect to
measurements with eddy covariance were symmetric, with a higher kurtosis than expected from a
Normal distribution and with a variance that increased with the flux. Several studies have shown similar
properties for the measurement error in eddy covariance and soil respiration (Hollinger and Richardson,
2005; Richardson et al., 2006; Savage et al., 2008; Stauch et al., 2008). The choice of probability model
affects the estimation of the parameters of the model (van Wijk et al., 2008) so it is important to use the
most adequate probability model. Two main probability models can be proposed based on the
literature:
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1. A Laplace distribution where the scale parameter is linearly related to the flux (Richardson et
al., 2006, 2008; Savage et al., 2008). The probability model corresponds to:

p(x|B)=HeLi(x|[3)= ! exp(— lx_mi(Bd)l J (1.6)

2(Bp,zl +B,.m; (Bd)) Bo +Bym, (Bs)
Where B,; and B,, are the parameters related to the variance of the residuals, m; is the mean of the
distribution and represents the deterministic component (see section 2.2.4.1.1) and By is the vector of
parameters of this deterministic component. The suffix HelL substitutes the “m” in the identification
code of each model to indicate that the deterministic component is combined with a Laplace probability
model with heterogeneous variance. For example, the model “m42” is associated to the probability
model “Hel42”.

2. A Normal distribution with a standard deviation linearly related to the flux (Hollinger and
Richardson, 2005; Stauch et al., 2008). The probability model corresponds to:

X =HeN. (x = ! exp| — (X_mi(Bd))Z
p( |B) " Ni( |B) \/ZT[(Bp,1+Bp,2mi(Bd))2 p Z(Bp'1+Bp'2mi(Bd))2

Where the parameters have the same meaning as in equation 1.5. The suffix HeN is used in the same

(1.7)

way as discussed for the Laplace model. In some of the sites studied by Richardson et al. (2008), the
linear coefficient of the variance (f,,) was small, which suggests that it could be simplified and assumed
equal to zero. Thus, two additional types of distribution were proposed (HoL and HoN) that are
equivalent to equations 1.5 and 1.6 but assuming B,, = 0. That is, in those probability models the
variance is homogeneous.

Note that the methodology has resulted into 6 descriptive models, with up to 4 variants and 4
probability distributions. Accounting for all the respiration fluxes, it amounts to a total of 216
expressions. On the one hand, it does not seem reasonable to fit all these expressions, but on the other
hand, all the aspects discussed in the above need to be considered rigorously. Therefore, a strategy with
minimal assumptions is presented to simplify the implementation of the method. This strategy assumes
that the choice of probability model does not have a major impact of each descriptive model (i.e. if one
descriptive model is better than another, this will hold for all probability distributions as long as they are
both estimated with the same probability distribution). The strategy contains of four steps:

1. The parameters of the different deterministic models were estimated using a Normal
probability model with constant variance. This is described in section 2.2.4.3.1.

2. All the models were compared using an information criterion. This is described in section
2.2.4.3.2.
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3. For a small subset of the best performing models, the four alternative probability models are
estimated and compared with the same information criterion. The different sources of uncertainty are
guantified for the best performing models. This is described in section 2.2.4.3.2.

4. The model-weighted uncertainty in the predictions of respiration is calculated for the best
performing models using the values generated in the previous step. This is described in section 2.2.4.3.3.

2.2.4.3. Parameter estimation, model selection and uncertainty in predictions

The information-theoretic’ methodology described by Burnham and Anderson (2002) was used to
guantify and estimate the different sources of uncertainty. The uncertainty in the predictions will be
calculated using Bayesian integration (Koch, 2007), by approximating the posterior distribution of the
parameters by a Normal distribution (Walker, 1967). The information-theoretic approach to modeling
assumes that all models are approximations to reality and the goal is not to find the “true model”® or
the “true value” of a parameter, but rather the model and parameter values that best predict the
observed reality. The degree of closeness to reality is not evaluated in absolute terms but relative to the
set of alternative candidate models and it is found by minimizing a relative discrepancy function
(Kullback and Leibler, 1951) as proposed by Akaike (1973). A brief description of the theory is presented
in the following sections, but the reader is referred to Burnham and Anderson (2002) for a more
detailed discussion.

In the following, f will denote reality, indexed by x (i.e. x represents every position in space and instant
in time that are relevant to the experiment) and p is the model. The Kullback-Leibler information
divergence (Kullback and Leibler, 1951) between reality and the model is

p(1B)

indicates that the discrepancy is averaged over the reality of the experiment. For a given

D(f,p(-18)) =jf|og(L]dx (1.8)

| II.II

The symbo
experiment, reality is fixed and unknown, so the equation can be transformed into:

D(f,p(-1B)) =E, [ log(f) ] -E, [log (p(-1B)) ] = C~E, [log (p(: B)) ] (1.9)

Where C is an arbitrary constant common to all models and E; represents the expectation operator over
reality. Given a model p, the information-theoretic approach estimates the value of B that maximizes
the last term in equation 1.8, once B has been estimated using the data, the relative divergence of the

calibrated model (i.e. D(f,p(-lﬁ)) Whereﬁ is the optimal value of B) is used to select the best performing

’ The term “information-theoretic” refers to the fact that the methodology is derived from applying the concepts
of information theory (Shannon, 1948; Kullback and Leibler, 1951) to statistical inference. The approach in this
study refers exclusively to the paradigm described by Burnham and Anderson (2002) as information theory has
other applications in statistics (e.g. Jaynes, 1957; Bernardo and Smith, 1994; Caticha and Preuss, 2004).

® For simplicity, in this section, by model it is meant the probability model as described in section 2.2.4.2 and not
the deterministic model as described in section 2.2.4.1.

18



model (Burnham and Anderson, 2002). Note that this information divergence is unknown and has to be
estimated from the data, as described in the following sections.

2.2.4.3.1. Parameter estimation
In this section, it is described how to choose the value of f% . For a given model p, the vector B, is defined

as the vector that minimizes the relative divergence:
B, =arg min(D(f,p(:[B))) (1.10)
B

This is a desirable value for B, but we cannot evaluate it as we cannot calculate the divergence.
However, the maximum likelihood estimator (Fisher, 1922),B, converges asymptotically to By (Burnham
and Anderson, 2002; Lele, 2004), with an stochastic error in the approximation that decreases with the

amount of data used in the estimation. ﬁis defined as:

B=argmax(L(Bx)) (1.11)
BOB

Where the function L is the likelihood function described in section 2.2.4.2. Thus, the maximum
likelihood method is an optimal information criterion to estimate the parameters of model p. An
example of what is meant by asymptotic convergence is shown for model HoNs of ecosystem respiration
in figure Al.3 of Appendix I.

As the error in the approximation is stochastic, there is an uncertainty about the value of B, and this
uncertainty can be described by a multivariate Normal distribution, where the mean is [§ and the

variance-covariance matrix (V) is estimated from the curvature of the logarithm of the likelihood
function evaluated at the maximum likelihood estimation (Bolker, 2008):

o)

V==
0B’

(1.12)

Where | is the observed information matrix (Fisher, 1922). Since the logarithm is a monotonic function,
the maximum of both the likelihood function and its logarithm are found for the same B (Bolker, 2008).
Thus, to facilitate the calculation of V, the log likelihood was maximized instead of the likelihood. The
optimization was done in two steps:

1. A first global optimization was performed using the simulated annealing algorithm with
logarithmic cooling schedule (Belisle, 1992) and 200,000 iterations.

2. Starting at the solution of the global optimization, a local optimization was performed using
the Nelder-Mead algorithm (Press, 2007).

All the calculations were performed using the “bbmle” R package (Bolker and R Development Core
Team, 2012).
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For some models (especially in the variants with location-specific parameters), the log-likelihood
function was not smooth and the second partial derivative was not a good approximation to the
information matrix. In that case, log-likelihood profiles for each parameter were built (Bolker, 2008), a
parabola was fitted to each profile (as the logarithm of a Normal distribution is a parabola) and the
second derivative of the parabola was used to quantify the variance. An example comparing the two
approaches is presented in figure Al.4 of Appendix .

2.2.4.3.2. Model selection
The expected relative information divergence for the calibrated model can be approximated by the

expression (Akaike, 1973):

D(f,p(18)) =C €, [logn(-1#) | = C~E,E, [ logp(x|Bv) (1.13)

Where x is the sample of reality measured in the experiment and y represents any other independent
sample from the same reality. The double expectation at the end of equation 1.12 can itself be
approximated by an information criterion (IC) which has the following general form (Akaike, 1973):

£ €, | logplx |(y) | <IC = |og(L(f3 | x)) +bias (1.14)

Where bias is an expression that will vary for the different information criteria. Following the
recommendations of Burnham and Anderson (2002), the corrected Akaike Information Criterion (AIC.)
was used in this study (Sugiura, 1978):

n

AIC, :—2|og(L([§|x))+2k (1.15)

n—-k-1

Where n is the number of elements in x (i.e. the sample size) and k is the number of free parameters in
the model. Note that the criterion has been multiplied by -2 as proposed by Akaike (1973) so that the
first term of equation 1.14 is equivalent to the sum of the squares of the residuals in the case of Normal
probability models. Since AIC. is a relative measure (i.e. only the differences are useful, see equation
1.8), it can be multiplied by any arbitrary integer (Burnham and Anderson, 2002). The model with the
lowest AIC: will be the model that has the minimum relative Kullback-Leibler information divergence
(equation 1.8). When n is large, the second term in equation 1.14 converges to 2k, and AIC. will be
equivalent to the classic Akaike Information Criterion (Akaike, 1973).

Note that when the variants 2-4 of models of soil respiration are used (see section 2.2.4.1.1) it is not
clear which is the sample size, as some parameters are being estimated with all the data pooled from all
locations whereas other parameters are being estimated with the data obtained at each individual
location. Because those variants were used to predict soil respiration at each location and then
aggregated to the field level, the sample size was assumed equal to the number of measurements taken
at each location (i.e. n = 60) This choice favors simpler models, as the importance of k in equation 1.14
increases as n decreases.
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The uncertainty in model selection can be quantified by “Akaike weights” or model probabilities
(Burnham and Anderson, 2004), which, for AIC,, are defined as:

z kin/(n—k;-1)

exp(-BAIC., /2) _ LBIx) S

i~ Tk (1.16)
> exp(-nAiC,; /2) D L(B1x)
j=1

=1

Where w; is the probability that the estimated model i is the one with the lowest information
divergence, AAIC. is the difference in AIC, values with respect to the best model and h is the number of
models in the set. Note that the sum of w; for all models is 1.

In order to provide an absolute measure of goodness of fit, the root mean square error (RMSE) was used

n

_1 )V
RMSE = zl(o p.) (1.17)

Where o; is each observation i and p,; is the prediction by the model of that observation i.

2.2.4.3.3. Uncertainty in predictions

Any estimation of predictive uncertainty is over-optimistic as every source of uncertainty may not be
quantified or known (Brown, 2010). Therefore, the uncertainty is calculated conditional on the set of
alternative candidate models, the data and the assumption that the system behaves in the same way
during the calibration and prediction stages. Every prediction will be associated to an estimated
probability distribution, which is obtained by integrating the probability model, for all models and
parameter weighted by their probabilities (Draper, 1997):

h

p(xIB,h)=>"w, [ p,(xIB)p,(8)dB (1.18)
i=1 OB
Where p (x |B,h) is the probability of observing a flux x conditional on all parameters (B) and models (h),
w; is the Akaike weight of model i, p; (x| B) is the probability of observing a flux x conditional on model i
and the vector of parameters B (this coincides with the probability model, see section 2.2.4.2) and p; (B)
is the posterior probability of the parameters of model i. This probability will be calculated for each
location in the case of variants 2 through 4 and then aggregated to the field level. Note that the model
error is contained within the probability model, so that equation 1.17 integrates all the (known) sources
of uncertainty in the prediction. If the uncertainty in the parameters is small, equation 1.17 maybe
simplified to:
h
p(xIB,h)=> wp,(xIB,) (1.19)

i=1

Where f&i is the maximum likelihood estimation of the parameters in model i. This simplification is also

known as “plug-in” method (Smith, 1998), averaging with Akaike weights and it should only be used
when the uncertainty in the parameter has indeed a small effect in the total predictive uncertainty. Note
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that equation 1.17 or 1.18 need to be applied to every period of 30 min where a measurement of net
CO, ecosystem exchange has been made. In order to evaluate if the simplification was adequate, a
sample of 30 measurements was selected and the 95% probability intervals were calculated using
equation 1.17 and 1.18 (for equation 1.17 a Monte Carlo approach was used). This was repeated for
predictions of soil and ecosystem respiration. In the case of ecosystem respiration, differences between
the 95% quantiles were below 2.5% and in the case of soil respiration, differences were below 4.5%.
Therefore, it was concluded that the simplified approach was adequate and was applied to all the
predictions.

Note that the estimation of uncertainty in the predictions of canopy photosynthesis following strategy 2
do not include the uncertainty in the calculations of canopy respiration as it was not possible to
calculate it from the information available. Therefore, the values generated for the second strategy are
underestimated by the amount of uncertainty generated by the predictions of canopy respiration.

2.2.4.4. Estimation of canopy photosynthesis and net canopy exchange

The gross primary production (GPP) of an ecosystem is the sum of net ecosystem exchange (NEE) and
ecosystem respiration (Reco). When the trees and soil are the only significant sources and sinks of CO,,
canopy photosynthesis (P) is equivalent to gross primary production:

P=NEE+R_, (1.20)

The gross primary production (GPP) of an ecosystem can also be calculated as the sum of net CO,
ecosystem exchange, soil respiration (Rs) and canopy respiration (Rcanopy):

P=NEE+R_, +R (1.21)

soil canopy

During the first days of the experiment, before DOY 172, the alleys were covered by a green cover,
which means that the approximation of canopy photosynthesis by gross primary production was not
valid. Therefore, all calculations were done with the data collected after that day.

These two strategies are based on the following assumptions:

1. Extrapolation of nighttime ecosystem respiration (equation 1.19):
a. The dynamics of the autotrophic component of soil respiration was not affected by
the transport of assimilates (Baldocchi et al., 2006).
b. Canopy respiration was not affected by leaf water potential (Hsiao, 1973).
c. Photosynthesis and substrate limitations did not affect canopy respiration (Amthor,
2000).
d. The occurrence of advection during nighttime did not generate any systematic bias
in the measurements of ecosystem respiration (Aubinet, 2008).
2. Aggregation of soil respiration (equation 1.20):
a. The stratification into alley and beneath the canopy was representative of the entire
orchard.
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b. CO, emitted by the soil surface was not used for photosynthesis by the trees, as the
canopy was assumed to be well ventilated, avoiding the formation of CO, profiles.

The uncertainty in the predictions of canopy photosynthesis was affected by the errors in the
measurements of NEE during daytime and the uncertainty in the predictions of the soil and ecosystem
respiration (see section 2.2.4.3.3).

As the eddy covariance technique involves several measurements and assumptions, different
methodologies have been proposed to calculate the total error in its measurements (Billesbach, 2011).
The method of “paired differences” proposed by Hollinger and Richardson (2005) will be used to
guantify the uncertainty in the measurements of daytime NEE. This method estimates the error by
comparing two independent series of measurements where each pair of corresponding elements (F4, F,)
represents two measurements of the same flux. Defining F4 as

F=F -F, (1.22)

The variance of F4 depends on the variances and covariance of F; and F, (o’ =0°,, +0°, —=20,,., ). Since
F, and F, are independent and identically distributed random variables, the third term is null. Assuming
that the error distributions of F, and F, are the same, o, =0, =0_, where o, is the standard deviation
of the measurement error

o, =2k (1.23)

N

The time series was created by choosing pairs of measurements under similar conditions environmental
conditions. The criteria proposed in Richardson et al. (2008) were used. Two measurements were
assumed to refer to the same real flux if:

1. The measurements were performed exactly 24 hours apart;

2. Differences in incoming PAR were less than 75 pumol photons m™ ground s™;
3. Differences in air temperature were less than 3 °C;

4. Differences in vapor pressure deficit were less than 0.2 kPa.

The different candidate probability distributions for the measurement error in eddy covariance were the
same as the ones described in section 2.2.4.2 ad they were compared with the corrected Akaike
Information Criterion. Then, the uncertainty generated in the predictions of respiration was added to
this measurement error to generate the total uncertainty in the values of canopy photosynthesis
following both strategies.
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2.3. Results

2.3.1. Soil respiration

In general, curves of CO, concentration versus time were curvilinear (figure 1.2) confirming the need to
use a parabola to derive the initial slope. The correction of the molar volume by the temperature of the
air had a negligible effect on the shape of the curves but it affect the scale of the y-axis (figure 1.2) and
thus affected the flux derived as the initial slope.

The diurnal curves of soil respiration followed two main types of patterns, either increasing up to a
maximum around 1200 — 1400 GMT and then decreasing, or without a clear trend throughout the day.
Although both patterns were observed in all locations, measurements in the alley generally followed the
first pattern whereas measurements beneath the canopy tend to follow the second pattern.

The dynamics of soil respiration beneath the canopy and in the alley were different, although the fluxes
were similar in both types of locations at the beginning of the experiment. The seasonal dynamics of soil
respiration beneath the canopy followed a very similar pattern for all locations (figure 1.3) with a peak
on DOY 172 and another peak on DOY 209. Values of soil respiration on DOY 209 varied from 4.0 to 10.5
pmol CO, m™ ground s, whereas the minimum values occurred on DOY 200, varying from 1.5 to 3 umol

Co, m™ ground s
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Figure 1.2: Example of CO, concentration versus time from a measurement of soil respiration, showing the raw data (left) and
the data corrected for air temperature and molar volume (right). Each dot represents a measurement of CO, concentration and
the line represents the parabola fitted to the data.
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Figure 1.3: Average diurnal soil respiration of all the points in the alley (left) and beneath the canopy (right).

The diurnal average soil respiration in the alley increased between DOY 160 and 170, but was very stable
before and after this period, except for location 6 where respiration increased continuously during the
second half of the experiment reaching values much higher than in any other location in the orchard.
Soil respiration in location 6 (alley) reached a maximum value of 45.0 umol CO, m™ ground s,
compared to an initial value of 2.7 pmol CO, m™ ground s . The rest of the locations increased from
approximately 2.7 up to 11.4 umol CO, m™ ground s, although a decrease was observed in location 4
at the end of the experiment.

The application of the quality tests during the night rejected 69% of the eddy covariance fluxes (table
1.2). Almost half of the fluxes did not pass the tests on stationarity and turbulent regime, indicating that
turbulence was very weak and intermittent at night. The test of footprint fraction within the orchard
eliminated an additional 16% of fluxes whereas rejections due to excessive flux corrections based on
storage of CO, were only responsible for an additional 8%. The filters eliminated data from the entire
range of friction velocity values, but a higher proportion of rejected fluxes occurred at low friction
velocities. Also, most fluxes were rejected at the end of the night (see Appendix | for additional figures
and tables).

During daytime, the percentage of rejected fluxes was much smaller, with only 15% of the fluxes not
passing the tests on stationarity and turbulent regime and a small additional 2% filtered due to tests
based on the footprint function. Most of the rejected fluxes occurred at sunset and sunrise (figure A1.2
in Appendix I). This allowed retaining most of the diurnal patterns. Net ecosystem exchange followed an
asymmetric pattern throughout each day, with a peak between 800 and 1000 GMT and a constant
decrease during the rest of the day or a flattening of the flux at noon. Net ecosystem exchange varied at
night between 0.6 and 9.1 umol CO, m~ ground s . During the day, it varied between -20.7 and +3.8
pmol CO, m™ ground s™* (negative values indicate net uptake of CO,, positive values indicate net release
of CO,), indicating that at sunrise and sunset the ecosystem behaved as a net source of CO, and
ecosystem respiration was larger than photosynthesis.
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Table 1.2: Effect of different filters on the eddy covariance measurements, with the cumulative percentage and cumulative
number of measurements rejected by application of each additional test. SS refers to steady state quality test and ITC to
integral turbulence quality test. Footprint refers to quality test based on footprint function and storage is the filter based on
excessive flux correction by storage.

Nighttime Daytime
Filter Cum. % | No. measurements Filter Cum. % | No. measurements
SS+1ITC 45 474 SS+1TC 15 296
Footprint 61 641 Footprint 17 336
Storage 69 721

2.3.2. Soil water content and temperature

Soil temperature varied at the daily and seasonal scale (figure 1.4A), with higher temperatures achieved
in the alley at the end of the experiment, but similar values in both types of locations at the beginning.
The minimum soil temperature was generally reached around 700 GMT (2 hours after sunrise) whereas
the maximum value differed for locations beneath the canopy and in the center of the alley. Beneath
the canopy, there was a relative maximum around 1000 GMT and the absolute maximum value of the
day occurred at 1700 GMT. Between these two moments, the soil beneath the canopy was shaded by
the canopy. In the center of the alley there was a single maximum around 1500 GMT. Minimum daily
soil temperature was similar in both locations but the maximum was higher in the alley.

Soil water content was high at the beginning of the experiment in all locations (figure 1.4B), and then
the soil dried gradually in the alley and varied in a more complex way beneath the canopy. Sensors
below locations 1 and 3 showed a different behavior compared to the rest of the sensors and reached
unrealistically low levels at the end of the experiment, although they were within the range of values
that can be detected reliably by this type of sensor (Mittelbach et al., 2011). Air gaps between the soil
and the sensors could explain this phenomenon. For the locations were the measurements were
deemed correct, soil water content decreased from an initial average of 0.34 cm?® water cm™ soil to a
final average of 0.16 cm® water cm™ soil. Since differences among these sensors were small and within
the expected measurement error, their average values were used to substitute the two sensors that had
failed. In the locations beneath the canopy, soil water content varied due to irrigation (figure 1.4B) and
the spatial variability was much higher than in the alley. Such spatial variability allowed locations 1 and 5
to reach soil water contents as low as the one observed in the center of the alley at the end of the
experiment and the cause of such unusual values is unknown.
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Figure 1.4: Seasonal variation of soil temperature (A) retrieved from the continuous sensors and seasonal variation of soil water
content (B) averaged for each group of locations (dashed line — alleys; solid lines — beneath the canopy), indicating twice the
standard deviation with vertical bars.

2.3.3. Modeling

2.3.3.1. Parameter estimation and model selection

Model uncertainty was negligible for soil respiration and both types of locations where model HolL64
reached a model probability of 1.00 (table 1.3). This model was the most complex in the list of candidate
models, with 17 free parameters in total. Model uncertainty in ecosystem respiration was small, where
model 5 had a model probability of 0.88 and model 3 had a model probability of 0.08. The root mean
square error of the best models differed with the type of flux being described (table 1.4) being smaller
for ecosystem respiration than for soil respiration. In the models of soil respiration, the residuals are
calculated for each location, so the values represented in table 1.4 are a mean RMSE for all locations.
Location 6 in the alley had a very high RMSE, increasing by 33% the mean RMSE of the model (table 1.4).

The uncertainty in the parameters was, in most cases, very small (table 1.4). The Normal approximation
was adequate for all parameters except for some values of B; in the models of soil respiration in the
alley, as the likelihood function was strongly asymmetric for those parameters. The residuals of the best
model of ecosystem respiration were best described by a Laplace distribution with constant variance,
but the model probability was only 0.60, indicating a high uncertainty in the selection of this model
(table 1.5) whereas visual analysis of the histogram confirmed that the Normal distribution was also a
reasonable choice (figure 1.5). For simplicity, the Normal probability model was selected. In the case of
soil respiration, the Laplace distribution was also the best model in describing the residuals, but in this
case the uncertainty about this choice was much smaller (table 1.5), which agrees with the presence of
long tails in the histograms (figure 1.5). Thus, model 64 was re-estimated using a Laplace probability
model for both types of locations of soil respiration (table 1.3).
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Table 1.3: Comparison of models of soil and ecosystem respiration using the corrected Akaike Information Criterion. Models are
identified by their ID (section 2.3.2). w;is the model probability or Akaike weight and AAICc is the difference in the information
criterion with respect to the best performing model. The number of observations used in soil respiration and ecosystem
respiration were 60 and 746, respectively. Only the first 5 models of each list are shown.

Model w; AAIC, Model w; AAIC, Model w; AAIC,
Alley Canopy Ecosystem

HolL64 1.00 0.0 HolL64 1.00 0.0 HoN5 0.88 0.0

HoN62 0.00 79.9 HoN64 0.00 36.11 HoN3 0.08 4.8

HoN54 0.00 126.7 HoN24 0.00 89.34 HoN2 0.04 6.3

HoN34 0.00 243.7 HoN62 0.00 94.59 HoN6 0.00 26.7

HoN52 0.00 325.8 HoN23 0.00 98.14 HoN4 0.00 37.8

In all the models, there was no evidence of heterogeneity in the variance of the residuals. However, the
value of AAIC, increased only 2 units for each distribution where heterogeneity was assumed. All models
with heterogeneous variance had a negligible linear coefficient of the variance component (e.g. By, of
the Normal model of ecosystem respiration was -1.5-10~'), meaning that they were actually describing a
very homogeneous variance in the residuals. This is explained by the fact that both types of models (i.e.
with homogeneous and heterogeneous variance) had the same log-likelihood (as they predicted the
data equally well) but a difference in the number of parameters of 1. For large samples, the bias term in
AIC. approaches 2k, which explains the difference of 2 units for a difference of 1 parameter.

This aspect needs to be taken into account when interpreting the results of the corrected Akaike
Information Criterion for nested models, as it may seem at first sight that assuming heterogeneity in the
variance could be justified with a model probability of 0.27 (for soil respiration in the alley). However,
the fact that the models are nested and AIC. increases only by 2 implies that there is no improvement in
assuming heterogeneity in the variance. Thus, special caution is needed when interpreting the
comparison of nested models using information criteria.

In the case of soil respiration, the most complex model was selected as the best model, but that was not
the case for ecosystem respiration (table 1.3). When all the models of soil respiration are analyzed
(results not shown) the rank of the models sorted by AIC. does not coincide with the rank based on
number of parameters, indicating that, in models of intermediate complexity, there is tradeoff between
goodness of fit and complexity.
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Table 1.4: Parameters of the soil (Rg,;) and ecosystem (R..) respiration models with lowest AIC.. Bd are the different
parameters of each descriptive model and B, are the parameters associated to the variance of the error. The standard deviation
of each parameter, based on the Normal approximation, is shown in brackets. RMSE (umol CO, m~ ground s™) is the root mean
square error of each model. HoN5 is model 5 with Normal probability model and homogeneous variance. HoL64 is model 6 with
Laplace probability model, homogeneous variance and location-specific parameters B, and B,. For soil respiration in the alleys,
the value of RMSE when the residuals from location 6 are not included is shown in brackets. The number of observations used
in soil respiration and ecosystem respiration were 60 and 746, respectively.

Models Rsoi HoL64 (Alley) Rs.i HOL64 (Canopy) Reco HONS
B [-5.09,-2.34,-3.86,-5.00,-1.88,9.59] [8.50, 11.30, 8.54, 10.51, 9.15, 10.33] 3.76 (0.17)
o1 (0.20,0.31,0.23,0.27,0.36,0.39) (0.09, 0.18,0.12, 0.14, 0.11, 0.11) ) ’
B [0.001,-3.68,-2.18, 2.71,-3.27,-2.92] [2.98,0.02, 3.80, 0.33, 3.34, 1.80] 136 (0.16)
d.2 (0.07,0.82,0.68,0.78,0.91,0.88) (0.44, 0.14, 0.38, 0.26, 0.51, 0.39) ) ’
By -9.36 (0.09) 6.87 (0.03) 0.68 (0.21)
By, 51.78 (0.96) 26.18 (0.23) 1.43 (0.11)
Bas -134.56 (5.84) -89.22 (1.04) -
Bas 272.44 (0.41) 285.80 (0.14) -
Bp.1 2.36 (0.02) 1.18 (0.06) 0.91 (0.02)
RMSE 3.35(2.5) 1.60 0.91

Table 1.5: Model comparison using the corrected Akaike Information Criterion for different probability models, estimated from
the residuals of the best performing models of ecosystem and soil respiration. w; is the model probabilities and AAIC, the
difference in the information criteria with respect to the best model. HolL and HoN refer to Laplace and Normal distribution
with homogeneous variance and Hel and HeN for the case of heterogeneous variance. The number of observations used in soil
respiration and ecosystem respiration were 60 and 746, respectively.

Model | w; | AAIC. | Model | w; | AAIC. | Model | w; | AAIC,
Alley (model 64) Canopy (model 64) Ecosystem (model 5)
HoL | 0.73 | 0.0 HoL | 0.70 | 0.0 HoL | 0.60 | 0.0

HeL | 0.27 | 2.0 HeL | 0.26 | 2.0 HeL | 0.22 | 2.0

HoN | 0.00 | 60.9 HoN | 0.03 | 6.5 HoN | 0.13 | 3.0

HeN | 0.00 | 63.0 HeN | 0.01 | 8.6 HeN | 0.05 | 5.0

Table 1.6: Comparison of different probability models characterizing the measurement error of diurnal net CO, ecosystem
exchange using the corrected Akaike Information Criterion. w; is the probability model and AAICc the difference in the
information criterion with respect to the best model. HoL and HoN refer to Laplace and Normal distribution with homogeneous
variance and Hel and HeN for the case of heterogeneous variance. The sample size was 466.

Model HeN HelL Hol HoN
w; 1.00 0.00 0.00 0.00
AAIC, 0.00 14.00 58.90 84.40
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Figure 1.5: Density histogram of the residuals of the models of soil respiration in the alleys (A), beneath the canopy (B) and
ecosystem respiration (C). HoN and HolL stand for Normal and Laplace probability models with homogeneous variance. 64 and 5
stand for descriptive models 6 with spatial variation in B;and B, and deterministic model 5. Green, dashed lines and red, solid
lines correspond to the probability densities of the Laplace and Normal models with homogeneous variance.
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Figure 1.6: Paired differences of daytime net ecosystem exchange versus the average of each pair of fluxes. The different lines
represent the 95% probability intervals generated by the different probability models. Negative values of the flux correspond to
net respiration.

The model 64 of soil respiration showed a high variability in the values of the parameters, especially for
the location-specific parameters (table 1.4). Note that these parameters do not have a direct physical
interpretation as they describe an empirical trigonometric function of time, but their higher predictive
accuracy makes them attractive models for the purpose of interpolating the measurements. The
predictions with the models should not be applied outside the period of calibration and, indeed, the
model of soil respiration in the alley predicted fluxes that were not physically possible when
extrapolating to the entire year (results not shown).
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2.3.3.2. Canopy photosynthesis (Strategy 1)

The variance of the paired differences in the measurements of net CO, ecosystem exchange (NEE) was
clearly heterogeneous and increased linearly with the magnitude of the flux (table 1.6, figure 1.6) and
the Normal distribution was a better description than the Laplace distribution. The optimal values of the
parameters (and their standard deviations) associated with the variance of the paired differences, (i.e.
Oc = Bp1 + Bp2| NEE|) were 0.7 (0.05) and 0.09 (0.006). Thus, o, varied between 0.70 and 2.05 pmol CO,
m~2 ground s *as NEE increased from 0.00 to 15.00 umol CO, m~ ground s™. The mean paired difference
was -0.10 (0.07) pmol CO, m™ ground s, indicating that the bias in the methodology for selecting fluxes
was minimal. The Laplace distribution with heterogeneous variance underestimated the spread of the
paired differences around the mean, as the 95% probability region contained only 87% of the observed
differences, whereas in the Normal distribution with heterogeneous variance, it contained 93% (figure
1.6).

The uncertainty in the calculations of canopy photosynthesis resulted in a Normal distribution, with a
standard deviation that increased with the flux. The mean standard deviation was 1.74 pmol CO, m™
ground s, with a range from 0.9 to 2.7 pmol CO, m™ ground s *and an average coefficient of variation
of 15%. There was no clear seasonal effect in the uncertainty, but it varied each day as NEE increased,
being maximum during the first half of the day (figure 1.7). The diurnal trends of canopy photosynthesis
were similar for most days, with a maximum between 800 and 1000 GMT and a decrease during the rest
of the day (figure 1.7). Daily average canopy photosynthesis varied between 7.1-15.9 pmol CO, m™
ground s™* whereas the daily average ecosystem respiration varied between 2.4-4.3 pmol CO, m~
ground s . Ecosystem respiration decreased during the entire experiment, whereas canopy
photosynthesis had a minimum around DOY 230.
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Figure 1.7: A: canopy photosynthesis (P) and ecosystem respiration (Re.,) calculated for DOY 191. The solid, black lines are the
most probable values; the red, dashed lines are the 95% probability intervals. On the right, the most probable P and R, (black,
solid lines) for every time of the day and envelopes of one standard deviation width (red, dashed lines) showing the seasonal
variation of this average.
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Figure 1.8: A: Daily average canopy photosynthesis (P) calculated following strategy 1 (net ecosystem exchange + ecosystem
respiration) and ecosystem respiration (Reco). B: Daily average canopy photosynthesis (P) calculated following strategy 2,
average soil respiration (Rsoil), average soil respiration segregated into the locations beneath the canopy (Rsoil,) and in the
alley (Rsoilg) and canopy respiration (Rcanopy). Soil respiration in the alleys is the lowest of the two curves describing soil
respiration.
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Figure 1.9: A: Canopy photosynthesis calculated following strategy 2 (net ecosystem exchange + soil respiration + canopy
respiration) and soil respiration calculated for DOY 191. The solid, black lines are the most probable fluxes; the red, dashed lines
are the 95% probability intervals. B: Average most probable canopy photosynthesis (strategy 2) and soil respiration (black, solid
lines) for every time of the day and envelopes of one standard deviation width (red, dashed lines) showing the seasonal
variation, restricted to the period between DOY 172 and 220.

32



2.3.3.3. Canopy photosynthesis (Strategy 2)

Given the very high values measured at location 6 in the alley, this location was not included in the
predictions of average soil respiration. It was not clear what the frequency of locations with such high
fluxes was in the orchard, but it was assumed that it would not be very important and thus it was unwise
to include it in the predictions. The predictions of canopy photosynthesis following strategy 2 were
restricted to the period between DOY 172 and 220, to avoid their application outside the period in
which the models of soil respiration were calibrated.

A Monte Carlo simulation with 1000 samples per location was used to quantify the uncertainty in the
estimations of field-level average soil respiration, resulting in a Normal distribution, with a standard
deviation of 1.3 pmol CO, m™ ground s*. The uncertainty in the calculations of canopy photosynthesis
following strategy 2 also followed a Normal distribution which standard deviation varied between 1.05
and 2.80 pmol CO, m™2 ground s, resulting in an average coefficient of variation of 7%. Soil respiration
was systematically higher than ecosystem respiration, which means that either ecosystem respiration
was being underestimated or soil respiration was being overestimated. The seasonal and daily variation
of soil respiration was higher than in ecosystem respiration. However, the diurnal patterns of canopy
photosynthesis based on both strategies were quite similar, because net CO, ecosystem exchange still
had the most important effect in the dynamics, although the in strategy 2, the diurnal curves tend to be
flatter. The aggregated field-level soil respiration in the alleys was lower than beneath the canopies and
their seasonal dynamics were very distinctive, as soil respiration in the alley increased whereas it
decreased beneath the canopy (figure 1.8).

Daily average canopy photosynthesis varied between 20 and 27 pmol CO, m™ ground s ', whereas daily
average soil respiration varied between 9 and 13 pmol CO, m™ ground s™ No clear seasonal trend was
observed for soil respiration or canopy photosynthesis, although the period of time considered was
restricted and cannot be compared directly with the results obtained with strategy 1.

2.4. Discussion

2.4.1. Soil respiration and eddy covariance measurements

Testi et al. (2008) measured soil respiration beneath the canopy and in the alley and took measurements
with an eddy covariance system in an irrigated olive orchard under similar environmental conditions.
The average values of soil respiration were 5.7 and 1.1 pmol CO, m™ ground s beneath the canopy and
in the alley, respectively. The measurements beneath the canopy are similar to the ones obtained in this
study and the diurnal patterns also showed no response to soil temperature. In the alley, however,
measurements in this study are much higher, which can be explained by a higher soil water content
compared to their value of 0.05 cm® water cm™ soil. Nighttime ecosystem respiration was very similar in
their study, with a range of 2.3 to 4.8 pmol CO, m™ ground s™.

As expected, the stratification of the sample into locations beneath the canopy and in the alley allowed
detecting two very different dynamics of soil respiration, but also of soil temperature and water
content. In the alley, water content and temperature were correlated in time (i.e. as temperature
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increased, water content decreased) which generated a situation of confounding factors and, for high
soil water contents, soil respiration could be reduced by a decrease in CO, production and transport and
this effect is difficult to discern from the effect of low temperature. However, the relationship was
broken beneath the canopy due to irrigation, in which the dynamics were more complex at both daily
and seasonal scale.

The low sensitivity to temperature found at the diurnal scale was not related to the effect of drought
(e.g. Reichstein et al., 2002) or supra-optimal temperatures (e.g. Testi et al., 2008). However, recent
studies with automatic soil respiration chambers indicate that soil respiration beneath a tree canopy
may show a weak response to temperature at the diurnal scale due to they dynamics of root respiration
(Baldocchi et al., 2006). Baldocchi et al. (2006) observed that the response to soil temperature increased
when moving away from the trees, which was also evident in this study.

None of the environmental variables measured at location 6 in the alley would justify such a high
increase of soil respiration as temperature and soil water content were similar to the rest of the
locations. A visual analysis of the soil surface revealed that cracks were forming in the soil as it dried.
These cracks could increase the availability of oxygen throughout the soil profile and thus increase soil
respiration. However, other locations in the orchard also showed these cracks. To the knowledge of the
author, no values of soil respiration as high as in location 6 has been published under Mediterranean
conditions, even for summer conditions and high water contents. Further research is needed to explain
this phenomenon.

As observed by Ruppert et al. (2006), filtering nighttime measurements of eddy covariance with quality
tests showed that some fluxes at low friction velocities are still adequate, although most of the rejected
fluxes occurred at low friction velocities. However, unlike their observations, in this study , most
rejected fluxes were concentrated at the end of the night, sunrise and sunset. This suggests that during
the day, well-mixed conditions prevail and that conditions worsen as the night advances. The fact that
the consecutive application of the filters always added new fluxes to the rejection list indicates that
using one criterion is not enough to detect all fluxes that should be rejected.

2.4.2. Modeling soil and ecosystem respiration

2.4.2.1. Parameter estimation and model selection

The variance in the residuals of the models of soil and ecosystem respiration was not heterogeneous,
although the presence of large deviations in the models of soil respiration made the Laplace distribution
a better alternative than the Normal distribution. Note that the method of maximum likelihood does not
require knowing the distribution of the measurement error but the distribution of the residuals, which
may or may not resemble the errors in the measurements, depending on the amount of additional error
introduced by the simplifications in the model. However, for the calculation of uncertainty in canopy
photosynthesis, it was necessary to quantify the error in the daytime measurements of eddy covariance
and, as expected, the variance in the error increased with the flux and the Normal distribution was the
one that best described this error. The increase of uncertainty with the flux was similar to the values
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reported by Richardson et al. (2008) for different locations in the CarboEurope program, although they
were characterized by a Laplace distribution. A description of the measurement error (i.e. plotting the
histogram and calculating the moments) does not provide reasonable arguments to choose one or
another distribution, as different distribution can produce similar histograms, especially when the
variance is heterogeneous (Stauch et al., 2008). A quantitative method, such as the use of corrected
Akaike Information Criterion, is required. To the knowledge of the author, a quantitative comparison of
different hypotheses concerning the measurement errors and model residuals of eddy covariance and
soil respiration measurements has never been published.

The uncertainty in some of the location-specific parameters in model 64 of soil respiration was not
properly estimated by the matrix of second partial derivatives as the likelihood function was not smooth
in the neighborhood of the maximum likelihood estimate. This could be caused by a non-negligible 3"
and higher order partial derivative. When this is the case, the curvature estimated locally at the
maximum likelihood value is not a good approximation of the variance-covariance matrix (see figure
Al1.4 in Appendix 1). The reason why the Normal approximation is less adequate for the location-specific
parameters is that these parameters were estimated with a sample size of 60 data points (number of
measurements per location), whereas the global parameters were estimated with the full sample (i.e.
360 data points). Thus, the average curvature in the region around the maximum likelihood was
estimated by building profiles of the logarithm of the likelihood and fitting a parabola to each profile
(Bolker, 2008). However, note that this method does not allow calculating the covariance between each
pair of parameters, only the variance of each parameter. Since the uncertainty in the parameter values
had a small effect on prediction uncertainty, it was not considered necessary to obtain a more accurate
estimation of parameter uncertainty.

Model selection uncertainty was negligible for the models of soil respiration and small for the models of
ecosystem respiration. The fact that the most complex model (i.e. model 64 with 17 free parameters)
had the lowest AIC, value in soil respiration for both types of locations suggests that even more complex
models (i.e. with more parameters) could be proposed for the data, although the Normal approximation
might not hold for such complex models and a rigorous Bayesian integration should be used. Also, the
information criterion may eventually fail to recognize adequately the trade-off between goodness of fit
and complexity for very complex models. Such abuse of information criteria is known as “model
dredging” (Stephens et al., 2005) and should be avoided.

2.4.2.2. Spatial and temporal variability of CO; fluxes

The variation in time of soil respiration in different locations was similar in relative terms, but the actual
values varied per location. Thus, the location-specific models represented a great improvement over
simpler models of aggregated field-level soil respiration. However, the predictions of the aggregated soil
respiration could still be biased since only 12 locations were sampled and the exact weights to be
associated to respiration beneath the canopy and in the alleys were unknown. Respiration in location 6
in the alley was not included in the predictions because the observed fluxes were much higher than for
the rest of the locations.
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The systematic differences between soil and ecosystem respiration could be explained by an
underestimation of ecosystem respiration during the night, due to non-turbulent transport mechanisms
(Aubinet, 2008). In this study, ecosystem respiration underestimated field-level soil respiration, on
average, by 65%. Lavigne et al. (1997) observed that respiration based on measurements of eddy
covariance underestimated aggregated chamber-based measurements by 27%. Goulden et al. (1996)
observed a similar underestimation of 32%. However, Granier et al. (2000) and Wohlfahrt et al. (2005)
observed very good agreements between both approaches. Finally, Law et al. (2001) observed that
respiration based on eddy covariance measurements was higher than the aggregated chamber-based
ecosystem respiration plus plant respiration. The discrepancies in the literature could be related to
different meteorological conditions during the measurements, canopy structure and the procedure to
scale the chamber measurements to the field level. The difference observed in this study is certainly
much higher than what would be expected based on these reports in the literature.

The uncertainty in the calculations of canopy photosynthesis following both strategies were very similar,
but the uncertainty for strategy 2 was underestimated as it had not considered the uncertainty due to
canopy respiration. Therefore, it is expected that the true uncertainty in strategy 2 is higher that in
strategy 1. Approximately, half of the uncertainty was generated by errors in the measurements of net
CO, ecosystem exchange and the other half was generated by the predictive uncertainty of ecosystem
and soil respiration. Note that, since soil respiration was modeled for each location and then
aggregated, the uncertainty in the predictions of field-level soil respiration was smaller than for each
individual location, due to the effect of averaging independent random variables. Therefore, including
location-specific parameters increased both the predictive accuracy and precision.

The predicted average soil respiration in the alleys and beneath canopy had very different temporal
dynamics, even if the same model was used to make the predictions in both cases, indicating the high
flexibility of model 64. Indeed, the values of the parameters describing the seasonal variation of
reference respiration were very different, as soil respiration beneath the canopy decreased while in the
alleys it increased. Soil respiration was always lower in the alley compared to beneath the canopy, and
oscillations in respiration beneath the canopy were larger than in the alley.

Testi et al. (2008) estimated daily canopy photosynthesis following strategy 1, in an irrigated olive
orchard, and observed during the summer a range of 15-25 g CO, m™> day ", which would agree with the
values of canopy photosynthesis obtained with strategy 1 in this study. This would suggest that the
canopy photosynthesis following strategy 2 is overestimated, which could be explained by an
overestimation of soil respiration (which was higher than ecosystem respiration). However, if ecosystem
respiration during nighttime was being underestimated due to advection (Aubinet, 2008) this would
affect both estimations in this study and in Testi et al. (2008), and both could strongly underestimate the
true canopy photosynthesis. Therefore, without a third source of information, this issue cannot be
resolved and the estimates with either strategy should be taken with caution.

This means that the methodology presented in this study will not resolve which method is biased (or
even if both methods are biased). However, realizing that the two approaches result in such different
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estimates is important enough as it cast doubts on previous estimations and highlights the need for a
third, independent estimation of the fluxes to decide among the methodologies.

2.5. Conclusions

The following main conclusions have been obtained from the study:

1. The calculation of canopy photosynthesis following strategy 1 was, on average, 50% lower
than the calculations following strategy 2 and these differences were not caused by the uncertainties in
the calculations, indicating that at least one of the strategies is strongly biased.

2. Canopy photosynthesis following strategy 1 was maximal in the morning and decreased
during the rest of the day. Canopy photosynthesis following strategy 2 showed a very small decrease
and stay rather constant most of the day.

3. The uncertainty in the estimations of canopy photosynthesis for both strategies was very
similar, increasing slightly with the flux with an average standard error of 1.8 pmol CO, m™ ground s™*
that implies a coefficient of variation of 15 and 6% for strategy 1 and 2, respectively.

4. The variance of the residuals of the models of soil and ecosystem respiration was
homogeneous and they were best described by a Laplace distribution, though the advantage was very
small for ecosystem respiration. The incorporation of spatial variability in the parameters of soil
respiration increased both the predictive accuracy and precision.
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3. A three-dimensional model of canopy photosynthesis and
radiation interception for olive orchards

Summary

A three-dimensional model of canopy photosynthesis and radiation interception for olive orchards was
calibrated with the available scientific literature and tested with two measurements of canopy photosynthesis in
a super-high density olive orchard in Cordoba (Spain), using an eddy covariance system and closed soil
respiration chambers. The model underestimated canopy photosynthesis by 5% when it was calculated from net
ecosystem exchange, soil respiration and canopy respiration, but overestimated canopy photosynthesis by 65%
when it was estimated by net ecosystem exchange and ecosystem respiration, indicating a strong
underestimation of nighttime measurements of ecosystem respiration with eddy covariance. For a LAl of 2.5,
the model predicted an average daily photosynthesis of 46 g CO, m™ ground day™ during Spring-Autumn and a
radiation use efficiency aboveground of 0.9 g DM MJ™ PAR. The critical parameters in the model were the leaf
area density and the parameters associated to the hyperbolic response of photosynthesis to absorbed radiation.
The model is able to simulate the interception of radiation and photosynthesis of other olive orchards as long as
the structure of the canopy is properly described.

Keywords: Eddy covariance, Olea europaea, superintensive olive, super-high density olive, global sensitivity
analysis, 3D model, radiation use efficiency, radiation interception.

3.1. Introduction

The assimilation of CO, through photosynthesis is the main process that determines the growth and productivity
of plants (Goudriaan and van Laar, 1994) and it is an important flux in the global CO, cycle (Cox et al., 2000).
Photosynthesis is a well-known process under potential conditions (i.e. without limitations due to water or
nutrient deficiencies) and the use of leaf-level models has been key in ecophysiological studies (Farquhar et al.,
2001). However, the canopy modifies its own microclimate (Goudriaan, 1977) creating strong gradients of
environmental conditions which affect leaf photosynthesis. If this gradient is ignored, we obtain a “big leaf”
model (Collatz et al., 1991), but this model tends to overestimate canopy photosynthesis (de Pury and Farquhar,
1997). Therefore, an accurate simulation of canopy photosynthesis requires taking into account the three-
dimensional spatial heterogeneity of environmental conditions, especially radiation. Due to these gradients, the
sensitivity of photosynthesis to environmental conditions and plant traits depend on the scale at which it is
studied (Luo et al., 2001).

Olive trees (Olea europaea L.) represent an extended horticultural crop in Mediterranean regions, reaching 9.5
Mha worldwide in 2010 (FAO Statistics Division, 2012). The impact of this crop on the regional carbon balance is
important, especially in countries were the cultivation of olives is performed in extensive regions such as Spain,
Italy or Greece. Olive cropping systems, which include agroforestry systems, traditional groves and intensive
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orchards, at high and super-high densities, are of enormous relevance from an economic and ecological
perspective. Super-high density olive orchards are planted at a density of 1500-2000 trees ha" in order to obtain
high yields during the first years of establishment and they are pruned to generate a structure suitable for
mechanization of all operations (Gomez-del-Campo, 2010). In these orchards, each tree consists of a single main
stem and fruits are harvested with modified grape harvesters. When the orchards reach their maximum
dimension, the crowns of the trees merge forming continuous, parallel hedgerows.

There exists abundant literature characterizing the photosynthesis of leaves in olive trees (Connor and Fereres,
2005), including the calibration of a mechanistic model of photosynthesis (e.g. Diaz-Espejo et al., 2006) and
different models of stomatal conductance (Moriana et al.,, 2003). The interception of radiation and
photosynthesis of isolated olive trees has been modeled in detail (Diaz-Espejo et al., 2002; Diaz-Espejo et al.,
2004) using the ray-tracing model proposed by Sinoquet et al. (2001). In high-density olive orchards, Mariscal et
al. (2000a) modeled the interception of radiation by the canopy using the radiative transfer equations of
Norman and Welles (1983), a method that is easier to parameterize as it only measuring the leaf area density,
leaf angle distribution and optical properties and dimensions of the trees.

Although simpler models have been proposed for the interception of radiation by isolated trees (Villalobos,
2008; Sinoquet et al., 2007) and hedgerows (Gijzen and Goudriaan, 1989; Pronk et al., 2003 ), the three-
dimensional approach developed by Norman and Welles (1983) is able to simulate all the different types of olive
orchards, allowing a level of generality that cannot be achieved with simpler models. If the different types of
olive orchards are to be compared, it should be done with a single, common model, rather than several,
simplified models.

The model Maestra (Luo et al., 2001) implements the method of Norman and Welles (1983) and scales
photosynthesis and transpiration up from the leaf to the canopy level. In this study, the model is used to
simulate the canopy photosynthesis of a typical super-high density olive orchard being calibrated using the
relevant scientific literature. The model was tested with measurements of canopy photosynthesis and net CO,
canopy exchange obtained with an eddy covariance system and soil respiration chambers. A global sensitivity
analysis was performed to identify the most influential parameters and environmental variables.

The model may be used to explore the effect of canopy structure on radiation interception and photosynthesis,
as well as transpiration and water use efficiency (though the present study will only focus on the first two
concepts). For other objectives, summary models could be derived using this model as benchmark. As an
example of how to derive simpler expressions, the potential daily dry matter production and radiation use
efficiency was calculated by subtracting plant respiration estimated from the scientific literature (Mariscal et al.,
2000b; Perez-Priego et al., submitted; Villalobos et al., 2006) from the simulation of photosynthesis.

3.2. Materials & Methods

3.2.1. Site description

The experiment was performed on the farm “La Harina” located in Cordoba, Spain (37° 44' N, 4° 36' W, altitude
170 m) in 2011. The system studied was a 21.5 ha olive orchard (Olea europaea cv. Arbequina) planted in 2005,
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spaced at 4 x 1.5 m, with rows oriented on the NNW-SSE axis. The soil is a Xerofluvent (IGN, 2011) as described
by the Soil Taxonomy classification (NRCS, 2006). The climate in the area is typically Mediterranean, with an
average annual rainfall of 600 mm, with almost no rain in the summer, and an average annual reference
evapotranspiration of 1390 mm.

The orchard was drip-irrigated with two emitters per tree (total discharge rate of 4.4 | h™ tree™). Irrigation was
applied twice every week, with an extent of 7 hours per application. The trees were pruned every two years,
with a mechanical topping that reduced height to 2.5 m and lateral, manual pruning. During the period of
measurements, the height of the canopy was 3 m. The residues were chipped and spread over the soil surface.
No tillage was performed and, during winter, a green cover was allowed to grow in the alleys between the
planted rows, being eliminated in spring by mowing. Weeds in the rows were controlled chemically. However,
due to extensive rainfall in Spring, at the beginning of the experiment, the green cover grew again, occupying
the alleys and was not eliminated until the day 172 of the year (i.e. mid-June).

Measurements of net CO, ecosystem exchange using the eddy covariance method were taken from DOY 170
until 290 whereas soil respiration was measured with closed chambers between DOY 170 and 220. The
measurements allowed modeling soil respiration and ecosystem respiration using non-linear regression models
describing the effect of environmental conditions on respiration. From these models and the daytime
measurements of net CO, ecosystem exchange, canopy photosynthesis was estimated following two strategies:
(i) as the sum of net ecosystem exchange and ecosystem respiration and (ii) as the sum of net ecosystem
exchange, soil respiration and canopy respiration. Fluxes calculated with both strategies will be compared with
the simulations of the model Maestra. Details about the experiment and the calculation of the fluxes are given
in Chapter 1.

It was assumed that photosynthesis in the experiment was not affected by soil water deficit, nutrient deficiency,
pests or diseases. A foliar analysis was performed in July on a sample of 100 leaves, resulting in a nitrogen
concentration of 1.6 % (referring to dry matter content), approximating the sufficiency threshold® of 1.5 %
(Fernandez-Escobar et al., 2009). No signs of other deficiencies were observed. There were signs of olive knot
(i.e. a disease caused by the bacteria Pseudomonas savastanoi consisting of tumors in the branches), but, to the
knowledge of the authors, no quantitative effect of this disease on photosynthesis has been reported.

In order to characterize the water status of the trees, predawn leaf water potential was measured in three trees
that received the same irrigation as the rest of the orchard and in two additional trees that received a higher
amount of irrigation (control trees). The control trees were drip-irrigated with three emitters per tree (total
discharge rate of 6.6 | h™ tree™). Irrigation was applied three times a week, with an extent of each application
that varied in time (8.00 h in June, 9.00 h in July and August, 6.75 h in September and 5.25 h in October). The
irrigation program was designed assuming a crop coefficient'® of 0.65. This value is slightly higher than the value

° The sufficiency threshold is also known as the critical nutrient concentration. By definition, when the concentration falls
below the threshold, nutrients will limit plant growth (Ulrich, 1952).

% The crop coefficient is the ratio between the reference evapotranspiration (ET,) calculated from weather measurements
and the actual evapotranspiration of the canopy. The concept implies that the reference evapotranspiration takes into
account meteorological effects and the crop coefficients integrates the effects of aerodynamic and canopy resistances to
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of 0.55 than would be predicted by applying the model of Testi et al. (2004). Due to operational problems, the
actual irrigation in the month of August was, on average, 10% lower than the programmed dose.

5 leaves per tree were measured every 10 days just before sunrise, assuming that the different tissues in the
tree were in hydraulic equilibrium with the soil. Predawn leaf and soil water potentials are linearly related in
olive trees (Ennajeh et al., 2008).

3.2.2. Maestra model

"Maestra" is a three-dimensional model of canopy photosynthesis, transpiration and absorption of radiation and
it is based on the model "Maestro", published by Wang and Jarvis (1990a). The canopy is represented as an
array of crowns, defined by their location, shape and dimensions. The fluxes are calculated for a target crown in
the center of the plot, but additional trees need to be considered around it in order to avoid border effects. The
target crown is divided into a grid by defining layers (vertical stratification) and sectors (horizontal stratification).
At each grid point, solar radiation absorption, photosynthesis and transpiration are calculated, and scaled up to
the canopy level weighted by the leaf area associated to each grid point. The reader is referred to Wang and
Jarvis (1990a) and the website of the model (www.maestra.unsw.edu.au) for more details, though the most
relevant equations are described in the following paragraphs.

The absorption of solar radiation is calculated based on the method proposed by Norman and Welles (1983).
Given a beam of solar radiation, defined by zenith solar angle Z (rad) and azimuth solar angle Q (rad) and
assuming a uniform leaf area density within each crown (LAD, m? leaf m~ crown), the probability, P, that the
beam is not intercepted by the canopy is given by

P(z,Q) =exp(-G(z,0)s(z,0)LAD) (2.1)

were G is the fraction of foliage projected on the plane perpendicular to the direction of the solar beam and S is
the length of the segment (m) that results from the intersection of the direction of the beam and the crown.
Leaf area density was assumed uniform within each crown. For the absorption of diffuse radiation, solar beams
are integrated over the entire sky hemisphere. Assuming that the leaf angle distribution is uniform with respect
to the azimuth angle, the value of G is described by the ellipsoidal model proposed by Campbell (1986)

G=cosZVX’ +tan’Z {X +i|0g((1+61)(1-61)_1)} (2.2)

2e X

Wheree, =4/1-1/X?, so that it only depends on the parameter X and Z. Equation 2.2 was used as X > 1 in this

study. See Appendix lll for more details on the G function.

Photosynthesis (A, pmol CO, m™ leaf s™) is calculated as the result of a biochemical model of demand of CO,
(Farquhar et al., 1980) and a model of supply of CO, as it diffuses through the stomata (Leuning, 1995). The
demand of CO, is computed as

water vapor flux, and soil evaporation (Testi et al., 2004). Typical values of ET, for Cordoba (Spain) were used in the
calculations.
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A=min(A,,A,)-R, (2.3)

Where A, and A, are the rates of gross photosynthesis (umol CO, m~* leaf s7') limited by Rubisco activity and
production of chemical energy in the electron transport chain, respectively. Ry is leaf mitochondrial respiration
(umol CO, m™ leaf s™*). Photosynthesis limited by Rubisco activity is calculated as

A =y C -T.
v ¢, max Ci +kc (1+0i/ko)

(2.4)

Where V max is the maximum activity of Rubisco, C; (umol CO, mol™ air) is the intercellular CO, concentration, T.

is the CO, compensation point in the absence of mitochondrial respiration, o; is the intercellular oxygen
concentration (assumed constant and equal to 2.05 10° pmol O, mol™ air), k. and k, are the Michaelis
coefficients of Rubisco activity for CO, and O, as substrate (umol CO,/O, mol™ air). The term k(1 + o; / ko)
represents the assumption that CO, and O, are competing for the same enzyme locations, thus O, lowers the
enzyme affinity for CO,. It was assumed that CO, concentration at the carboxylation site of Rubisco was equal to
the intercellular CO, concentration, that is, mesophyll conductance (Yin and Struik, 2009) was not included,
since no model of photosynthesis including mesophyll conductance has been calibrated for olive trees, to the
knowledge of the author. Photosynthesis limited by electron transport is calculated as:

_JC-L
oac+

(2.5)

Where J (umol e” m™ leaf s ™) is the electron transport rate, which increases with the photosynthetic photon flux
(Q, pmol photon m™ leaf s™), defined by the following quadratic equation:

0F -(aQ+J,,,)I+Qa,,, =0 (2.6)

Where a is the quantum efficiency (mol e” (mol photon)™), Jma is the maximum electron transport rate (umol e
m~ leaf s!) and 6 is the degree of curvature of the parabola. The parameters V. max, Jmax Ko, Ko, T and Ry were
assumed to increase with temperature as described by the Arrhenius equation

H, (T, ~298.15)/(298.15RT, )

P.=P.e (2.7)

Where Py is the value of the parameter P at absolute leaf temperature T, (K), P55 is the value of the parameter P
at 25 °C, R is the gas constant (8.31 J mol™
original code of Maestra had to be changed to allow the Arrhenius equation to be applied to Ry. The model of

K™) and H, is the activation energy of parameter P (J mol™). The

CO, supply is
A=g.(C,-C) (2.8)
Where C, is the CO, concentration at the surface of the leaf (umol CO, mol ! air) and gs. (mol air m~ leaf s7) is
the stomatal conductance. Stomatal conductance is simulated as proposed by Leuning (1995):
a A
(c,-r)(1+D,/D,)

_gso +

g, (2.9)
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Where g, is the stomatal conductance when A =0, T (umol CO, mol™ air) is the CO, compensation point when
respiration is present, D, (kPa) is vapor pressure deficit at the leaf surface and Dy is the response of g, to vapor
pressure deficit. The parameter a; is an empirical parameter where 1/a; = 1 — C/C, at saturating levels of
absorbed radiation (Leuning et al., 1995). It was assumed that these parameters did not vary with the position
inside the canopy or leaf age. The coupling of the supply and demand functions is solved analytically as
proposed by Leuning (1990). See Appendix IV for more details.

Leaf temperature is needed to calculate the value of the different parameters of the photosynthesis model, as
described by equation 2.7. Leaf temperature depends on the temperature of the air within the canopy, the leaf
boundary layer conductance for heat fluxes and the leaf energy balance, as described by Leuning et al. (1995).
The degree to which a leaf alters the environment around it (i.e. D,, Cs and T,) is defined by the degree of
coupling of the leaf to the air (Jarvis and McNaughton, 1986). An ideal, perfectly coupled leaf (i.e. a leaf which
boundary layer is negligible) will not affect D,, C; or T, and these variables will be equal to VPD, CO,
concentration in the air and temperature of the air, respectively. Small, hypostomatous leaves in well ventilated
canopies such as orchards are highly coupled (Jarvis and McNaughton, 1986). Villalobos et al. (2000) observed
that an olive orchard was highly coupled to its environment and the assumption of a perfect coupled canopy
was a good approximation. This evidence suggests that it is reasonable to assume perfectly coupled olive leaves.
This assumption avoids the need to solve the energy balance and does not require that the distribution of wind
velocity be known, which is not well understood for discontinuous canopies such as tree orchards (Lee, 2000).
Some initial simulations were performed in Maestra with and without solving the energy balance and for
different exponential extinctions of wind velocity. The differences between the results were negligible,
supporting the adequacy of the assumption.
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Figure 2.1: A: The transversal half-area of the hedgerow, averaged for 24 transects (4 trees). Solid lines represent the envelope surface of
the canopy. The vertical bars represent twice the standard deviation. The dashed, red lines represent the approximation to the canopy as
a prism, fixing the height and using the equivalent width. B: 3D sketch of the crowns of two consecutive olive trees as simulated by

Maestra. Two layers are represented, with the grid points associated to the different sectors for each layer. The disposition of the grid
points is characteristic of even and odd layers.
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3.2.3. Radiation Interception

3.2.3.1. Canopy structure and parameters

The dimensions of the crowns'" were obtained by measuring the intersection of a meter pole with the surface
crown at different points in a regular grid. For every point, the upper and lower heights of the crowns were
registered (figure 2.1A). The grid was composed of transects perpendicular to the planting row every 0.75 m,
while each transect was 2 m long and was divided into 10 intervals of 20 cm. Ten trees were measured and for
each tree, three transects were sampled at each side of the hedgerow.

The height of the crowns varied less than their width (figure 2.1A). The crown did not fit exactly any regular
shape and out of all the crown shapes used in Maestra, the prism was the one that best resembled the real
canopy (figure 2.1B). A first prism was calculated by assuming the same volume and height as the real crowns
and calculating the equivalent width. A second prism was calculated by assuming the same volume and width as
the real crowns and calculating the equivalent height. The two approaches were compared in their ability to
predict measured PAR radiation on the ground and the one that best predicted the measurements was used in
the simulations. The orientation of the grid points in Maestra varies for odd and even layers, so that different
azimuth orientations can be sampled (figure 2.1B). The code of Maestra was modified to adapt the distribution
of the grid points to a rectangular prism.

Measurements of PAR radiation beneath the canopy were taken on DOY 205 with a ceptometer (model
SunScan, Delta-T Devices, Cambridge, UK) for the same four trees that were used to calculate crown dimensions.
For every tree, measurements were taken on a transect perpendicular to the rows that extended from one row
to the next one, to the west side of the trees being studied. Measurements were taken every 20 cm and
throughout the first half of the day. A total of 7 repetitions per tree were taken, from 600 GMT until 1400 GMT.
For every measurement, a simulation of PAR transmittance at the same locations was simulated using Maestra,
with the leaf area and crown dimensions of every individual tree as input.

The average crown height was 2.5 m and the average volume associated to each tree-unit'> was 7.12 m®. For the
same volume and height, the equivalent width of the regular prism was 1.9 m. Average leaf area index was
evaluated with a plant canopy analyzer (model LAI-2000, LI-COR Biosciences, Lincoln, Nebraska, USA) under
overcast conditions using a 15° view cap facing the hedgerows, in order to approximate the conditions of
Miller’s formula (Miller, 1966; in LI-COR Biosciences, 1992)

n/2
LAI= [ ~log(T(2))cos Zsin Zdz (2.10)

0

"n this study, canopy refers to the aboveground part of the tree orchard. Thus, the canopy is the result of distributing the
crowns in the field following a certain planting pattern. For example, leaf area index is a property of the canopy whereas
leaf area density refers to the crowns.

2 A tree-unit in this study refers to a volume of the hedgerow limited by a length of 1.5 m (i.e. the distance between
consecutive trees). Note that individual crowns are not distinguishable in a hedgerow.
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Where LAl is the leaf area index (m? leaf m™ ground), T is the transmittance of the canopy and Z is the zenith
angle. Knowing that each tree was associated to a ground surface of 6 m?, the plant leaf area was derived and by
dividing by the volume associated to each tree-unit, the average leaf area density resulted into 2.18 + 0.12
m? leaf m™ crown. The parameter X from the ellipsoidal leaf angle distribution (equation 2.2) was calculated
based on data published by Mariscal et al. (2000b) for adult trees (cv. "Picual"). Details about this calculation are
presented in Appendix lll. Optical properties of the leaves were obtained from Mariscal et al. (2000a) for adult
trees (cv. "Arbequina"), averaging values for abaxial and adaxial surfaces. Soil reflectance of PAR was assumed to
be 0.2.

3.2.4. Sensitivity Analysis

3.2.4.1. Parameters

A sensitivity analysis of daily integrated canopy photosynthesis (P,, g CO, m~2 ground day ™) was performed for
18 parameters (table 2.1). In order to perform this analysis, the relevant scientific literature was used to obtain
values for the parameters (i.e. “nominal values” in the analysis). The sensitivity of the model also depends on
the environmental conditions, so four different days from the weather series at “La Harina” in 2011 were
selected (table 2.1) representing days with high and low temperature and solar radiation. Only daily averages
are presented but the original data consisted of averages for periods of 10 min.

The parameters of the stomatal conductance model were obtained from Moriana et al. (2002) for adult trees
(cv. "Picual"). The parameters of the model of biochemical demand of CO, were retrieved from Diaz-Espejo et al.
(2006) for adult and young trees (cv. "Manzanilla"). The activation energy for every parameter in the
photosynthesis model was taken from Bernacchi et al. (2001), except for parameters V. m.x and Jya that were
taken from Diaz-Espejo et al. (2006). In Diaz-Espejo et al. (2006), AH, =H_ and c=AHa/(273R) so the Arrhenius

equation in this work is parameterized only by AH..

3.2.4.2. Sensitivity Indices

The sensitivity of a model output to changes in the values of the parameters can be defined as the partial
derivative of the output of the model with respect to each parameter. In general, the derivative of any function
is not constant over time, except for linear models. A local sensitivity analysis evaluates the sensitivity of the
model at nominal values of the parameters, whereas a global sensitivity analysis defines the sensitivity for a
region of variation of the parameters (Saltelli et al., 2008).

Global sensitivity analysis includes different methodologies, among which the most important are the variance-
based analyses and screening methods (Saltelli et al., 2008). In this study, a screening method, based on
derivatives (Sobol and Kucherenko, 2009), was used. The derivative of function f with respect to parameter x;
evaluated at the point X, can be approximated numerically as:

f(xI,...,xi* (1+A),...,x;)—f(x:,...,xi*,...,x;)
AX

E, (x*):

(2.11)
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Table 2.1: Nominal values of parameters considered in the sensitivity analysis. psoi, Tiear and pjear are the soil reflectance, leaf transmittance
and reflectance of PAR, respectively. g, is the stomatal conductance for null net photosynthesis, a, is the proportionality factor between
net photosynthesis and stomatal conductance, Dy describes the response of stomatal conductance to VPD, T is the CO, compensation
point, B describes the degree of curvature of the response to PAR of the electron transport rate, a is the quantum efficiency, J,.x and V-
max are the maximum rates of electron transport and activity of Rubisco. H,and Hy. are the activation energies of J,,.x and V.. R4 and
Hgq are the reference leaf respiration at 25 °C and its activation energy. X is the parameter of the ellipsoidal leaf angle distribution, LAD is
leaf area density, ¢’ is the ratio between crown height and width. The units in this table correspond to the original units in Maestra and
may differ from the ones used in the rest of the text.

Parameters Units Nominal value Source
Psoil - 0.2 Assumed
Tleaf - 0.001 Mariscal et al. (2000a)
Pleaf - 0.072 Mariscal et al. (2000a)
g0 mol m~ leaf s 0.045 Moriana et al. (2002)
a - 4.53 Moriana et al. (2002)
Do Pa 3500 Moriana et al. (2002)
r pmol CO, mol™ 46 Moriana et al. (2002)
0 - 0.9 Diaz-Espejo et al. (2006)
a mol e (mol PAR)™ 0.2 Diaz-Espejo et al. (2006)
Jmax pmol m~2 leaf s7! 135.5 Diaz-Espejo et al. (2006)
V¢ max pmol m~2 leafs™? 82.7 Diaz-Espejo et al. (2006)
R4 pmol m2 leaf s™* 1.12 Diaz-Espejo et al. (2006)
H, Jmol™ 35 350 Diaz-Espejo et al. (2006)
Hyc Jmol™ 73 680 Diaz-Espejo et al. (2006)
Hra Jmol™ 44 790 Diaz-Espejo et al. (2006)
X - 2.6 Mariscal et al. (2000a)
LAD m? leaf m~ crown 2.15 Measured
c mm™ 1.32 Measured

Table 2.2: Four scenarios chosen from the weather series at La Harina in 2011. T is average air temperature, VPD is average vapor
pressure deficit, Rs is daily solar radiation and AT is daily temperature amplitude.

Scenario Day of Year T(°C) VPD (kPa) | Rs (MJ m~ ground day™) AT (°C)
1 26 7.9 0.2 5.1 7.8
2 128 18.2 1.0 26.3 18.2
3 266 26.7 2.1 26.4 8.4
4 208 31.0 3.5 29.0 20.0

Where A is a small relative variation of parameter i and k is the number of parameters. A was defined for each
parameter as 10°°. This value was chosen as a balance between the accuracy needed in estimating the derivative
and the effects of finite numerical precision in the computation. Since photosynthesis varied throughout the
day, it was simulated for steps of 20 min (see Appendix V for details about the simulations settings) and the
absolute differences were averaged for every scenario and parameter combination:
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Zn: f(x:,...,x: (1+A),...,x;,tj) —f(x:,...,xi*,...,x;,tj)‘

*) = =L
E (x*) —— (2.12)

i

Where n is the number of 20-min intervals between sunrise and sunset for every scenario and t is every 20-min
interval in the simulation. Taking absolute values was necessary as changes in the parameters may increase or
decrease photosynthesis at different moments of the day, the results of which would otherwise (partly) level
out. The global sensitivity index of a parameter i (i ) was calculated as:

n N
ui*=:—‘nz
=1

Where each value of x was generated by a quasi-Monte Carlo sampling procedure (Caflisch, 1998) from the

E (xj)‘% (2.13)

region of variation of each parameter, for a total of N samples (see Appendix V for further details). This index
can be interpreted as “the normalized average of the sensitivity of model output to the parameters, when all the
parameters are varied at the same time within a nominal region”. This index is similar to the one proposed by
Campolongo et al. (2007), but normalizing the results by the nominal values and using the quasi-Monte Carlo
method to sample parameter space. The local sensitivity coefficient was also calculated:

n

sC = Ei(x”)’f(—‘n (2.14)

Where the exponent n refers to the nominal values of the parameter or the model output. The interpretation of
this index is “the relative variation of model output per relative variation of parameter i around its nominal
value”.

3.2.5. Simulation of canopy photosynthesis and net CO: exchange

Simulations of canopy photosynthesis were performed with the model and compared with the calculations of
canopy photosynthesis obtained in the experiment (see Chapter 1) following both strategies. Canopy
photosynthesis was simulated every 5 minutes, dividing the canopy into 9 layers and 12 grid points per layer and
the flux was averaged in periods of 30 min.

To calculate net primary production, the respiration of the trees was needed. The model of photosynthesis
already included leaf respiration, but it was necessary to estimate the respiration for the rest of the organs.
Using allometric coefficients and the biomass of leaves, it was possible to estimated the biomass of the rest of
the organs. The biomass of leaves was deduced from the specific leaf area. Two samples of 100 leaves were
taken, choosing fully expanded leaves distributed throughout the entire canopy. They were sealed into a
refrigerated plastic bag to avoid dehydration in the transport and their surface were measured with an area
meter (model LI-3000, LI-COR Biosciences, Lincoln, NE). They were dried in an oven for 48 h and weighted again
to obtain the dry matter content. The result was a specific leaf area of 50.0 (2.2) 10™* m? (g DM)™.

The biomass stored in the wood of the trees was deduced assuming a wood:leaf ratio of 0.7:0.3 based on the
data published by Mariscal et al. (2000b) and Villalobos et al. (2006). Out of the total woody tissue, 85% was
considered tissue with low metabolic activity and 15% tissue with high metabolic activity (Perez-Priego,
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submitted). The respiration of these tissues was simulated using the model of Lloyd and Taylor (1994) with the
parameters obtained by Perez-Priego et al. (submitted) from chamber measurements:

E, 1 - !
°(20115-T, T+27315-T, (2.15)

Ruooq =W,

wood wood

Rwl18 exp

Where R, is the respiration of wood material (umol CO, m™ ground s"l), W04 is Wwood biomass (kg DM m™
ground), Ry, 1 is respiration per unit of biomass at 18 °C (umol CO, kg DM s7!), and Ey and T, (K) are empirical
parameters. Ry, ;s was 0.06 and 0.95 umol CO, m~2 ground s kg™ DM for low and high activity tissues, E, was
200 and 166 K and T, was 247 and 256 K, respectively. It was assumed that root biomass represented one third
of the total biomass (Mariscal et al., 2000b; Scariano et al., 2008; see Chapter 3), that fine roots represented 2/3
of root biomass and that the respiration per unit of biomass of fine and structural roots was the same as for
wood tissues with high and low metabolic activity. The net primary production was calculated by subtracting
plant respiration from canopy photosynthesis. Assuming a concentration of 50% of carbon in dry matter, it was
possible to calculate the radiation use efficiency (RUE, g DM MJ™ PAR) and potential productivity (g DM m™
ground day™).

3.3. Results

3.3.1. Radiation Interception

The prism with the same volume and height as the real canopy generated a better prediction of PAR beneath
the canopy than the prism with the same volume and width (figure 2.2). The simulations underestimated PAR at
the center of the alley and overestimated slightly PAR beneath the canopy on the west side (last 1.5 meters of
each transect). The predictions of PAR radiation beneath the canopy were in general very accurate. With the
prism that maintained the same volume but fixed the width, PAR on the ground was overestimated beneath the
canopy and underestimated in the center of the alley and the predictions were not very accurate. Based on the
results, the prism with the same volume and height was used for all the simulations.

1500

1000 —

500

PAR (umol photons m s %)

o
1

Distance (m)
Figure 2.2: PAR on the ground at different distances from the row of trees and times of the day (GMT, indicated in the grey headers). The
black solid lines represent the measured values for each distance and time of day, the red dashed lines are the simulations for a prism
with the same volume and height as the real canopy and the green dotted lines for a prism with the same volume and width. The east
direction corresponds to the left side of the plots.
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3.3.2. Sensitivity analysis

To facilitate the interpretation of the results, horizontal bar plots were used to describe the sensitivity to each
parameter and for every index (i.e. local sensitivity, SC; and global sensitivity, ui* for 10% and 20% variation). All
the values are given in table AVI.1 in Appendix VI. The global sensitivity did not vary much for the £10% and
+20% range of variation for most parameters, so only results for £20% are shown for all the scenarios (figure
2.5). The differences among sensitivity indices are shown for scenario 4 (figure 2.2). The parameters LAD, a, 6,
Jmax @and ¢’ had on scenarios 1-3 a much higher influence than I, doi, Psoil, Pieats Tieat» 80, X, Hj, and a1, Vemax Hye, Hra-
In scenario 4, the differences were smaller and the transition from the most influential 5 parameters to the rest
of the parameter was more gradual.

Some parameters showed clear differences in the values of SC; and ui*, such as 6, a or Ry, where the sensitivity of
the model varied greatly with the index being used. In general, the global sensitivity decreased when the range
of variation increased, but that was not always the case (e.g. LAD and go). The different results generated by the
indices did not have a great impact in the ranking of the most influential parameters but it affected the ranking
of parameter with lower influence, such as Hgq and Rq. The global index with +20% variation resulted in a more
equilibrated sensitivity to the different parameters (figure 2.5), whereas the local sensitivity showed a sensitivity
highly concentrated in the most influential parameters. Differences between local and global sensitivity indices
were more important than differences in the range of variation of the global sensitivity indices (figure 2.3). All
values of SC; or p; were smaller than 1, indicating that changes in any parameter always had a less than
proportional effect on photosynthesis. The highest sensitivity was obtained for scenarios 1 and 3 with values of
SC,and ;" up to 0.75.

The parameters of the stomatal conductance model had a very small influence on photosynthesis, which
translates into a small effect of VPD (which only acts through parameter D). The optical properties of the leaves
and soil surface had a negligible effect while canopy structure was very important. As vapor pressure deficit had
a small impact on photosynthesis and since CO, concentration was assumed constant in the simulations,
photosynthesis was determined by leaf temperature and absorbed PAR radiation (figure 2.4A). The average
absorbed PAR radiation for each layer was small in all scenarios, due to high leaf area density (figure 2.4B), so
that only the outer leaves were exposed to high solar radiation fluxes. For the range of values of absorbed PAR
and temperature observed in the simulations, photosynthesis was limited by the rate of electron transport
(figure 2.4A). For higher radiation fluxes (e.g. scenario 4), photosynthesis in the upper layer of the canopy and
during the central hours of the day became limited by the activity of Rubisco (figure 2.4A), which increased the
influence of V. ma in the analysis (figure 2.5), but when all the layers and fluxes during the day are considered,
the overall effect was small. The intercellular CO, concentration was very stable, with a variation of 240-250
pmol CO, mol™ air in the range 15-45 °C and 0-1500 pmol photons m™ leaf s
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Figure 2.3: Comparison of all sensitivity indices applied to daily canopy photosynthesis for scenario 4. SC; represents local sensitivity, J; *

10% and p.i* + 20% represent global sensitivity for a range of variation 10% and 20%, respectively.
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Figure 2.4: A: Contour plot of net leaf photosynthesis (umol CO, m~2 leaf s ) versus photon flux density (PPF) and leaf temperature (T,),
with constant surface CO, concentration (360 umol CO, mol™ air) and vapor pressure deficit (VPD, 3 kPa). The dotted line separates
Rubisco-limited photosynthesis (upper region, R) and light-limited photosynthesis (lower region, E). B: The average absorbed PPF for each
layer in scenario 3 of the sensitivity analysis.
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Figure 2.5: Absolute global sensitivity (£20%) of daily photosynthesis for all scenarios (1 through 4). See table 2.1 for the meaning of the
parameters.

3.3.3. Simulations

The control treatment and the treatment that received normal farm management had very similar values of
predawn leaf water potential at the beginning of the experiment and they both decrease to a minimum value on
DOY 220 (figure 2.6). The predawn leaf water potential at the beginning of the experiment was -0.2 MPa for
both treatments, whereas the minimum was -1.1 MPa for the treatment under farm management and -0.8 MPa
for the control treatment. This means that the irrigation applied to the trees was not sufficient to maintain the
soil water potential in the root zone, even for the control treatment. Part of the decrease could be explained by
a decrease of irrigation during August due to technical problems (see Materials & Methods).
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Figure 2.6: Predawn leaf water potential measured in a tree under control irrigation (red, dashed lines) and farm irrigation (black, solid
line).

The simulations generated by the model were biased with respect to the calculations obtained in the
experiment (figure 2.7B), and the residuals were not distributed symmetrically, with long tails towards lower
values. The median of the residuals between the model and calculated canopy photosynthesis based on strategy
1 was +7.48 (+40%) pmol CO, m™ ground s and for strategy 2 it was -3.66 (-15%) pmol CO, m™ ground s
(figure 2.7B). The standard deviation of the residuals was 4.45 and 4.61 pmol CO, m™ ground s for strategy 1
and 2, respectively. The average standard error of both measurements was 1.8 umol CO, m™ ground s (see
Chapter 1), which indicated that over half of the variance in the residuals was due to structural error in the
model. There was some seasonal variation in the residuals (figure 2.7B), which is represented by in the figure by
a loess regression. A loess regression fits a polynomial to each point in the dataset using weighted least squares,
where the weight for each point is the distance to the point where the fit is being calculated. The loess curve is
the combination of the loess curve for all points. It is a robust method to represent the mean trend of a cloud of
points (Cleveland, 1979).

The seasonal trend of simulated canopy photosynthesis was very similar to the seasonal trend of canopy
photosynthesis calculated following strategy 1 (figure 2.7A), once they were divided by the average flux during
the period 170-190 to remove the systematic deviation between the model and the experiment (figure 2.7B).
The gaps in the measurements due to rejection of low quality eddy covariance fluxes explain part of the very low
relative values in the period between DOY 275 and 300 (i.e. without gaps the decrease of relative
photosynthesis is not so abrupt).

The integration of photosynthesis and plant respiration to the daily scale indicated that the estimated plant
respiration was, on average, 40 + 0.07% of canopy photosynthesis with an average net primary production of
22.2 g CO, m~2 ground day™. Maximum and minimum photosynthesis was 45.0 and 13.9 g CO, m™ ground day ™,
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on days 165 and 297 of the year, respectively. Maximum and minimum plant respiration was 22.1 and 6.7 g CO,
m~2 ground day ™, on days 231 and 298 of the year, respectively. When the net primary production is converted
into production of dry matter aboveground, an average of 7.3 g DM m™ ground day™ is obtained. Note that
trees intercepted, on average, 61% of total incoming PAR and the vertical projection of the canopy covered
47.5% of the soil. Assuming a hypothetical orchard that intercepted all the radiation and had the same radiation
use efficiency, the daily production of dry matter aboveground will increase to 12.0 g DM m™ ground day .
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Figure 2.7: A: Relative daily canopy photosynthesis simulated with Maestra and calculated from the experiment with strategy 1 (net
ecosystem exchange + ecosystem respiration). The original daily values were divided by the average during the period 170-190. B:
Residuals between simulated fluxes and calculated fluxes from the experiment versus time. Green crosses represent the residuals for
strategy 1. Red circles represent the residuals for strategy 2 (net ecosystem exchange + soil respiration + canopy respiration).
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Figure 2.8: Daily radiation use efficiency calculated with the output of the model (RUE, g DM (MJ PAR)_I) of the aboveground part of the
trees (A) and an example of the diurnal trend of simulated canopy photosynthesis (Ps, umol CO, m™ ground s_l), photosynthesis
calculated with strategy 2 (Pm = net ecosystem exchange + soil respiration + canopy respiration) and simulated canopy conductance (G,
mm s) for DOY 191 (B). This example is representative of clear-sky summer days in the simulation.
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The daily radiation use efficiency decreased during the summer (figure 2.8A) to a minimum of 0.40 g DM (MJ
PAR)™ on DOY 231, though this minimum was much lower than the other values observed in the simulation.
After this minimum, the radiation use efficiency rapidly recovered and increased throughout autumn, with a
maximum over 1.42 g DM (MJ PAR)™". This variation was linearly related to daily average temperature (R* = 0.65)

The diurnal trend of canopy photosynthesis simulated by the model and calculated with strategy 2 were quite
similar (figure 2.8B), for clear-sky summer days. Canopy photosynthesis varied little during most of the day with
an average value of 25 pmol CO, m™ ground s™. This pattern was explained by the diurnal evolution of radiation
interception (not shown, but a similar curve to that for photosynthesis in figure 2.8B). The model always
underestimated photosynthesis at the end of the day, which caused the asymmetry in the residuals (figure
2.7B).

The simulated canopy conductance, however, presented a very different diurnal pattern, with an asymmetric
curve that peaked early in the morning, decreasing during the rest of the day. In some days, canopy
conductance recovered partially at the end of the day, and the midday decrease varied from day to day.
However, the maximum value was very constant, with an average of 11.25 + 1.1 mm s . This pattern is very
characteristic of olive orchards (Testi et al., 2008; Villalobos et al., 2000). The variations in canopy conductance
among days were mainly related to vapor pressure deficit whereas the variations in canopy photosynthesis were
mainly related to radiation interception.

3.4. Discussion

3.4.1. Sensitivity analysis

For parameters with high influence, the differences in sensitivity measured by the difference indices were
notable. The choice of the range of variation in the global sensitivity analysis was not as important as choosing
to use a global or local sensitivity analysis. The more extended approached, proposed by Saltelli et al. (2000),
combines sensitivity analysis with uncertainty analysis and the range of each parameter is different and it
depends on the prior uncertainty on the value of each parameter (e.g. Campolongo and Braddock, 1999;
Confalonieri et al., 2010; Richter et al., 2010). However, when that approach is applied, the results depends both
on the sensitivity of the model and the prior uncertainty. In this study, it was preferred to fix the same relative
range of variation for each parameter. However, in order for this approach to be useful one should adjust the
range of variation based on the expectation on how much the parameter might change if calibrated with the
data.

It is clear that the most influential parameters were 8, a, J,.x, ¢’ and LAD, and that there were small differences
among scenarios. These results were obtained even for conditions of low vapor pressure deficits (VPD) and high
solar radiation (i.e. scenario 2 or 3). These results can be explained by the fact that the hedgerows in the orchard
had a high leaf area density and thus most of the leaves were exposed to a small photon flux, below the
saturating levels associated to the hyperbola in equation 2.6. This would also explain the higher sensitivity in
scenarios 1 and 3, which represent days with a higher fraction of diffuse radiation, than in scenarios 2 and 4,
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since diffuse radiation penetrates more efficiently into the canopy allowing shaded leaves to increase their
contribution to canopy photosynthesis.

Leaf optical properties and the angle distribution had a very small influence in the output, as opposed to leaf
area density. Similar results were obtained by Wang and Jarvis (1990b) when simulating a stand of Sitka spruce
with the model Maestro. Using the model Maestra, Luo et al. (2001) reported that canopy photosynthesis of a
loblolly pine stand was more sensitive to a and leaf area than other parameters. lbrom et al. (2006) also
detected a higher sensitivity to a and a non-linear response of photosynthesis to this parameter when
simulating with Maestra stands of Sitka and Norway spruce.

The results of the sensitivity analysis would suggest that the photosynthesis model used in this study could be
simplified into a non-rectangular hyperbola, without great loss of predictive accuracy. However, this
approximation is only valid, in principle, for the canopy structure studied in this work, as canopies with lower
LAD or lower volume will expose a higher fraction of their leaves to a higher radiation flux and limitations due to
Rubisco activity will become more important. Especially on clear-sky summer days with high incoming solar
radiation. The effect of different canopy structures on the sensitivity of photosynthesis to different
environmental factors requires further research.

3.4.2. Simulations

The low predawn leaf water potentials observed in the second half of the experiment could have affected
canopy photosynthesis. Sofo et al. (2008) estimated that the predawn leaf water potential needs to fall below a
threshold of -1.0 MPa before any physiological process starts to be affected. Xiloyannis et al. (1999) reported a
threshold value of -0.9 MPa. However, Ennajeh et al. (2008) observed a decrease in gas exchange already with
predawn leaf water potential of -0.5 MPa.

Photosynthesis is one of the first processes to be affected by water deficit (Sofo et al., 2008), which implies that
some minor water stress may have occurred at the end of the summer, especially on days with high evaporative
demand. Since the model does not account for the effect of water stress, this could be a source of error, though
it would not affect the analysis of model residuals (figure 2.7B) as water potentials were all above -0.7 MPa
during that period of time. The fact that the relative seasonal variation of canopy photosynthesis was similar in
the model and in the measurements suggests that the possible effect of water stress on canopy photosynthesis
was not very important in this experiment.

Given that the simulations of the model were much closer to canopy photosynthesis based on strategy 1, it is
likely that the measurement of nighttime respiration were being greatly underestimated. As discussed in
Chapter 1, the evidence in the literature with respect to this problem is highly diverse, but the presence of
advection during the night could explain the underestimation generated by the method (Baldocchi, 2003).
However, advection fluxes are very site-dependent (Aubinet, 2008) so that a generalization cannot be made
from the results of this study. Indeed, Luo et al. (2001) found a good agreement between simulations with the
model "Maestra" and canopy photosynthesis of a loblolly pine forest calculated with strategy 1. The fact that the
seasonal dynamics were captured adequately by the model indicates that the underestimation of daytime
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ecosystem respiration may be defined as a fixed fraction. Therefore, the underestimation could be corrected by
multiplying by a correction factor which, in this case, has a value of 2 for daily integrated fluxes.

The radiation use efficiency of aboveground growth that has been reported should be taken with caution as it is
influenced by the estimation (not measurement) of the biomass of the different components, and the
assumption that the respiration per unit of biomass is constant throughout the experiment, which could affect
the seasonal dynamics in figure 2.8A. However, Villalobos et al. (2006) observed in a high-density olive orchard
cv. "Arbequina" an average aboveground radiation use efficiency of the aboveground part of the trees of 0.86 g
DM MJ™ PAR in fruit-bearing trees using measurements of cumulative biomass, very similar as the average value
of 0.91 g DM MJ™' PAR in this study. Using measurements of gas exchange at the tree level, Villalobos et al.
(2012) obtained a radiation use efficiency of 0.98 g DM MJ™ PAR for a high-density olive orchard. The daily value
of aboveground biomass production is below the range of 15-25 g DM m™ ground day™" described for crops in
the summer by Goudriaan and van Laar (1994) indicating a lower potential productivity for olive trees, even
when assuming a hypothetical full cover. This agrees with the conclusions of Villalobos et al. (2006) that the
potential production of olive trees is below that of typical C3 crops.

The seasonal and diurnal patterns of canopy photosynthesis agree with the results of a high sensitivity to
absorbed PAR. The diurnal pattern of canopy conductance agrees with previous studies (Testi et al., 2008;
Villalobos et al., 2000) that reported similar values and diurnal pattern. Similar patterns of canopy conductance
have been reported for other tree species (e.g. forest of Nothofagus, Schulze et al.,, 1995; forest of Pinus
pinaster, Gash et al., 1989).

However, the diurnal pattern of canopy photosynthesis is very different from the one reported by Testi et al.
(2008), which presented a peak in the morning and a strong asymmetry (i.e. the same "shape" as the curve of
canopy conductance). Based on their result, they hypothesized that photosynthesis in olive canopies is limited
by radiation at the beginning of the day and by stomatal conductance during the rest of the day. The results of
the experiment at "La Harina" and the simulations in this study are in contradiction with that hypothesis.

It is then assumed, that the aggregation of soil respiration and plant respiration (i.e. strategy 2) gave a more
realistic estimation of canopy photosynthesis than the extrapolation of nighttime ecosystem respiration (i.e.
strategy 1). Still, the model underestimated the observed fluxes by 15% and the residuals were more than twice
the measurement error (see Chapter 1). Also, the fluxes during the two hours before sunset were always
underestimated by the model. The possible sources of these errors are:

1. Canopy photosynthesis may have been underestimated by the model. The results from the
comparison of PAR transmittance suggest that this underestimation should be generated by an underestimation
of leaf photosynthesis, as simulated and measured PAR on the ground of the orchard were very similar. A strong
reduction of the residuals can be expected by modification of 8, a or J.,,, as indicated by the sensitivity analysis.
These modifications could be explained by the following causes:

1.1. A possible vertical variation of specific leaf area and nitrogen concentration that has not
been taken into account in the model. The parameters used in this study were calibrated for leaves exposed to
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the sun (Diaz-Espejo et al., 2006) which would also result into an underestimation of photosynthesis, if
acclimation is an important factor.

1.2. Mesophyll conductance is known to have an effect on photosynthesis of leaves in olive
trees (Diaz-Espejo et al., 2007). The parameters obtained by Diaz-Espejo et al. (2006) did not consider the effect
of mesophyll conductance, and this can cause an underestimation of calibrated J,,.x and V. ma.x (Niinemets et al.,
2001; Flexas et al., 2008). The modification of the model of photosynthesis incorporating the effect of mesophyll
conductance (e.g. Yin and Struik, 2009) could improve the predictions of the model, once all the parameters are
re-estimated.

1.3. Genotype variations may cause a change in the values of the parameters of photosynthesis
(Bernacchi et al., 2001). The parameters used in this study had been estimated for cv. "Manzanilla" and not cv.
"Arbequina". Niinemets et al. (2001) used a value for a of 0.24 and for 6 of 0.85, in simulations of leaf
photosynthesis in a sclerophyllous evergreen Mediterranean tree species (Quercus ilex L.), which indicates that
the values reported by Diaz-Espejo et al. (2006) could be rather low.

2. The overestimation of wood and leaf respiration could explain an underestimation of canopy
photosynthesis following strategy 2. The response to temperature observed by Perez-Priego et al. (submitted)
was taken for cv. “Arbequina” under the same climate. Also, the estimation of respiration of non-photosynthetic
organs in this study is rather conservative, as respiration of fruits was not considered. Leaf respiration measured
by Diaz-Espejo et al. (2006) and used in this study was very similar to the one observed by Perez-Priego et al.
(submitted). The ratio of total plant respiration to canopy photosynthesis was within the range typically
observed in plants (van Oijen et al., 2010). Thus, at least at the beginning of the experiment, plant respiration
was most likely not overestimated.

3. The aggregation of soil respiration to the field level could be biased due to the spatial variability of the
soil. The sampling of soil respiration and the calibration of the models was designed to minimize this bias, by
accounting for location-specific variation of parameters and nonlinear responses to environmental conditions
(see Chapter 1). Since soil respiration differed in the alleys and beneath the canopy, a higher weight of soil
respiration in the alley in the spatial average would reduce the differences between the simulations and the
estimated net canopy exchange.

In summary, the most likely explanations for the differences between the model and the calculations from the
experiment are a possible underestimation of leaf photosynthesis and/or overestimation of soil respiration.
Because it is not clear which is the cause of the systematic error, plus the good agreement with published values
of radiation use efficiency and the correct simulation of the relative seasonal variation, it was considered that
the model of photosynthesis and radiation interception presented in this study performs satisfactorily.

3.5. Conclusions

The following main conclusions have been reached in this study:
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1. Simulations with the model "Maestra" agree with measurements of radiation interception,
independent estimations of radiation use efficiency and canopy photosynthesis calculated as the sum of net
ecosystem exchange, soil and canopy respiration (strategy 2).

2. Canopy photosynthesis calculated from the sum of net ecosystem exchange and ecosystem
respiration was underestimated (strategy 2).

3. The simulations showed that canopy photosynthesis was mainly limited by radiation interception,
though the radiation use efficiency varied seasonally. The average radiation use efficiency, defined for the
aboveground organs, was 0.9 g DM MJ™" PAR.

4. The diurnal curve of canopy photosynthesis was very symmetric in typical clear-sky days and followed
the pattern of absorbed PAR.
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Appendix I. Additional Figures and Tables
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Figure Al.1: Frequency histogram of nighttime friction velocity before and after applying the filters. It shows that most fluxes at low

friction velocities were eliminated by the filters.
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Figure A1.2: Probability density histogram of filtered fluxes during daytime (green, lines from bottom-left to top-right) and nighttime (red,
lines from top-left to bottom-right). The probability density is calculated independently for nighttime and daytime data, so that the bar
height is not in the same scale. The major gaps during the day occur at sunrise and sunset, whereas during the night the proportion of
rejected fluxes increases from sunset to sunrise.
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Figure Al1.3: Maximum likelihood estimation of the parameters of the descriptive model 5 of ecosystem respiration combined with a
Normal probability distribution with homogeneous variance, for increasing sample sizes. The grey areas represent +o around the
maximum likelihood estimation. The samples were selected by a Sobol low-discrepancy sequence without scrambling, using the R
package “randtoolbox” (Dutang and Savicky, 2010). Each sample n+1 contains all the elements of the sample n, plus an additional datum
not contained in sample n, selected as to ensure that the sample was always evenly distributed in time. This figure represents an example
of the convergence of the maximum likelihood estimator towards By, which is approximated by the dashed line. The uncertainty in the
estimation of each parameter also decreases as sample size increases. It can be observed that for samples bigger than 400 data points,
the values of the parameters (and their uncertainties) barely change.
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Figure Al.4: Quadratic approximation to log-likelihood profiles of the first four parameters of model 64 of soil respiration in the alleyls,
bounded for a log-likelihood of 2 units (equivalent to a 95% probability interval with the Normal approximation). The black solid line is
the likelihood profile, the red dashed line the quadratic function approximated to the log-likelihood and the green, dotted line the
curvature predicted by the second partial derivative at the maximum. The quadratic function is a more accurate approximation to the
log-likelihood function than the approximation based on the derivative at the maximum likelihood. For example, the local derivative will
predict a 95% interval for B13 of -4.00 to -3.87, as opposed to -4.25 to -3.40 predicted by the more accurate quadratic approximation. The
intervals for each parameter can always be determined directly from the likelihood functions, but to evaluate the effect of parameter

uncertainty on predictive uncertainty, a probability density function needs to be estimated from the likelihood function in order to apply
Bayesian integration (i.e. equation 1.17).

B Model 64 that includes the effect of soil water content on temperature sensitivity and a seasonal effect on reference
respiration and defines the parameters of reference respiration for each location
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Appendix II. Original formulations of published models

Model 1 is equivalent to equation 1.11 in Lloyd and Taylor (1994)

1 1
R= RlerO(ZSZ{lS—TO T +273.15—T0j (A2.1)

Where Ry, Eg and Ty are equivalent to B4, B, and Bs, respectively. Note however that in this study the reference
temperature was set to 20 °C instead of 10 °C which means that 293.15 should be used instead of 283.15 in the
exponent.

Model 2 is equivalent to the model D2 in Richardson et al. (2006)

R=6,(6, +6,sinJD, +6,cosJD, )" " (A2.2)

Where 0 is used instead of B to describe the empirical parameter and the reference temperature is not
predefined. JD, is equivalent to D in this study.

Model 3 is equivalent to equation A2 and A3 combined in Reichstein et al. (2002) but soil water content was
used instead of relative soil water content and the independent effect of soil water content was taken out

Reco = Reco,ref f (Tsoil ’ RSWC) g (RSWC) (A23)
E (stq[ t 1 ]

f(TsoiI , stc) —e Tet~To T~ To (A2.4)

E, =a+b-RSWC (A2.5)

Where Recoref, @, b, and Ty are equivalent to B; through B,. The function g described an effect of soil water
content on the reference ecosystem respiration. Note that using soil water content instead of relative soil water
content implies dividing RSWC by a constant (range of soil water content in the soil) which would modify
proportionally parameter b (B3) without affecting the calculations of the model.
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Appendix III. Ellipsoidal leaf angle distribution

The G function is defined as the ratio between the projection of leaf area on the plane perpendicular to the
direction of solar beam and the leaf area, and it depends on the leaf angle distribution and solar zenith angle (Z).
The ellipsoidal model assumes that the distribution of leaf angles is equivalent to the distribution of area
elements on the surface of a spheroid'* (Norman and Campbell, 1998), so that the average leaf projections can
be substituted by the projections of the spheroid.

Campbell (1986) used the solar elevation angle (B) in the original formulation of the ellipsoidal leaf angle
distribution, but in this study, the solar zenith angle is used, knowing that sin = cos Z and cos B = sin Z. Also, in
the original formulation the extinction coefficient was calculated, which is equivalent to the G function but
projecting the leaf area on the horizontal plane.

Figure Alll.1: Projection of a sphere (A) on the horizontal plane (A;) and the plane perpendicular to the direction
of solar beams (A,), for a zenith angle Z. A sphere is a special case of spheroid and it is used for simplicity.

The extinction coefficient is defined as

k=Pn (A3.1)
A

Where A is the surface of the spheroid and A, is the projection on the horizontal plane (figure Alll.1). The G
function is

A
G=—+% (A3.2)
A

Where A, is the projection on the plane perpendicular to the solar beam. It follows from trigonometry that

YA spheroid is a surface obtained by rotating an ellipse around one of its axis.
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A, =A cosZ (A3.3)
Thus, the relationship between the extinction coefficient and G is

G=kcosZ (A3.4)

Being aware of these relations, equation A3.2 is transformed into

2
b’ cosZ, Il+a—2tan2 Z
G= b

_ " (A3.5)

Where a and b are the horizontal and vertical radii of the spheroid. For Z =0 rad, the value of G is

nb’
G, = x (A3.6)
And for Z = /2, the value of G is
mab
Gy = (A3.7)

Developing further equation A3.5 gives

22 2
G= || cosZZ+(Ebj sin’Z (A3.8)
A A

And substituting equations A3.6 and A3.7 in equation A3.8 results into

G=,/G,>cos* Z+G,,” sin’ Z (A3.9)

n/2

This expression is valid for any type of spheroid (i.e. any value of a and b) and is much simpler than the original
formulation (equation 2.2). By definition, the parameter X is the ratio between a and b, which in the new
formulation can be expressed as

2 (A3.10)

This formulation allows calculating the parameter X directly from empirical values of G, and G/, as done in this
study with the values published by Mariscal et al. (2000a). For a value of Gy = 0.78 and G, = 0.30 in Mariscal et
al. (2000), X = 2.6.
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Appendix IV. Coupling of stomatal conductance and
photosynthesis

Maestra solves the coupling of stomatal conductance and photosynthesis by applying the method of Leuning
(1990) which can be adapted to any stomatal conductance model based on the model of Ball et al. (1987). This
method yields a quadratic equation that enables calculating A, and A, in equation 2.3 and then the value of A
may be derived. To show the link between the quadratic equation and equations 2.3 through 2.9 in the main
text, the derivation of the analytical solution will be shown in this appendix.

Photosynthesis limited by Rubisco activity (equations 2.3 and 2.4) and photosynthesis limited by electron
transport (equations 2.3 and 2.5) can be expressed in a general form as follows

_JG-L —
A—V[Ci_'_B} R, (A4.1)

Which is equivalent to equation 2.3-2.4 for y=V___ and B=k_ (1+oi /ko) and to equation 2.3-2.5 for y=J/4 and

B=2T.. The only unknown term in the right-hand side of equation A4.1 is C;, as the rest is either known, given
the environmental inputs, or a parameter of the model. Substituting equation 2.8 (supply function) and 2.9
(stomatal conductance) of the main text yields

g +a1A
c.-c *° c-r

s i s

f (A4.2)

Where f= (1+DS/D0)_1 (whereasf =h_ in Leuning (1990)). Stomatal conductance has been defined for CO, fluxes

in this study, but it was defined for H,0 in fluxes in Leuning (1990), being the latter 1.6 times higher due to
higher diffusivity of H,0 molecules. To facilitate the comparison with the original formulation, the constants that
multiply A in the right hand side of equation A4.2 are grouped into the term X

f
X =2 (A4.3)
C T
This is equivalent to equation 16 in Leuning (1990). Rearranging equation A4.2 and considering equation A4.3,
we obtain
Al ——-x ~8, =0 (A4.4)
CS _Ci s0 °

So far we have a function of A and C;, both unknown, but A is a function of C;. Substituting A4.4 for equation A4.1
and expanding the product it results into
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v(c-T.) Ry, _¥X(G-T),

(c+B)(c.-C) C.-C,  c+B (%, ~e.) =0 (A49)

Where the only unknown is C; and thus we do not need additional equations. The following steps are taken to
arrive at an expression equivalent to the original equation given by Leuning (1990). Multiplying all terms by

(Ci +[3) (CS —Ci) results in

V(Ci —F*) ~ Ry (Ci +B) B VX(Ci —F*)(CS _Ci) + (RdX—gso)(Ci +B)(Cs _Ci) =0 (A4.6)

and when the expression is expanded it leads to

YC =yT.=RC —R,B-yCCX +yC?X +yT.C.X -
yr.CX+XR,CC +XR,C - XR,C*-XR,C B~ (A4.7)
gs,OCsCi - gs,OCs:B + gs,OCi2 + gs,OCiIB = O

This can be reorganized into a more generic form

aC’ +bC +c=0 (A4.8)

Where

a=g, +X(y—Rd)

b=(1-CX)(v-R,)+g,(B—C,)-X(RB+VYI.) (A4.9)

c=(C,X~1)(VI. +BR,) —8,,BC,
Equations A4.8 and A4.9 are equivalent to equations 14 and 15 in Leuning (1990) with the difference that the
first term of b and c in the original formula is (1.6—CSX) , because stomatal conductance was defined for H,0O

fluxes.

Equation A4.8 is applied twice to calculate C; for the cases of photosynthesis limited by Rubisco activity and
electron transport. Then, applying equation A4.1, A, and A, are obtained. The larger root is always used. Leaf
temperature influences photosynthesis through the temperature response of the parameters, Ds through the
value of X and C; appears in the terms b and c. Note that, when the assumption of perfect coupling is not made,
one should recalculate iteratively the leaf temperature with the energy balance (i.e. net absorbed solar radiation
must be equal to the sum of sensible and latent heat fluxes). Also, C; and D, should be calculated from CO,
concentration, VPD in the air and the boundary layer conductance.

Baldocchi (1994) derived a cubic equation that included the effect of boundary layer conductance, with a similar
procedure as Leuning (1990), but the approach in model Maestra is to include the effect of the boundary layer
conductance in the energy balance algorithm.
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Appendix V. Quasi-Monte Carlo Integration

Given a continuous function f(x), where x varies in the range [a, b], the average value of I; is

Ij;f(x)dx

=2 A5.1
f b-a ( )

If the primitive of the function is unknown, it can be approximated numerically using quadrature methods (Press
et al., 2007). Different methods exist, but they will always differ from the true value by an integration error. An
efficient quadrature method is the Monte Carlo integration method, as the integration error does not depend
on the dimensions of the function (in this study, the dimensions are the different parameters considered in the
sensitivity analysis). The Monte Carlo method defines the average of f (a function of parameter x) as:

1 N
== f(x;) (A5.2)
N
Where x; are independent and equally distributed random samples from a uniform distribution defined by the
range [a, b] and N is the number of samples. The integration error, ¢, is defined as

£:|If _|N| (A5.3)

Which cannot be evaluated directly as we do not know the value of I;. However, applying the Central Limit
Theorem, the estimation of the integration error is

(A5.4)

Where o(f) is the standard deviation of function values generated by the method. Equation A5.4 shows that the
error decreases with the size of the sample and increases with the variability of the function, but does not
depend on the number of parameters. Note that equation A5.2 can be extended to any number k of parameters

Iy =

zN:f(xlli,...,xk'i) (A5.5)

2|~

Where each value x;, is sampled from an uniform distribution with limits b; and a;. Although the convergence
rate (i.e. how fast does gy decrease) of the Monte Carlo method does not depend on the dimensions of the
problem, it can still be too slow, requiring too many function evaluations before achieving a desired level of
numerical accuracy (Caflisch, 1998). The reason for this is that random samples tend to cluster, leaving regions
of the parameter space unexplored.
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Empirical evidence shows that, for problems with a high number of dimensions, and when the variation
generated by some of the dimensions is small (in the sensitivity analysis, it means a model where some of the
parameters are non-influential); an algorithm with faster convergence rate is the quasi-Monte Carlo method
(Caflisch, 1998). This method uses deterministic sequences of numbers, known as “low discrepancy sequences”
that try to explore the region of variation of each parameter by maximizing uniformity rather than sampling than
drawing samples from an uniform distribution.

Kucherenko et al. (2009) showed that, when calculating derivative-based global sensitivity indices, Sobol low
discrepancy sequences converged faster than the Monte Carlo method or the trajectory-based method of
Morris (1991). However, with a low discrepancy sequence one cannot calculate the integration error (gy), as the
samples are not random. However, a small random perturbation of each value, that still maintains a high
uniformity, allows calculating the integration error. This perturbation is known as “scrambling” and the method
used in this study is that of Owen (1998) as implemented in the R package “randtoolbox” (Dutang and Savicky,
2010).

In this study, a value of N = 200 was used, to reach a relative integration error (i.e. gy/l\) lower than 5% for all
parameters, except for leaf reflectance, were the relative error varied between 15 and 20% in different
scenarios. However, given the small sensitivity of the model to this parameter, it was not considered necessary
to increase the size of the sample.

Prior to the sensitivity analysis, simulations were done with the nominal values of the parameters to determine
the optimal time and spatial resolution of the model, so that a good numerical accuracy in the diurnal
integration of photosynthesis flux was achieved but maintaining computational time within reasonable limits, as
a global sensitivity analysis requires to perform many simulations with the model. The optimal settings were:

- The target crown was divided into three layers, with 12 sectors per layer.

- Diffuse radiation was simulated by integrating for the whole sky hemisphere using 9 zenith angles and
12 azimuth angles.

- Fluxes were calculated every 20 min, using weather data obtained at a time resolution of 10 min.

- To avoid the border effect, a virtual plot with 7 rows and 17 trees per row was created and
photosynthesis was calculated in the tree at the center of the virtual plot.
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Appendix VI. Results of the sensitivity analysis

Table AVI.1: Results of the sensitivity analysis. SC; is the absolute local sensitivity coefficient, ui* 10% and ui* 20% is the global
sensitivity index for variations of 10% and 20% of the parameters. py, Tear and pieas are the soil reflectance and leaf
transmittance and reflectance for PAR radiation, respectively. g, is the stomatal conductance for null net photosynthesis, a, is
the proportionality factor between net photosynthesis and stomatal conductance, D, describes the response of stomatal
conductance to VPD, T is the CO, compensation point, 8 describes the degree of curvature of electron transport response to
absorbed PAR, a is the quantum efficiency, Jn.x and V¢ max are the maximum rate of electron transport and activity of Rubisco,
respectively. Hyand Hy, are the activation energies of J,,,x and V¢ max. X is the parameter of the ellipsoidal leaf angle distribution,
LAD is leaf area density and c’ is the ratio between vertical and horizontal dimensions of the hedgerow.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

P-i* P-i* “-i* P-i* lli* P-i* lli* Hi
SC 10% 20% SC 10% 20% SCi 10% 20% SC 10% 20%

0.00 | 0.00 | 0.00 0.01 | 0.01| 0.01 0.00 | 0.00 | 0.00 0.00 | 0.01 | 0.00

Psoil

Tt 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00

Oleat 0.03 | 0.04 | 0.04 0.04 | 0.04 | 0.03 0.03 | 0.04 | 0.03 0.05 | 0.04 | 0.03
£ 0.01 | 0.01 | 0.01 0.02 | 0.03 | 0.04 0.02 | 0.03 | 0.03 0.06 | 0.09 | 0.11
a, 0.02 | 0.02 | 0.02 0.04 | 0.06 | 0.06 0.03 | 0.04 | 0.04 0.08 | 0.10 | 0.09
D, 0.01 | 0.01 | 0.01 0.02 | 0.02 | 0.03 0.01 | 0.01 | 0.02 0.05 | 0.06 | 0.05
r 0.01 | 0.01 | o0.01 0.02 | 0.01 | 0.01 0.01 | 0.01| 0.01 0.02 | 0.02 | 0.02

0 0.29 | 0.33 | 0.24 0.58 | 0.42 | 0.26 037 | 036 | 0.25 0.42 | 033 | 0.19

0.86 | 0.75 | 0.70 0.66 | 0.56 | 0.47 0.88 | 0.74 | 0.65 0.76 | 0.62 | 0.49

a

. 0.08 | 0.18 | 0.19 0.27 | 031 | 0.28 0.10 | 0.18 | 0.20 0.12 | 0.17 | 0.16

Ve o 0.06 | 0.03 | 0.03 0.01 | 0.02 | 0.05 0.00 | 0.00 | 0.00 0.00 | 0.01| 0.06
Ry 0.16 | 0.08 | 0.08 0.15 | 0.06 | 0.06 0.24 | 0.09 | 0.08 0.28 | 0.10 | 0.09
H, 0.06 | 0.12 | 0.12 0.06 | 0.06 | 0.05 0.02 | 0.03 | 0.02 0.05 | 0.07 | 0.05
™ 0.08 | 0.04 | 0.03 0.01 | 0.01| 0.01 0.00 | 0.00 | 0.00 0.00 | 0.01| 0.05
Heg 0.16 | 0.07 | 0.07 0.06 | 0.03 | 0.02 0.17 | 0.02 | 0.02 0.18 | 0.07 | 0.06
X 0.03 | 0.04 | 0.04 0.04 | 0.04 | 0.04 0.03 | 0.04 | 0.04 0.05 | 0.04 | 0.03
tap | 0-22| 0.21 | 0.27 0.29 | 030 | 0.35 0.27 | 0.22 | 0.29 0.37 | 0.28 | 0.34
¢ 0.09 | 0.20 | 0.17 0.12 | 0.17 | 0.14 0.07 | 0.19 | 0.15 0.12 | 0.18 | 0.14
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