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Tree transpiration is an important plant-physiological process that influences the water cycle, thereby
influencing ecosystems and even the quantity of available water resources. However, direct tree-
transpiration measurements, particularly at large spatial scales, are still rare, due to the complexities
associated with natural ecosystems. In this study we describe a scaling-up method for quantifying dry-
season tree transpiration (T¢) of the Sardén catchment, located in Central-Western Spain, 50 km west of

Is(ey"‘f’lords" i Salamanca. The method is applied to an oak woodland in that catchment which is dominated by two
Tigjr;ssi‘;:\iicc?nmg_up tree species: evergreen Quercus ilex and deciduous Quercus pyrenaica (Q.i. and Q.p., respectively). The

HFD method comprises five complementary steps: (a) sap-flux density (J,) measurement; (b) definition of
biometric-upscaling functions; (c) spatial scaling-up of tree transpiration using high-resolution remote-
sensing-derived object attributes (50-60 cm per pixel); (d) modelling of dry-season temporal sap-flow
variability; and (e) an assessment of the robustness/uncertainty of the method. The proposed method was
applied to assess dry-season tree transpiration, however if there is appropriate sap flow data available,
it can also be applied during any season of the year. The application of the proposed method to map tree
transpiration in the Sardén catchment resulted in a mean J, = 58.4 cm® cm—2 day~! for Q.p., characterized
by tree density of 19 treesha-1, and a mean J, =37.1 cm® cm~2 day~! for Q.i., characterized by tree density
of 4 trees ha~1. The J, data varied as dependent on the weather conditions and not on the change of soil
moisture. The mean normalised tree transpiration (T;) estimated per species, was also higher for Q.p.
(1.19mmday~! +8%) than for Q.i. (0.83 mm day~! +£25%) trees. The remote-sensing scaling up of tree
transpiration for the Sardén catchment resulted in a low mean dry-season T. =0.045 mm day~! (£1%)
typical for water limited environments with sparse tree coverage (average ~7%). In that T;, Q.p. repre-
sented 79%, whereas Q.i. 21%. The dry-season T, varied spatially at 1 ha resolution but barely temporally
throughout the dry season. The obtained T, maps can be readily used as input for distributed models in
water resources and land management decision-making.

Quercus ilex
Quercus pyrenaica
Semi-arid open-forest

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Assessment of tree transpiration between and within differ-
ent biophysical scales in the soil-plant-atmosphere continuum
is an appropriate approach for understanding the role vegetation
plays in hydrology (Lubczynski, 2000, 2009; David et al., 2004;
Hernandez-Santana et al., 2009). Accurate quantification of tran-
spiration dynamics is crucial in fields such as water resources
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assessment (Lubczynski, 2000, 2009), forest management (Brown
etal., 2005), agricultural practices (Lu et al., 2002), and for acquiring
a better understanding of climate change (Martinez-Vilalta et al.,
2002), to mention just a few. Diverse approaches to measure tran-
spiration in situ (Cermak et al., 1982; David et al., 2007; Devitt et al.,
1993; Hernandez-Santana et al., 2008a) and/or indirectly (Calder,
1978; Caspari et al., 1993; Moore et al., 2008; Verbeeck et al., 2007)
have been reported in the literature. The challenge still remains,
however, to represent transpiration at higher, for example, catch-
ment scales.

Typically, the tree transpiration studies have attempted to quan-
tify transpiration of stands of pristine, semi-natural or cultivated
forests (Cermék and Kucera, 1990; Hatton and Wu, 1995; Granier
etal., 1996; Vertessy et al., 1997; Kostner et al., 1998; Wullschleger
et al., 1998; Lundblad and Lindroth, 2002; Ford et al., 2007; Nagler
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et al,, 2007), the vegetation cover of which was closed and dom-
inated by tree canopies. In such stands, the classical procedure is
to establish species-specific, mathematical functions, relating sap
flow with the stem size based on some few measurements of the
selected trees. Such functions allow the inference of transpiration
for the trees not measured (Cermak et al., 2004). Such approach can
be technically complicated and thus of limited use for large scale
studies of sparse forests in water-limited environments (WLEs),
such as Mediterranean dehesas in Spain (Lubczynski and Gurwin,
2005; Reyes-Acosta and Lubczynski, 2012) or the savannahs of the
Kalahari (Kimani et al., 2007; Chavarro et al., 2009). Those forests
are characterized by highly variable tree sizes and sparsely located
trees (distance between trees can be >10m), which makes direct
data collection and the establishment of a robust mathematical
relations between biometric characteristics and sap flow difficult,
and the acquisition of all the stem characteristics necessary for
scaling up large areas, practically impossible. Therefore a reliable
alternative is to use remote sensing for scaling tree sap flow mea-
surements.

The remote sensing based scaling up of tree sap flow mea-
surements has been demonstrated already by Cermak and Kucera
(1990) who argued that such scaling up procedure is a good alter-
native for estimating tree transpiration at high spatial scales. They
described an approach focused on determining a mathematical
relation between sap flow and reflectance of the foliage of canopies
in the near-infrared region of the spectrum (band 7 from multispec-
tral images acquired with a double lens reflex camera).

More recently, Boegh et al. (1999), Nagler et al. (2007), Murray
et al. (2009) and Crist6bal et al. (2011) have further explored the
possibilities of using remotely sensed images to quantify evapo-
transpiration at large scales (ET) by using vegetation indices, for
example the Normalized Difference Vegetation Index (NDVI) and
the Enhanced Vegetation Index (EVI). Boegh et al. (1999) cal-
culated these indices using Landsat-TM and Spot images (20 m
spatial resolution). Nagler et al. (2007) and Murray et al. (2009)
used images from the Moderate Resolution Imaging Spectrome-
ter (MODIS) (250 m spatial resolution), whereas Cristébal et al.
(2011) used a combination of both. Boegh et al. (1999) proposed
that the status of such indices can be mathematically related to
transpiration (T), while Nagler et al. (2007), Murray et al. (2009),
Crist6bal et al. (2011) have argued that they can be related to ET.
Each of these five studies, however, is based on the electromag-
netic properties of the vegetation and not on the attributes of the
objects in the images: size, shape, colour, and compactness, for
example. Furthermore, the spatial resolution of these Landsat-TM,
Spot and MODIS images do not allow the definition of individual
canopies. In addition, the approach using MODIS cannot discrimi-
nate yet between evaporation and transpiration; and the associated
errors are 20-30% (Nagler et al., 2007; Murray et al., 2009; Cristébal
etal., 2011). All these factors reduce the applicability of vegetation
indexes derived from electromagnetic properties to quantify T in
sparse vegetation areas of WLEs.

As the spatial resolution of satellite-based products has signif-
icantly increased during the last decade, high-resolution remotely
sensed images are now readily available for detecting object
attributes of single canopies, facilitating the mapping of transpi-
ration in large catchment scales. The remote-sensing method of
scaling-up sap flow measurements for transpiration mapping is
especially suitable for quantifying transpiration of sparse vege-
tation composed of a small amount of tree species (Lubczynski,
2009), so that the probability of misclassification of tree species
is minimized (Kimani et al., 2007; Lubczynski, 2009; Chavarro
et al., 2009). The first attempt to use object attributes from high-
spatial resolution remotely sensed images to scale up sap flow
measurements in the Kalahari Desert was reported by Chavarro
et al. (2009). They demonstrated that the main advantage of

scaling-up single-tree sap flow measurements to large scale esti-
mates using high-resolution images, was the higher accuracy and
resolution of the tree transpiration estimates (tree level). In our
study, we have further developed and evaluated this approach
by: (i) correlating canopy areas defined from satellite imageries
with sapwood areas and not with sap flow measurements fol-
lowing Lubczynski (2009); (ii) including radial and azimuthal sap
flux density measurements (J,;) in the scaling-up process after
Reyes-Acosta and Lubczynski (2012), and by (iii) evaluating its
uncertainty.

The aims of our study were: (a) to scale-up tree transpiration
estimates in mmday~!, to a grid of 1 ha resolution, based on in-
situ sap flow measurements of individual evergreen (Quercus ilex
subsp. ballota) and deciduous (Quercus pyrenaica Wild) oak trees
(Q.i. and Q.p., respectively) to represent spatial variability of tree
transpiration at the stand and catchment scales; (b) to simulate
the temporal variability of sap flow (Qs) during the dry-season and
describe its implications for spatial transpiration estimates; and
finally (c) to evaluate the robustness and uncertainties of scaling
up transpiration by using attributes derived from identified objects
in remotely sensed images.

To our knowledge, this is the first description reported in the lit-
erature of tree-transpiration mapping at the catchment scale based
on the scaling up of sap flow measurements using object attributes
identified in remotely-sensed images. This study is part of a larger
hydrological research programme focusing on the spatiotempo-
ral variability of subsurface water fluxes in the Sardén catchment
(Central-Western Spain), which is currently being carried out by
the Water Resources Department of the Faculty of Geo-information
Science and Earth Observation (ITC) of the University of Twente.

2. Materials and methods

The tree transpiration of the Sardén catchment was quantified
spatially by combining two complementary steps: (a) sap flow mea-
surement, and (b) the spatial scaling up of the sapwood area of
individual trees using object attributes identified in high-resolution
remotely sensed images. These steps are described in the following
sections.

In our study we have focused on the dry season because sap flow
data collected during this period is typically the most relevant for
(and demanded by) hydrologists (Lubczynski, 2009). Therefore, in
this study, the dry season conditions were analyzed and standard-
ized as follows: absence of rainfall, continuous periods of clear-sky
days, daily peaks of solar radiation >700W m~2, and maximum
daily vapour pressure deficits >1.5 kPa. The sap flow measurements
and tree transpiration maps obtained in this study are assumed to
be valid under such standardized conditions.

2.1. Study area

This study was developed in the Sardén catchment ~80km?
(Fig. 1), which is characterized by low population density and,
with that, equally low levels of human impact (Lubczynski and
Gurwin, 2005). The climate of the Sardén study area is semi-arid,
with a mean rainfall of ~500mmyr~! (Lubczynski and Gurwin,
2005). The warmest and the driest months are July and August,
with an average temperature of 22 °C, potential evapotranspiration
(PET) of 5mmday~! calculated from the Penman-Monteith equa-
tion (Allen et al., 1998) and rainfall <3 mmmonth~! (Lubczynski
and Gurwin, 2005). The bare soil evaporation during dry season is
~0.55mmaday~!, as estimated by a liquid and vapour water flow
model calibrated against soil moisture measurements (Balugani
etal, 2011).
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Fig. 1. “QuickBird” image of 60 cm resolution (pan-sharpened) in false colour composition with bands 4-2-1 acquired on 9th August 2009 for the Sardén catchment. The
vegetation is highlighted in red by the near-infrared band 4 (the red semi-circles are grasses cultivated for pasture). Additional spatial features indicate the locations of data
acquisition (meteorological data, tree-biometrics, etc.) and the main river streams are indicated in blue. (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of the article.)

The Sardén catchment is composed of massive, fractured and
weathered granites with inclusions of schists and gneisses. The
superficial, weathered, unconsolidated material is only a few
metres thick and is widely intercalated by solid granite outcrops.
The water-table is hydraulically connected to intermittent streams
in valleys and at topographic elevations rests some few metres
below the ground surface. The study area is a woodland with
scattered patches of woody-shrub vegetation (Cytisus scoparius,
also known as Scotch Broom) and a semi-natural open forest
containing two dominant tree species: the evergreen oak Quer-
cus ilex (Q.i.) subsp. ballota Desf. (Samp.) and the broad-leafed
deciduous oak Quercus pyrenaica (Q.p.) wild. Q.i. trees have small
sclerified leaves and are well adapted to drought stress (Manes
et al., 2006), whereas Q.p. trees have broad lobulated leaves and
grow better in sub-humid/humid environments, although they
also tolerate dry conditions (Hernandez-Santana et al., 2008b). The

understory vegetation in the Sardén catchment is mainly composed
of summer-annual grasses that wilt during the dry season, there-
fore their dry season water uptake was considered negligible in this
study.

The climatic conditions of the Sardén catchment during summer
are characteristic of a WLE. Sap flow measurement under such WLE
conditions is challenging due to the sensitivity of the measurement
techniques to a number of potential inaccuracies, summarized in
Section 2.3.

2.2. Measurement of biometric characteristics

The biometric characteristics of oak trees in the Sardén area
were surveyed for use in the scaling-up process. A full descrip-
tion of the survey design can be found in Reyes-Acosta and
Lubczynski (2012). The survey focused on obtaining the biometric
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characteristics necessary to define the attributes of the tree popula-
tion, for example: diameter at breast height (DBH), cross-sectional
area of the tree stem, (As), ground projected canopy area (A¢) and
sapwood area (Ax). These measurements were obtained from 90 Q.i.
and 84 Q.p. trees (see Fig. 1 for their location) and further processed
to statistically define the tree-size categories (i.e. structure of the
population). In this study the Ay was selected as an appropriate
parameter to define the population structure for scaling up transpi-
ration because it has been related to the state of growth of the trees
(Gea-Izquierdo et al., 2009) and has a low temporal variability. The
Ay scaled parameter was calculated by determining the depth of the
sapwood in the stems using two techniques, namely: visual inspec-
tion of dyed wood-cores and by measuring depth-wise sap flux
densities using the heat field deformation (HFD) method. The cor-
responding A. scalar was defined by estimating the projected area
of the canopy with a minimum of two transects across the ground
demarcated by 90° angles with a clinometer. For further details
on the Ay and A measuring field-campaign, see Reyes-Acosta and
Lubczynski (2012).

2.3. Sap flow measurements

Sap flow measurement (Qs) is a widely used method for quan-
tifying whole-plant water use (Lu et al.,, 2004) and can express
transpiration fluxes, provided stem storage can be neglected. Qs
measurement consists of separate measurements of sap flux den-
sity (Jp) and sapwood (xylem) area Ay (Cermak et al., 2004; Granier,
1985; Lu et al., 2004; Lubczynski, 2009), following Eq. (1):

Qsz_/p x Ax (1)

where Jp is typically expressed in cm® cm~2 h~! and xylem area (Ax)
in cm?2. In this study, Qs was measured in Q.i. and Q.p. trees during
monitoring campaigns conducted in the summer of 2009 and 2010
using thermal dissipation probes (TDPs) and heat field dissipation
(HFD) sensors, as presented in Reyes-Acosta and Lubczynski (2012).
Depending on the DBH of each tree, one to three TDPs were used.

The TDP method has been widely used in many studies (Chu
etal., 2009; Granier, 1987; Kostner et al., 1998; Lu et al., 2004; Paco
et al., 2009; Regalado et al., 2009) and features an empirical but
widely tested calibration to relate measured temperature differ-
ences between two thermocouples (one heated and the other not)
inserted in the sapwood (AT in °C) at 10 cm distance, with sap flux
density Jp (in cm? cm~2 h~1) (Granier, 1985). The TDP method has a
good validation record for oak species (Granier et al., 1994). How-
ever, considering that the 2 cm sensing length of the standard TDP
probes was not sufficient to cover the entire depth of the investi-
gated oaks (sapwood depth >2 cm), additional radial measurements
were necessary to properly quantify sap flow (check Reyes-Acosta
and Lubczynski (2012) for the reported sapwood depths larger than
2cm).

Such measurements were made with HFD sensors (ICT Inter-
national, Armidale, NSW, Australia). The HFD sensors have 8
measuring points each spaced 1 cm apart, starting at 0.5 cm through
7.5 cm sensing depth. The HFD method determines J, based on the
spatial deformation of a heat field around a linear heater (placed
tangentially in the sapwood of the tree being studied), represented
by the ratio of the measured temperature differences symmetri-
cally (6Tsym) and asymmetrically (8Tqsym) (Nadezhdina et al., 1998,
2002, 2012). To determine the radial and azimuthal sap-flow vari-
ations in the sampled trees, two HFD sensors were used at the
same time for two days at opposite azimuths, and then rotated to
measure the other opposite azimuths for additional two days. Both
species, Q.i. and Q.p., presented significant radial variations deeper
than 2 cm and also azimuthal variations. More information on the
fieldwork setup and on the assessment of the radial and azimuthal
variabilities can be found in Reyes-Acosta and Lubczynski (2012).

The objective behind combining the TDP and the HFD methods
was to optimise sap flow measurement by taking advantage of the
robustness and cost-effectiveness of TDP sensors, and the enhanced
xylem-depths resolution of HFD sensors, which unfortunately are
of limited use because of their high cost. The applied optimisa-
tion allowed handling the three types of common TDP inaccuracies,
related to: (1) biases from the influence of natural thermal gradi-
ents (NTGs) (Do and Rocheteau, 2002a,b; Lu et al., 2004; Lubczynski
etal.,2012; Reyes-Acostaetal.,2012); (2) radial and azimuthal vari-
ability of J, (Nadezhdina et al., 2002; Poyatos et al., 2007); and (3)
night-flow in trees and related uncertainty in the assumption of a
ATmax value (Reyes-Acosta and Lubczynski, 2012).

The trees assigned for sap flow measurements were selected
by: (1) determining their size category; (2) making sure they had
symmetrical stems; and (3) verifying that they did not present any
apparent sign of decay (hollow trunks) and/or illness (e.g. pres-
ence of infected black tissue in core samples). To properly account
for tree-size variability in the population, but with minimum
amount of measurements, the TDP and HFD sap flow measurements
followed a stratified sampling scheme. The stratified sampling
comprised distributing a 10-trees sample between the tree-size
categories established from the biometric measurements of Ay and
measuring the corresponding J, for each of those categories. Next
the J, and the sap flux density for the outermost 2 cm of the xylem
(p2cm) were plotted against corresponding Ay as in Fig. 2. In this
figure, based on J,2m, an arbitrary categorization of the sap flux
density as dependent on Ay has been made. The assigned Jp2cm
categories were as follow: (1) “Small”, for Q.i. trees trees with
Ay < 300cm? and for Q.p. with Ay < 200cm?; (2) “Medium” for
Q.i. trees with 300cm? < A, <400cm? and for Q.p. with 200 cm?
<Ax<400cm?; and (3) “large” for both tree species with Ay >
400 cm?.

2.4. Modelling of temporal sap-flow variability

The sap flow data obtained was limited to short campaigns of
continuous daily measurements at 10 min intervals during differ-
ent time periods of the dry season, due to technical and logistics
limitations. To be able to provide transpiration maps throughout
the dry season, it was therefore necessary to extrapolate tempo-
rally the available data. Several modelling techniques to simulate
sap flow measurements have been reviewed, each with different
levels of accuracy and complexity (Liu et al., 2009; O’Brien et al.,
2004; Stohr and Lésch, 2004; Verbeeck et al., 2007; Wheeler and
Stroock, 2008; Whitley et al., 2009; Williams et al., 2001). We
selected two modelling approaches that use typically measured
climatic variables, namely: (1) a simple empirical micro-climatic
model as described by Cienciala et al. (2000); and (2) artificial neu-
ral networks (ANNSs) (Liu et al., 2009; Whitley et al., 2009). These
two approaches were tested using customized scripts in MATLAB to
choose the one that best simulated the available time-series data.

The empirical approach proposed by Cienciala et al. (2000) is
based on combining the non- linear response of Qs to short-wave
radiation and air relative-humidity, using the following equation:

aRs
[(c+Rs) x (100 — b x RH)]

where a, b, c are fitted parameters, R; is the short wave incom-
ing solar radiation (W m~2) and RH (%) is the air relative-humidity.
The parameters a-c were first optimized to follow seven continu-
ous days of Qs measurements of Q.i. and seven days of Q.p. in each
tree size-category. Afterwards, the model was used to calculate Qg
throughout the dry season to assess its accuracy as compared to
the ANN.

The ANN is a purely statistically based response of Qs to the
meteorological forcing on a time-step basis (Abramowitz, 2005).

Qs = (2)
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Fig. 2. Variability of two types of daily sap-flux density, the first averaged across whole xylem depths (0.5-7.5 cm) (J,) and the second averaged across 2 cm xylem depth
(Up2em)-Jp and Jp2cm are expressed as a function of the xylem area (A ) for (a) Q.i. and (b) Q.p. trees.

The ANN was built and optimized as described by Liu et al. (2009),
using seven non-continuous days of Q; measurements for training
of the network. In our study, the ANN model included a vapour pres-
sure deficit (VPD) of 2 m height, VPD of 6 m height, Rs, RH and wind
speed (Ws) of 10 m height as the input variables (all normalized);
Qs was the output variable. The soil moisture component was not
used as it was the case in the study of Liu et al. (2009), because the
Qs did not respond to the soil moisture dynamics during the dry
season. The shallow water-table and the significant length of the
roots of Q.i. and Q.p. trees, likely tapping groundwater whenever
demanded, explain the negligible response of Qs to soil moisture
variability. Therefore, it was safe to assume that the dry season
tree-transpiration in the Sardén catchment was driven mainly by
the variation in climatic conditions.

The structure of the ANN models for simulating Qs in Q.i. and
Q.p. consisted of three neural layers: an input layer, a hidden layer,
and an output layer. The transfer functions used for the hidden
and output layers are, hyperbolic-tangent-sigmoid transfer func-
tion (tan-sig) and logarithmic-sigmoid transfer function (log-sig),
respectively, as described by Liu et al. (2009). After deriving Q.i.
and Q.p. ANN models, they were used to calculate Qs throughout
the entire dry season.

For validating both modelling techniques, the Qs outputs were
compared to Qs measurements from 6 additional dry-season
days (fulfilling dry-season standard) using the assessment pro-
cedure described by Ritter et al. (2011). They proposed to use
the Nash Sutcliffe Efficiency (Ceff) index (McCuen et al., 2006)
in a goodness-of-fit evaluation protocol referred as FITEVAL. The
FITEVAL procedure is programmed in MATLAB and combines the
calculation of various error indices to evaluate the performance of
the model versus real Qs measurements, taking into consideration
the effect of outliers and providing a probability density function
to better discriminate the agreement between modelled and real
Qs. The final result is a probability distribution of the Ceff index
typically between 0 and 1 (1 =best fit), ranked by four categories
as follows: “very good” (Ceff=0.9-1), “good” (Ceff=0.8-0.899),
“acceptable” (Ceff=0.65-0.799) and “Unsatisfactory” (Ceff <0.650).

2.5. Remote sensing tree classification

In the Sardén catchment there are two different oak tree species,
Q.i. and Q.p., that had to be classified applying remote sensing
technique. This was done by combining: (1) a supervised classi-
fication; (2) an object-oriented classification; and (3) a comparison
of seasonal variation of the two tree species. The classification was

applied on two satellite images of high spatial resolution (60-40 cm
per pixel), acquired in two different seasons, namely: a QuickBird
image during the 2009 (August) dry season and a WorldView-
Il image during the 2010 (December) wet season. Both satellite
images were 4-bands multispectral, orthorectified, pan-sharpened
and obtained with 0% cloud cover and a <10° nadir.

The first step of supervised classification using the 2009 Quick-
Bird image of dry season did not yield sufficient accuracy. The
second step of object-oriented classification improved the accuracy
but still there was partial overlap of the electromagnetic spec-
tra of Q.p. and Q.i. trees, in addition to their confusingly similar
canopy shapes. Therefore, as Q.i. is an evergreen species and Q.p. is
adeciduous species, an additional winter-season image was used to
discriminate between leafless Q.p. and Q.i. The map obtained after
the tree-species classificationis referred below as the “classification
map”.

In the first step, the images were processed by a supervised clas-
sification using the ERDAS Imagine software to delineate the areas
covered by tree canopies, as described by Ehlers et al. (2003). The
supervised classification used the electromagnetic spectral values
of the green, red and near infrared bands, which are sensitive to
chlorophyll in vegetation (Janssen et al., 2001). The classification
algorithms were trained by using the trees identified in the field
survey (90 for Q.i. and 84 for Q.p.). The results of the supervised
classification contained the tree canopy area coverage, but without
distinction of species type at this stage.

In the second step of an object-oriented classification, spectral
information and canopy shapes (object attributes) were used to dis-
criminate between Q.i. or Q.p. species and to filter out other plants
such as grasses and shrubs (Baatz et al., 2001; Dorren et al., 2003;
Kimani et al., 2007). A multi-resolution segmentation algorithm
and fine-tuning of the classification attributes (shape and com-
pactness) was sufficient to define and delineate the tree canopies,
thanks to the sharp contrast with the background (granitic soil in
open woodland). The classified canopies were further smoothed
using a morphology algorithm to reshape odd canopy shapes. To
apply the classification algorithm, the image was divided into tiles
of 1 ha area, batch processed with the classification algorithm and
finally merged back into one single image using eCognition devel-
oper 8.7 (Trimble Germany GmbH). Dividing the image into tiles
for batch-processing was necessary to reduce computing load and
processing time. The object-oriented tree classification of the 2009
image, including both Q.i. and Q.p. species, resulted in an overall
accuracy of 70%. This level of accuracy was considered insufficient
for the transpiration scaling-up exercise, and thus the second image
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during winter time (WorldView-II) was used to define the canopies
of Q.i. only, as Q.p. had no leaves during this period. The object-
oriented tree classification of the 2010 image was obtained using
the same image processing as the 2009 image with overall accuracy
of ~95%.

In the final step to achieve the highest possible classification
accuracy, the results of the object-based classifications of the 2009
Quickbird dry-season image and of the 2010 WorldView-II wet-
seasonimage were cross-referenced using the spatial-selection tool
of ArcMap 10 (ESRI, Inc.). In this way, the information about Q.i. in
the 2010 map was transferred into the target classification map of
the 2009. To execute the spatial-selection tool, the 2009 classifica-
tion map was used as the “target” to assign the Q.i. trees present in
the 2010 classification map, which was defined as the “source”. The
re-classification of misclassified Q.i. tree canopies was carried out
directly in the “Attribute Table” of the map. Likewise, Q.p. canopies
misclassified as Q.i., and identified by their absence from the 2010
classification map, were re-assigned as well. The resulting vector
layer was a tree-species classification map of Q.i. and Q.p. contain-
ing canopy areas classified per species for all the trees in the Sardén
catchment. Such a classification map of Mediterranean Quercus sp.
species can be considered as valid for several years because the
change of the vegetation coverage in Mediterranean forests is nat-
urally slow, a result of the dry inter-annual conditions that limit
the growth rate (Corcuera et al., 2004; Hernandez-Santana et al.,
2009) and limited human intervention in the Sardén catchment
(Lubczynski and Gurwin, 2005).

2.6. Accuracy assessment of the tree classification

To validate the tree-classification of Q.i. and Q.p., an accuracy
assessment was applied as described by Congalton (1991). This
accuracy assessment is based on the elaboration of an error matrix
and the calculation of four accuracy indexes: (1) overall accuracy,
(2) user’s accuracy, (3) producer’s accuracy, and (4) the Kappa
coefficient. This assessment procedure has been used extensively
with diverse types of land cover thematic maps (Giles, 2002), and
for tree-species classifications derived from remotely sensed data
(Carreiras et al., 2006; Kimani et al., 2007).

To populate the error matrix, a large data set of ground-control
points is needed (see Fig. 1). Dividing the area into sample plots
(Stehman and Czaplewski, 1998) and elaborating error matrices
with ground-control points of those plots (Hay, 1979) is a common
practice for the evaluation of land-cover maps (Giles, 2002). We
used a simple random sampling for the whole catchment (Stehman
and Czaplewski, 1998), since conditions were quite uniform across
the relatively small catchment (~80 km?). 800 tree ground control
points (128 for Q.i. and 672 for Q.p.) were selected randomly from
trees located in 4 macro-plots established for the biometric survey
(Reyes-Acosta and Lubczynski, 2012). Additional to those 800 trees,
208 trees were used in the training of the classification algorithms
for both species. The 800 ground-control points were compared
with the classification map using the spatial-join tool, and evalu-
ated with a Boolean expression to quantify the matching records
as follows: if the ground-control points species was the same as in
the map classification, then the expression was =1, if false =0. The
results of this procedure were used to fill the error matrix by total-
ising the correctly classified and misclassified trees. Once the error
matrix was filled (Table 2), the “overall accuracy”, “user’s accuracy”,
“producer’s accuracy”, and Kappa coefficient indexes were calcu-
lated using 800 ground-control points following the equations of
Giles (2002) as bellow:

q

Lon
overall accuracy = =15 . 100% 3)
n

where “overall accuracy” is a straightforward index of the overall
accuracy in the analysed map layer, q is the number of species cat-
egories, s is a species-specific category index, Z?:]nss is the sum
of all correctly classified tree canopies, n is the total number of
ground-control points used in the assessment.

user’s accuracy = Iss (4)
Nsy

where “user’s accuracy” is a measure of commission error of the
classified categories indicative of the probability that a classified
canopy actually represents that species category on the ground
(Story and Congalton, 1986); s is a species-specific category index,
ngs is the total number of correctly classified canopies in a species
category; and n. is the total number of classified canopies that
were classified in that species-specific category (Congalton, 1991;
Giles, 2002).

producer’s accuracy = Iss (5)
Nys

where “producer’s accuracy” is a measure of omission error of the
classified categories, indicating the probability of a ground point
to be correctly classified in a species-specific category (s); ng is
the total number of correctly classified canopies in a species cat-
egory; and n.s is the total number of ground-recognised canopies
that were classified in that species-specific category (Congalton,
1991; Giles, 2002).

Additionally, the Kappa Index of Agreement (KIA) was calcu-
lated to account for the possibility of correctly classifying the tree
canopies by random guessing (Cohen, 1960; Congalton, 1991; Giles,
2002; Kimani et al.,, 2007). This is particularly relevant for the
obtained tree classification in this study because in the Sard6n
catchment there are two tree species and one of them (Q.p.) is more
common than the other (see Section 3.5), hence there is an inherited
probability of properly classifying the tree canopies if all canopies
were to be classified as the dominant one. The KIA is calculated as
follows:

nx Z?:] Nss — Z?=1(ns+ X Nys)

q
n2 =30 (nsy x nys)

where, q is the number of species-specific categories; s is a species-
specific category index; ngs is the number of correctly classified
canopies in a species category; ns+ and n+s are the marginal totals
of correctly classified canopies and ground-recognized canopies
respectively, for each species-specific category; and n is the total
number of observations (Congalton and Green, 1999). When the
obtained agreement is within the probability of a random classifi-
cation the KIA value is zero, while 1 indicates 100% of agreement
(Cohen, 1960). KIA values >0.80 (80%) indicate strong agreement,
between 0.40 and 0.8 (40-80%) moderate agreement and <0.40
(40%) poor agreement (Congalton, 1996).

KIA = (6)

2.7. Scaling up sap flow measurements for transpiration mapping

In this study, the individual tree sap flow measurements (Qs)
were considered to be equal to the amount of water transpired
by a tree (Wullschleger et al., 1998; Lubczynski, 2009). Based on
that assumption, Qs measurements were scaled up as described by
Lubczynski (2009) using the following four elements: (1) a parame-
ter to be scaled-up, (2) a scalar used for scaling-up, (3) a “Biometric
Upscaling Function” (BUF), and (4) a scaling-up technique.

A scaling-up parameter (e.g. sapwood area (Ay) or sap flow (Qs))
is a parameter that is directly needed for quantifying transpiration
but is difficult to define spatially. Its spatial variation can be defined
(scaled up) by an easily measurable scaling-up scalar extrapolated
using a BUF and an appropriate scaling-up technique. In this study
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we decided to use Ay as the scaled-up parameter because, in con-
trast to Qs, Ax is nearly temporally independent so its scaling up is
more reliable.

The selection of scalar depends on the scale of the transpiration
assessment. In general, two different spatial scales of transpiration
mapping can be considered: (i) plot or stand scale transpiration
(Tstq); and (ii) catchment transpiration (T;). For Tsyq, Stem areas
(As) are typically used as scaling-up scalars, because Ag is known
to be well-correlated with Ay (Kumagai et al., 2005; Cermak et al.,
2004) and can be measured from single trees at the plot or stand
scale. At the catchment scale, such as the whole Sardén catchment
(~80km?), it would not be practical and feasible to measure each
single tree for As. Therefore, we used the canopy areas (Ac) as the
scalar instead, as the A¢ is retrievable from the high resolution
images.

The third element necessary for scaling up sap flow measure-
ments are the “Biometric Upscaling Functions” (BUFs). The BUFs are
field-defined, paired, species-specific relations between scalars and
scaled parameters (Lubczynski, 2009). To properly select the BUFs
for Q.i. and Q.p., pairs of selected scalars (DBH, As and A.) and scaled
parameters (Ax) were evaluated with a Pearson product-moment
correlation-coefficient (r) matrix (Quinn and Keough, 2002) and
then regressions were calculated and described by the coefficient
of determination (R2). These coefficients evaluate the potential of
the parameters (in this case a scaling-up scalar) to predict the others
(in this case scaling-up parameters) using the proposed regressions
(Quinn and Keough, 2002). The result of the analysis was used to
determine the highest R? from the selected pairs of parameters (i.e.
DBH vs. Ax and A¢ vs. Ax), thus highlighting the best linear or poly-
nomial models from the pairs of parameters to be used as BUFs. To
properly cover the natural variability of the scalars and scaled-up
parameters 90 Q.i. and 84 Q.p. tree samples were used to derive the
BUFs. This sample size guaranteed that the natural variability of the
biometric characteristics was properly accounted for as discussed
in Reyes-Acosta and Lubczynski (2012).

The fourth element necessary for the scaling-up process was the
scaling-up technique. For this study, we selected remote sensing
as the scaling up technique because: (1) the size of the Sardén
catchment (~80km?) did not permit an in situ assessment of tree
transpiration; (2) the remote-sensing technique allowed for an
automated classification of the tree species and an efficient mea-
surement of the canopy areas for the whole catchment (the scalar in
this study); (3) the Sardén catchment is covered by open woodland,
which facilitates an accurate definition of individual tree canopies,
when using high-resolution remotely-sensed images; (4) tree-
species classification was relatively simple due to the two-species
composition (one deciduous, one evergreen) of the vegetation in
the study area, which resulted in a highly accurate classification;
and finally (5) the high R? for the BUFs indicated a good prediction
potential.

The methodology of transpiration mapping at the catchment
scale (T;) followed the series of steps depicted in Fig. 3. First, after
classifying the tree canopies per species, the projected areas of the
canopies (A¢) were automatically calculated using GIS tools from
the classification map. For those cases in which several trees were
naturally arranged in one cluster, they were considered as a sin-
gle larger tree with biometric characteristics equal to the sum of
the biometric parameters of the individual trees. Second, species-
specific BUFs were established. Third, using the BUFs of Q.i. and
Q.p., the scaled up Ax was calculated for all the trees in the entire
catchment. Fourth, using geometric equations, the Ay areas of all
the trees were divided into annuli areas (ring-like) representing
concentric sapwood areas (Ay;) of 1 cm thickness (Fig. 3). This was
done to take into consideration the radial variability of the sap flux
density (J,;) obtained by optimised J,; measurements as presented
by Reyes-Acosta and Lubczynski (2012). Fifth, Qs of individual trees

was calculated as a sum of Q¢ of each individual annulus per tree-
size category, as follows:

Q=) Q=) A xJSlllday ] (7)
i=1 i=1

where each QY is defined as a product of sapwood area (Ay;) and
ith sap-flux density (];Ci) of the corresponding sapwood annulus
for each tree-size category (sc). The subscript n is the total num-
ber of annuli. In the case of trees with a sapwood depth > 7.5cm
(max depth of HFD), it was assumed that the rest of the sapwood
transported a linearly decreasing with depth amount of sap flow
until it became zero in the heartwood. Sixth, to obtain the canopy-
normalised sap flow, also referred as canopy transpiration (T;), each
Qs was divided by the area of its own canopy to obtain T;_g; and
T;_qp as follows:

_ Qs _ Ax -1
T = A =Jp x A [mmday™'] (8)
Seventh, to calculate the transpiration of a stand, the sum of all
tree water-uptakes in a stand (Z};l Q,j) was divided by the corre-
sponding stand area (Astq), as in Eq. (9). The sub-index j refers to
each single tree in the stand and m to the number of trees in the
stand.

Tta = [mmday '] (9)

For this study, we have chosen an area of 1ha for the analy-
sis of the stands, thus the catchment area was discretised using
a 1 ha grid. To calculate Ts, for each grid in the catchment, the
tree-classification map was first segmented by the grid using the
spatial-join tool of ArcMap 10. Then the Q;; of each segmented
canopy was summed for each cell in the grid and divided by the
area of a single cell of the grid (As;s =1ha) to calculate Tsy. For
the relative-contribution of canopies that crossed cell boundaries,
a canopy fractions approach was applied to calculate Ts;q. An exam-
ple of three different cases of cells’ boundaries overlap can be seen
in Fig. 3, namely: (1) the contribution of single canopy segments
(AC, and Ag1 ), each one in a different cell (defined as Ts¢g1 and Tyq2,
respectively); (2) the contribution of two canopy segments (Alc’2 and
AIC’1 ) from two separate trees in one cell (defined as T,3); and (3)
the contribution of a full canopy (Ac4) together with canopy seg-
ments of two separate trees (A2, and AZ, ) inside one cell (defined
as Tgq4). For each case, Eq. (9) was transformed to fit the arrange-
ment of the segments in each cell, thus obtaining Egs. (10)-(12).
For Tgq1 and Tgq2, Eq. (10) was used, for T3, Eq. (11) was used,
and for Tgq4 EqQ. (12) was used. Ac1, Ac2, and Ac3 define the entire
canopy area of each tree.

Qs1(AS, /Ac1) Qs1(A%, /A1)
Tsta1 = A671C and T2 = 14571C (10)
sta sta
Ab_ /A Ab_ /A
Tos = Qs2(A2,/Ac2) N Qs1(A21/Ac1) (11)
Asta Asta
A% /A A /A
Tos = Qs1(AZ, /Ac1) N Qs2(A2, /Ac2) N Qs3(Ac3/Ac3) (12)
Asta Asta Asta

After processing all cells in the map using Egs. (10)-(12), and
also variations of these for stands holding >3 canopy segments, the
resultant map contained hectare-specific values of transpiration
in 1ha quadratic grid expressed in mmday~! (Tsy). To calculate
transpiration at the catchment level as a total (T¢), an average Tstq
of all grid cells was calculated.
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Fig. 3. Summary of the main steps of tree transpiration mapping at catchment scale.

2.8. Assessment of remote sensing scaling-up procedure

In order to evaluate the performance of scaling up using remote
sensing, we compared it to in situ stand-scale (i.e. plot) scaling up
followed by an uncertainty analysis. For that purpose, we selected
a 1ha stand (100 m x 100 m) in which all trees in that stand (7 Q.i.

and 6 Q.p.) were measured and the scaling-up procedure performed
using a BUF relating DBH with Ay. For the remote-sensing scaling up
of the same plot, the BUF relating A. (as obtained by the attributes
of the classified canopies) with Ay was used.

For the uncertainty analysis we applied a Monte-Carlo simula-
tion using the probability distributions of the error associated with
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two of the most important steps of the remote sensing scaling up,
namely: (1) the uncertainty from misclassified classes (Q.i. or Q.p.,
respectively) in the tree classification map, and (2) the uncertainty
in the confidence interval of the derived BUFs.

Additional factors such as installation errors, equipment mal-
functioning limitations, natural variations in the sapwood tissue,
etc. also influence the accuracy of sap flow measurements. How-
ever, to account for all those factors is very complex, which was
outside the scope of this research. Nevertheless, the optimisation
technique used to acquire the sap flow measurements was designed
to enhance the accuracy and obtain the highest accuracy possible
(Reyes-Acosta and Lubczynski, 2012).

To properly define the error for the species classification we
used a random binomial distribution defined by the probability
calculated in the “user” accuracy assessment. Using a binomial
distribution is justified because the error probability for the classi-
fication maps is limited to just two species. To account for the error
of the BUFs, we used a random normal distribution derived from
a 99% confidence interval, because the distribution of the norm of
residuals of a least-squares linear fit is assumed to follow a normal
distribution (Rice, 2006).

The Monte-Carlo simulations were run for 1000 iterations to
reach a satisfactory convergence of the tree transpiration calcu-
lations. For each iteration, the random binomial distribution was
first simulated and then followed by the random normal distri-
bution simulation. At the end of each iteration, T, was calculated
according to the equations given in the Section 2.7, using as input
the random species classification and the species-specific random
Ay values of each BUF (for Q.i. and Q.p.). After 1000 iterations, the
distributions of the outputs were examined.

3. Results and discussion
3.1. Tree biometric characteristics

The frequency histograms of the biometric characteristics of 90
Q.i. trees and 84 Q.p. trees (diagonals in Fig. 4) followed a quasi-
normal distribution skewed to the left. The distribution of the
biometric parameters indicated that the tree population for both
species was mostly composed of small - to medium - tree-stem
sizes (DBH <0.5 m and A <0.25 m?2), with small - to medium canopy
areas (Ac <50 m?2) (Table 3) and small xylem areas (Ax <0.05m?).
The trees with small- to medium-size DBH, held more than 90% of
the total sapwood tissue for both tree populations. Big trees with
large canopies (>100 m2) and big trunk sizes (>0.70 m) were rare
and distinct but due to their scarcity they were less significant as
contributors to the catchment’s tree transpiration.

3.2. Sap flow measurements

3.2.1. Categorization of the Ax vs. ] dependence

Jp measurements used in this study are described in Reyes-
Acosta and Lubczynski (2012). For the proposed scaling up
procedure, the relation between Ay and Jj, is critical. Linearity tests
of average J,; at 0.5cm and 1.5 cm depths in the sapwood (Jp2cm)
and average J,; for all sapwood annuli (J,), from 10 Q.i. and 10 Q.p.
trees, indicated a very low correlation with Ay for Q.i. (R*=0.03 for
Jp2em and R?=0.01 for J,) and Q.p. (R>=0.008 for J,2cm and R? =
0.006 for J), indicating no significant dependence between Ay and
Jp.Instead, as seen in Fig. 2 for Q.i. and Q.p., J, 2 cm depicted an incre-
ment towards the “medium” Ay values and then decreased again
towards the “large” Ay values (Fig. 2). Such pattern was not present
in the relation of J, (average sap-flux density across the sapwood
profile) with Ay. The described J,2.:m-Ax pattern implied that the
largest J,2 cm Occurred in the trees of the medium size.
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Fig.4. Cross-correlation matrix of the biometric parameters measured in the survey
for (a) Q.i. and (b) Q.p. trees. Diameter at breast height (DBH) is in m, area of the stem
(As) is in m?, ground-projected canopy area (A.) is in m?, and xylem area (Ay) is in
m2.

Considering that the outermost 2cm of the Q.i. and Q.p. sap-
wood typically conducted most of Qs (Reyes-Acosta and Lubczynski,
2012), not only due to the largest J,, but also due to the largest
corresponding annuli sapwood areas (external sapwood rings are
the largest), and that the J,, ¢ significantly varied with Ay, a cate-
gorization of the sap flux density measurements as dependent on
Ax was necessary. Even though the differences between J,ocm as
presented in Fig. 2 were low, they were significant because of the
multiplicative effect of the outermost sapwood layer, implying that
small differences of J,2m, resulted in large differences of Qs.

It is important to clarify that boundaries for the size-categories
were intentionally set at different thresholds for both species, Q.i.
and Q.p., in order to better reflect the variability of the sap-flux den-
sity as dependent on the tree population structures. As a result, the
derived A, categories of sap flux density (Fig. 2) also listed in Table 1,
have species-specific Ay ranges, except for the category “large” with
common threshold >400 cm?2. Considering Jp2cm as reference for
categorization, the highest average values in both species belonged
to the “medium” category and were 101.9 cm® cm~2 day~! for Q.i.
and 179.3 cm3 cm~2 day~! for Q.p. trees. For the categories “small”
and “large”, the J, 3 m Was significantly lower (Table 1).
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Table 1
Jp and Jp2cm in the tree-size categories of Q.i. and Q.p. A, in cm? and J, and Jpzem in
cm3 cm~2day—'.

Table 2
Error matrix of 800 randomly selected ground-control points (canopies) used for
the calculation of the error indexes of the tree-species classification map.

Ay tree-size category  J, for Qi.  Jyoem for Qi.  Jp forQp.  Jp2em for Qp.
Small
<300 Q.i. 38.36 72.67 54.66 145.11
(7.012) (9.72%) (9.64%) (28.87%)
<200 Q.p.
Medium
300 < Q.i. <400 29.71 101.92 65.85 179.27
(3.113) (3.34%) (6.23%) (18.23%)
200 < Q.p. <400
Large
42.91 64.47 56.61 152.03
> 400 (9.53%) (6.43%) (9.06%) (25.44%)

2 Standard deviations.

It seems that such Ax — Jp2¢m distribution is not uncommon. For
example Chavarro etal. (2009) in savannah trees of the Kalahari and
Kostner et al. (1998) in a Scots pine plantation also found that the
largest Jp2 cm Was attributed to medium size trees Ay — Jp2 cm distri-
bution. The presented J,, m categorization substantially improves
the accuracy of scaling of sap flow measurements. After confirming
variable Ax-J, 2 ¢m distribution (for example with HFD) that can be
categorised, we recommend to use the categorisation of J2¢m as
proposed in this study.

The results from the sap flow field measurements showed that
both Jy2cm and Jp were higher in Q.p. than in Q.i. trees for all cate-
gories (Table 1), while Q.i. trees tended to be more active in deeper
sapwood layers (5-7 cm deep) than Q.p. trees (active until 4cm
deep) (Reyes-Acosta and Lubczynski, 2012). These results imply
that individual Q.p. trees of the same A as Q.i. contributed more
to the water uptake. An interesting observation was made that the
Q.i. and Q.p. species had relatively low variability of J, around their
means (Fig. 2), confirmed by low standard deviation (Table 1). This
low variability suggests that growing Q.i. and Q.p. trees increase
their water uptake (Qs) proportionally to Ay so also to As that
increases with tree growth.

3.2.2. Temporal extrapolation of sap flow measurements

The dry-season temporal extrapolation using the “Cienciala
Model” (CM) and artificial neural networks (ANNs) was carried
out in 3 months period of 2009 (from 15 June to 15 September),
to assess the dry-season temporal variability of sap flow and tree
transpiration in that period.

Evaluation of the performance of the CM and ANN showed that
the goodness-of-fit of the Qs simulations using the ANN method
was “very good” for Q.i. (Ceff between 0.92 and 0.96) and Q.p. (Ceff
between 0.97 and 0.99) (Fig. 5). Significantly lower accuracy was
obtained by applying CM. For Q.i. the Ceff was between 0.75 and
0.85, indicating a goodness-of-fit between “acceptable” and “good”,
while for Q.p. the Ceff was between —0.60 and —0.11, indicating an
“unsatisfactory” goodness-of-fit (Fig. 5). This was mainly because
the night flow of Q.p. trees was not taken in consideration by the
CM model. The better performance of ANN as compared to CM was
related to the use of more climatic drivers as inputs and the greater
flexibility of the model. For the ANN method we used the vapour-
pressure deficit at two heights (VPD; , and VPDg 1, ) and wind speed
(Ws) at 10 m height, while in CM only incoming solar radiation and
relative humidity at 2 m height were used. The additional climatic
drivers used for the ANN are closely linked to the transpiration
dynamics (Chu et al., 2009; Zeppel et al., 2004) and constrained
the ANN sap flow calculations. Consequently, this is why the ANN
approach was selected to simulate dry-season sap flow dynamics
for both Q.i. and Q.p. species (Fig. 6a).

Ground points Total
Q.1. Q.p.
S Qi 123 5 128 ngis
3] NQi—Qi | NQp.—Q.i
g Qp 57 615 672 ngps
= NQp—qQi | NQ.p.—Q.p.
Total 180 620 800
NQ.i+ nNQp+

The daily means and maxima Qs obtained from the ANN-
simulations showed a low temporal variability for both Q.i. and
Q.p. trees (Fig. 6a). This was indicated by the low standard devia-
tion (SD) between daily Qs means (for Q.i. the mean of daily means
was 825cm3 h~1 with SD=151cm3 h~! and for Q.p. 1611 cm3h-!
with SD=151 cm?3 h~1). The overall good match between the mod-
elled and measured transpiration, including good agreement with
respect to the low temporal variability of daily Qs means and
maxima (Reyes-Acosta and Lubczynski, 2012), imply that the
dry-season transpiration values scaled up from the dry-season
standardised J, data can be assumed to be representative for most
of days during the dry season (July to September), i.e. for those days
fulfilling the criteria of the “standard” dry-season day (see Section
2.3 for details on J, standardisation).

The only considerable differences in Qs temporal variability
were noticed in some few days during dry season when some clouds
and rain were present (Fig. 6a and b). These days were indicated
by a considerably higher SD of Qs (e.g. 400cm3h~! for Q.i. and
300 cm? h~1 for Q.p.). For such days the simulated Q; was lower than
measured. However these episodes were rare during the dry sea-
son, thus the scaling up estimations from standardized non-cloudy
measurements represent the dominant dry-season transpiration in
the Sardén catchment. In case of missing records in time series of
sap flow measurements, the ANN modelling framework can be used
to simulate the missing measurements and consequently calculate
catchment transpiration in any conditions, assuming that the ANN
framework can reflect the effect of cloudy-rainy conditions in the
sap flow. Unfortunately, in this study was not possible to validate
this assumption because there was no opportunity to monitor sap
flow on those very few cloudy-rainy days in dry season.

3.3. Accuracy of the tree classification

Accurate tree classification is an important component of the
sap-flow scaling-up method, particularly when trees of different
species but the same A. have significantly different Qs. This was the
case in our study, because both tree species, Q.i. and Q.p., differed
in dry-season sap flow.

The “Overall accuracy” (Eq. (3)) of the tree classification map
was 90%, which is the probability that any randomly chosen tree
canopy in the classification map was correctly assigned. Regarding
the other accuracy indexes (as calculated by using the error matrix
of misclassified trees in Table 2), it was found that the “User’s
accuracy” (Eq. (4)) for a randomly chosen Q.i. canopy in the map
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Fig. 5. FITEVAL assessment of the sap-flow simulation results for (a) Cienciala model, Q.i.; (b) Cienciala model, Q.p.; (c) ANN model, Q.i.; and (d) ANN model, Q.p.

had a higher probability (96%) of being properly classified than
the Q.p. canopy (92%). Conversely, “Producer’s accuracy” (Eq. (5))
indicated that a Q.p. canopy randomly chosen in the field had a
higher probability (90%) of being properly classified than a Q.i.
canopy (68%). These indexes indicated that the accuracy of the

classification map for each species was sufficient and that it was
dependent on the number of trees of each species. The average,
catchment scale tree density for Q,p. was higher (19treesha—1!)
than for Q.i. (4 trees ha—1), thus increasing the probability of match-
ing Q.p. ground control points with the classification map, but also
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Fig. 6. Dry season temporal sap flow versus climatic temporal variability: (a) daily ANN sap-flow simulations during the dry season of 2009 (15 June-15 September) for Q.i.

and Q.p. trees; (b) incoming solar radiation (Rs) and rainfall.

reducing the probability of successfully classifying all the Q.i. trees
in the field.

The final accuracy index, the KIA (Eq. (6)), was 0.8. According to
the qualitative scale for KIA values proposed by Congalton (1996),
the obtained KIA value indicated strong agreement between the
ground control points and the classification map, with a low prob-
ability of correctly classifying tree canopies by random guess alone.
This further supported the validity of the classification map and its
robustness for the scaling-up process.

Despite the difference found between the accuracies for each
species, the accuracy assessment indexes indicated that the tree
classification map was accurate, thus any misclassification of
canopies in the map would have a minimal effect on the scaled-up
transpiration calculations. This effect of misclassification is ana-
lysed and discussed further in Section 3.7.

3.4. Scalars, scaling-up parameters and BUFs

A preliminary assessment of the biometric characteristics using
the Pearson product-moment correlation-coefficient matrix (r)
showed a significant interdependence for various combinations of
characteristics of both species (Fig. 4 and Table 4). DBH, As, Ac and
Ax gave high r values for both species, indicating a strong inter-
dependency and good potential for building a robust and precise
BUF.

To establish the BUFs for Q.i. and Q.p. trees, Ay was selected as
the scaled-up parameter because of its low temporal variability. Ac
was selected as a remote-sensing-based scalar because it can be
accurately defined on remotely sensed images of very high spatial

Table 4
Pearson product-moment correlation coefficient (r) matrix for the surveyed biomet-
ric parameters in Q.i. (90 trees) and Q.p. (84 trees).

DBH As Ac Ay

Q.i. trees

DBH 1 0.98 0.87 0.86
As 0.98 1 0.84 0.83
Ac 0.87 0.84 1 0.86
Ax 0.86 0.83 0.86 1
Q.p. trees

DBH 1 0.97 0.95 0.97
A 0.97 1 0.89 0.93
Ac 0.95 0.89 1 0.95
Ax 0.97 0.93 0.95 1

resolution, and, finally, DBH as the stand scaling-up scalar because
it is easy to measure in the field. The DBH-A of both species fitted
a second grade polynomial equation, which resulted in R%=0.88
for Q.i. trees (Fig. 7a) and R? =0.91 for Q.p. trees (Fig. 7c). The Ac-Ax
BUFs of both species fitted a linear equation, with the coefficients
of determination R?=0.84 for Q.i. trees (Fig. 7b) and R%=0.86 for
Q.p. trees (Fig. 7d). It is remarkable that although the differences
between the BUFs of Q.i. and Q.p. were not large (Fig. 7), both BUF
types (i.e. DBH-Ay and A-Ax) of Q.i. were steeperthan the ones of
Q.p. This means that the BUFs of Q.i. had a larger Ax/A ratio than
the BUFs of Q.p. indicating faster increase of Ax with the increase of
DBH and A.. Therefore, a canopy area recognized by remote sensing
as Q.i. would have larger Ay than the same size canopy area of

Qp.

Table 3
Main statistics of the biometric parameters obtained in the survey for Q.i. (n=90) and Q.p. (n=84).
DBH (m) As (m2) Ac (m?) Ay (m?)
Q.. Qp. Qi. Qp. Qi. Qp. Qi. Qp.
Min 0.11 0.14 0.01 0.02 9.88 10.02 0.01 0.01
Max 0.97 1.05 0.74 0.87 146.3 141.0 0.14 0.11
Mean 0.34 0.32 0.12 0.10 43.46 43.67 0.05 0.03
SD 0.20 0.17 0.15 0.13 30.73 25.66 0.03 0.02
Median 0.28 0.28 0.06 0.06 35.26 38.88 0.04 0.03
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R? coefficient of determination.

The R? coefficients showed that using DBH as the scalar, yielded
the best fits for both species, although using A; as the scalar also
provided high R?, indicating a reliable BUF. The performance of both
scaling-up techniques are compared and discussed in Section 3.6.
Lubczynski and Gurwin (2005) also used A¢ as a scalar and Ay as
a scaling-up parameter in the same Sardén-catchment study area,
but they obtained a much lower R? for both species (0.62), and
their linear equations showed a higher proportion of Ay per unit of
A (0.0022 for Q.i. trees and 0.0026 for Q.p. trees), than ours (0.0008
for Q.i. trees and 0.0007 for Q.p. trees). This discrepancy is likely
to be related to the sample size, because Lubczynski and Gurwin
(2005) sampled 22 Q.i. and 25 Q.p. trees, whereas we sampled 90 Q.i.
and 84 Q.p. trees. Moreover, Reyes-Acosta and Lubczynski (2012)
have demonstrated that the DBH size variability for Q.i. and Q.p.
trees stabilizes after random sampling of more than 60 trees. A
larger sample size gives better estimates of the characteristics of
Q.i. and Q.p. tree populations, particularly for the characteristics
of big trees (DBH >0.5 m), which greatly influence the BUFs’ linear
relations (Fig. 7). For future scaling-up studies on other species in
open woodlands, we advise using a sampling design that effectively
covers the natural variability of the trees (in our case >60 trees),
such as stratified sampling (Reyes-Acosta and Lubczynski, 2012) or
quartiles of the total (Cermak et al., 2004).

The analysis in this study confirmed the potential of using Ac as
scalar for the remote sensing scaling up of sap flow measurements
in large, sparse vegetation areas of WLE such as Sardén catchment.
In contrast, DBH and A are rather to be used for scaling up at
stand scale, because they cannot be retrieved from remotely sensed
images.

3.5. Scaled up transpiration and spatial patterns

The scaled-up, canopy-normalised transpiration in the Sard6n
catchment for Q.i. (T;q;) was between 0.38 and 3.27 mmday~!,
with a mean of 0.83 mmday~! and a standard deviation (SD) of
0.77 mmday~! (for 30,671 Q.i. trees in the catchment). In the case
of Q.p., the scaled-up canopy-normalised transpiration (T¢qp ) was
between 0.59 and 3.60 mmday~!, with a mean of 1.19 mmday~!
and an SD of 0.85 mmday~! (for 153,757 Q.p. trees in the catch-
ment). The larger T; of Q.p. was due to generally more significant
influence in Eq. (8) of the higher J, in Q.p. as compared to the higher
Ax[Ac ratio in Q.i..

Considering Q.p., our Teqp. measurement-range
(0.59-3.60mmaday~!) was similar but with a higher minimum
and maximum than the ones of the study of Hernandez-Santana
et al. (2008a) (0.2-3.2mmday~'), in a Mediterranean mountain
forest approximately 200km south of the Sardén catchment.
The difference in T;qp could probably be related to different
environmental conditions characterized by more humid climatic
conditions with rainfall of ~1000mmyear-! as compared to
~500 mmyear~! in the Sard6n study area. However, it is also likely
that Hernandez-Santana et al. (2008a) underestimated their sap
flow measurements using TDP method because the TDP does not
allow to detect night flow whenever it occurs regularly at night,
as it was the case of all measurements in Q.p. trees described by
Reyes-Acosta and Lubczynski (2012).

The remote-sensing-based, scaled-up dry-season tree transpira-
tion at the 1 ha stand scale (T ) ranged from 0 to 0.471 mmday !
across the catchment (Fig. 8a); the catchment scale dry-season
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Fig. 8. Tree transpiration and tree density per hectare for Q.i. and Q.p. species: (a) dry-season tree transpiration in the Sardén catchment at 1 ha stand resolution (Ts) scaled
up from remotely sensed images; (b) Sardén catchment Q.i. tree density; and (c) Sardén catchment Q.p. tree density.

tree transpiration (T.) was 0.045 mmday~! (average of Ty, for the
whole catchment) with a standard deviation of 0.041 mmday~!.
From the obtained T, Q.i. and Q.p. trees contributed 21% and 79%,
respectively. The higher contribution of Q.p. trees to dry-season T¢ is
driven mainly by the greater number of Q.p. trees per hectare (aver-
age 19treesha~!) than Q.i. trees (average 4treesha=!). The T4
varied widely across the catchment as indicated in Fig. 8 and by the
SD of T, (T ~SD). That variability was obviously proportional to tree
density. The highest transpiration fluxes were primarily located
closer to the stream valleys where tree density was the high-
est resulting in Ty ranging between 0.181 and 0.480 mmday~!.
The areas outside valleys had typically Ts;q between 0.011 and
0.040 mmday~1.

Fig. 8b and c shows respectively Q.i. and Q.p. spatial variations of
tree densities. Q.i. trees dominated only at the north-eastern side of
the catchment, far from the streams and river valleys (Fig. 8b). The
spatial distribution of Q.i. trees suggests that this species is more
abundant in locations with relatively deep water table (i.e. far from
streams and valleys), because it can overcome water-stress dur-
ing the dry-season due to its deep root system that is hydraulically
connected to deep water sources. In such locations, Q.i. trees can
maintain a conservative water-use strategy with a quasi-constant
water supply from deep sources when the top soil is dry (David
et al.,, 2007), a strategy typical for this species (Mediavilla and
Escudero, 2003). In contrast, Q.p. trees were abundant in the river
valleys and in the south-western part of the catchment (Fig. 8c),
i.e. in locations where soil moisture availability and/or water table

was close to the surface throughout the dry season (confirmed by
soil moisture profiles measured during 2009), allowing them to use
a non-conservative water-use strategy and cope with the typically
high transpiration demands as previously described by Hernandez-
Santana et al. (2008a) and Moreno et al. (2011).

Interestingly, Ts;q was the highest in the north-eastern areas,
where Q.i. trees dominated (Fig. 8a and b), even though the mean
measured sap flux density (Jp) for Q.i. trees was lower than that of
Q.p. trees (Fig. 2 and Table 1). This was because: the BUF used for
remote-sensing-based scaling up was steeper for Q.i. trees (Fig. 7b)
than for Q.p. trees (Fig. 7d) resulting in larger Ay for given A., and
also because Q.i. trees in that area are numerous, old and large, so
their individual water uptakes are also large due to their higher Ax
areas.

A cross-reference of this study with the research of Balugani
et al. (2011) on the dry season actual evapotranspiration (ET,)
measured from an Eddy-covariance flux tower carried out in
the same Sardén study area was made. It showed that the
dry-season tree transpiration within the footprint of the tower
(Tf=0.036 mm day~1), scaled up with the same BUF as in this
study, was comparable with the scaled-up catchment transpi-
ration (T.=0.045mmday~!) but represented only 6% of ET,
(0.6 mmday~1). Such low Tr and T¢ as compared to ET, was likely
related to: (a) the low tree-density and vegetation cover of Q.i. and
Q.p. trees (the average canopy coverage under the Eddy-covariance
foot print and in the catchment was ~7%, implying low Tgy); (b)
the location of the eddy tower which was in an area where T
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Table 5

Comparison between stand-scale and remote-sensing scaling-up techniques of Ty, at a 1 ha stand, using biometric ground measurements. DBH - diameter at breast height

(~1.3m), Ac - canopy projected area, Ay — sapwood area and Qs - sap flow.

Tree species in the stand DBH (m) Ac (m?) Ay (cm?) Remote-sensing scaling-up Stand-scale scaling-up Absolute error Squared error
(Q) (Lday™) (Q)(Lday™) (AE)(Lday™") (SE)(Lday™")

1Q.i 1.16 183.96 1633 73.95 68.21 5.74 32.95

2 Q.. 0.80 122.76 1123 50.75 49.09 1.66 2.76

3 Q.. 0.75 113.45 1048 47.34 46.08 1.26 1.59

4Q.p. 0.54 81.36 565 51.92 51.25 0.67 0.45

5Qi. 0.52 75.24 727 32.73 32.65 0.08 0.01

6 Q.p. 0.44 64.08 451 60.23 60.36 0.13 0.02

7 Qi. 0.43 59.40 595 26.73 26.87 0.14 6.02

8 Q.p. 0.40 59.04 418 29.55 29.58 0.03 0.01

9 Q.p. 0.31 43.92 319 19.49 19.71 0.22 0.05

10 Q.. 0.31 40.32 437 31.27 31.35 0.08 0.01

11 Q.. 0.30 38.52 422 18.81 19.03 0.22 0.05

12 Q.. 0.22 24.48 305 13.49 13.61 0.12 0.01

13 Qp. 0.15 16.56 140 13.20 13.67 047 0.22

Total stand (Lday~1) n/a n/a n/a 469.4 461.4

Total stand (mmday~1) n/a n/a n/a 0.047 0.046

Mean AE 0.83

Root mean SE 1.71

was low due to the small size of the canopies (A¢); and (c) a shal-
low water-table (5 m) in the foot-print area, so that direct bare-soil
evaporation of groundwater likely made a larger contribution to
ET, than T (Balugani et al., 2011).

The tree-population structure of the Sardén catchment, with
an average tree density of ~19treesha~!, is lower than typi-
cal Mediterranean woodlands (30-60 trees ha~!) (Carreiras et al.,
2006; David et al., 2004; Moreno et al., 2005), but not uncommon
(Carreiras et al., 2006; Smit et al., 2008). The observed spatial pat-
terns suggest a division of ecological niches (e.g. distribution of
resources and potential competitors) between Q.i. and Q.p. species,
which is likely to decrease inter-specific competition (i.e. between
species) for limiting resources, in this case soil water availability.
This conclusion is further supported by the fact that in the catch-
ment both species are not found in mixed clusters and rarely close
to each other. Human intervention may be another factor shaping
the current structure and distribution of vegetation in the Sardén
catchment. Human activities can, indeed, be considered to have an
impact on the trees, since farming practices in the area are focused
on protecting and facilitating conditions favourable for Q.i. trees,
due to their socio-economic role for pig-grazing under the trees
(such pigs are used for the production of “Bellota iberico” ham). In
contrast, Q.p. trees are relatively less-managed and have no par-
ticular economic use in the region, they are sometimes pruned for
ornamental reasons or used as fuel. One last, indirect factor that has
been reported to affect populations of Q.i. species is grazing inten-
sity, which may not allow normal recruitment of seedlings (Smit
et al., 2008). However, this factor has a higher effect at local scales
than that of the catchment level, where water availability in dry sea-
sons, is the most important factor explaining species distribution
in semi-arid areas (Porporato et al., 2001).

3.6. Comparison of remote-sensing and stand scale scaling up

The analysed 1 ha stand contained 8 Q.i. and 5 Q.p. trees of
varying sizes (see Table 5); all trees had been biometrically sur-
veyed. The stand-scale scaling up of the selected area resulted
in a Tgq value of 0.047 mmday~!, or 469.41day~!, while remote-
sensing-based scaling up of the same stand 0.046 mmday~' or
461.41day~! (see Table 5). Despite lower amount of trees in the
analyzed stand (13) than the catchment mean (17), the estimated
with both methods Ts, were slightly larger than the catchment
mean Tt (0.04 + 0.04 mm day=1). This was because the trees in the

selected stand were generally larger than the mean size trees in
the catchment. When using the mean absolute error (MAE) and
root mean squared error (RMSE) to compare both techniques, it
was found that MAE was 0.83 1day~! while RMSE was 1.711day~1.
These results indicate that differences between upscaling tech-
niques were very low (<2%). The small differences between the two
scaling up techniques can be explained by generally higher R2 found
for the DBH - Ax BUF (applied to the stand-scale scaling up) than
the R? for the Ac vs. Ax BUF (applied to the remote-sensing-based
scaling up), and due to the eventual errors in the delineation of the
canopies from the remotely sensed images. Nevertheless, the com-
parison between scaling up methods indicated a strong agreement
in the Ty calculations at the stand scale, underlining the potential
of using spatial imagery of high resolution for scaling-up sap-flow
in future studies.

3.7. Uncertainty analysis of remote-sensing-based scaling up

It is important to first clarify that species-specific T, referred to
in this section (T¢) is an abstract term that does not have hydrolog-
ical meaning, but it is used to represent transpiration contributions
of each species spatially. The species-specific T.s was calculated by
dividing the sum of all tree sap flows of the particular tree species
by the stand area, and then by averaging the values across the 1
ha-resolution grid for the whole catchment.

The assessment of the uncertainty after 1000 Monte-Carlo iter-
ations showed that the combined effect of the species classification
errors and the errors in the BUFs resulted in an average T of
0.012mmday~! (SD <0.001 mmday~!) for Q.i. trees and an average
Tes of 0.032mmday~! (SD <0.001 mmday~!) for Q.p. trees (Fig. 9a
and b). In the case of T, for all trees in the catchment, it was in
average 0.044 mmday~! (SD <0.001 mmday—!) (Fig. 9c). The aver-
age T for Q.i. and for Q.p. trees were not significantly different as
compared with the T, for which the error was considered negligi-
ble due to the optimisation routine used for reducing J, measuring
errors in the field.

Two factors explain the non-significant difference between the
Tes values of the uncertainty analysis and the initial estimations of
Tc. First, the “User’s” accuracy of the classification map indicated
that at least 12% of Q.p. trees were in fact Q.i. trees, thus, during
the Monte-Carlo simulations, ~18,000 trees (out of 153,757) were
added to the T calculation for Q.i. trees. Second, at least 4% of the
Q.i. trees were in fact Q.p. trees, thus ~1000 trees (out of 30,671)
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were added to the T, calculation for Q.p. trees. The combination of
both factors created a compensation effect that was observed dur-
ing the simulations. When the number of Q.p. trees was reduced, the
number of Q.i. trees increased, thus increasing T, and vice versa.
Therefore, as the error in the Q.p. classification was higher than for
the Q.i. classification, and because Q.p. had more trees in the catch-
ment, the average T, obtained from the uncertainty analysis (for
1000 iteration) was slightly, but not significantly, lower than the T,
without any accounting for uncertainty (fewer Q.p. trees lead to a
lower T¢).

The T, simulations converged to specific values (Fig. 9), which
is confirmed by their low SD, thus indicating that the combination
of errors in the classification map and the BUFs had only a slight
effect on the estimation of transpiration (<1%). This demonstrates
that the assessed uncertainty for the remote-sensing-based scaling
up was not significant, confirming the robustness of the estimations
for sparse oak-woodlands of the the Sardén catchment.

It is important to note that the proposed method was applied
to dry season-tree transpiration assessment, but if there is appro-
priate sap flow data available, it can be used for wet conditions
with comparable uncertainties. As the accuracy of the proposed
scaling-up procedure does not depend on the season assessed, but
on the accuracy of sap flow measurements together with the accu-
racy of the scaling-up procedure, no difference of uncertainty across
seasons is expected.

4. Conclusions

In this study we proposed a method for mapping dry-season
tree transpiration by scaling up sap flow measurements using
object attributes identified on high-resolution remotely sensed
satellite images. The method here described is novel and more
advanced than previous applications because of the following: (1)
we introduced in the scaling-up protocol radial and azimuthal sap
flow measurements; (2) we assigned sap flow magnitudes of indi-
vidual trees by categorizing sap-flux densities with respect to the
sapwood area, thus enhancing the accuracy of the scaled up estima-
tion; (3) in the scaling up procedure, instead of considering whole
sapwood areas for sap-flow calculations, we considered flows of
individual sapwood annuli to enhance the precision of the estima-
tions; (4) for defining the attributes of the vegetation spatially in the
scaling up procedure, we used a combination of two high resolu-
tion multispectral images (QuickBirs and World View II) acquired
in two different growing seasons; and (5) finally we provided a
Monte-Carlo uncertainty estimations of the procedure.

Through the scaling up of transpiration and the artificial
neural-networks (ANNs) simulations we discovered that the tree
transpiration in the studied oak woodland (“dehesa”) was low
~0.04mmday~! (+£0.04) and changed minimally throughout the
dry season. Furthermore, we found large spatial variability of tree
transpiration (T, Spatial patterns), mainly determined by the
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density of the Q.i. and Q.p. tree species constrained by the water
availability either as soil moisture or shallow groundwater. This
spatial variability information bears an important potential to
understand the eco-hydrological role of the Q.i. and Q.p. species
and to promote adequate water management practices in semi-arid
areas, such as as the Sardén catchment.

Transpiration mapping by remote sensing scaling up of sap flow
measurements is a convenient tool for understanding the hydro-
logical dynamics of the plant-soil-water interactions but also for
quantitative estimates of plant water uptake in future studies.
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