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Water scarcity in semi-arid regions is expected to increase under climate change,

which will significantly affect forest ecosystems by increasing fire risk, diminishing

productivity and water provisioning. Eco-hydrological forest management is conceived

here as an adequate strategy to buffer climate change effects and increase forest

resilience. Under this context, soil moisture is a key variable to quantify the impacts

of eco-hydrological forest management on forest-water relations. Cosmic-ray neutron

and capacitance probes are two different techniques for measuring soil moisture, which

differ greatly in the spatial scale of the measurement support (i.e., few centimeters

vs. several hectares). This study compares the capability of both methodologies in

assessing soil water dynamics as a key variable that reflects the effects of forest

management in a semi-arid environment. To this end, two experimental plots were

established in Sierra Calderona in the province of Valencia in Spain in a post-fire

regeneration Aleppo pine forest with high tree density. One plot was thinned (T) and the

other remained as control (C). Nine capacitance probes and one Cosmic Ray Neutron

Probe (CRNP) were installed in each plot. First, the CRNP was calibrated and validated,

and subsequently, the performance of both techniques was analyzed by comparing

soil moisture and its relationship with environmental variables and stand transpiration.

The validation results confirmed the general reliability of CRNP to obtain soil moisture

under semi-arid conditions, with a Kling-Gupta efficiency coefficient (KGE) between 0.75

and 0.84, although this performance decreased significantly when dealing with extreme

soil moisture (KGE: −0.06–0.02). A significant effect of forest biomass and litter layer

was also observed on CRNP-derived soil moisture, which produced an overestimation

of soil moisture. The performance of both methodologies was analyzed by partial

correlations between soil moisture and environmental variables and transpiration, as

well as by applying Boosted Regression Trees to reproduce tree transpiration with each
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soil moisture measurement technique together with the environmental variables. Both

methodologies were capable to reproduce tree transpiration affected by soil moisture,

environmental variables and thinning, although CRNP always appeared as the most

affected by atmospheric driving forces.

Keywords: forest hydrology, silviculture, capacitance sensors, cosmic-ray sensor, Pinus halepensis

INTRODUCTION

Semi-arid forests are water-controlled environments where water
availability has direct and indirect effects on key processes
such as weathering, decomposition, soil respiration, nitrogen
mineralization, nutrient uptake, biomass production, and long–
term carbon sequestration (Rodríguez-Iturbe and Porporato,
2007). This water dependence leads these forests to face abiotic
and biotic threats (e.g., wildfires, insect outbreaks and severe
drought events) that may decline their capability to persist in
their current geographic ranges, and to colonize new habitats
(Bell et al., 2014; Rehfeldt et al., 2014). During the 20th Century,
their persistence has been dependent on favorable climatic and
environmental conditions (Savage et al., 1996; Mast et al., 1999;
Brown andWu, 2005), which unfortunately, according to climate
change projections, are going to be less frequent, increasing
the ecosystem threats and therefore diminishing its regeneration
capability (Coops et al., 2005; van Mantgem et al., 2009; Williams
et al., 2013). Under this context, adaptive forest management is
conceived as useful strategy that shapes forest-water relationships
to improve the capability of these forests to face the effects of
climate change (del Campo et al., 2017).

Soil moisture can be an accurate proxy of water availability in
a semi-arid forest as it is an important water source for vegetation
development, and one of the most important factors controlling
hydrological processes (Castillo et al., 2003; Seeger et al., 2004).
Changes of soil water may greatly affect tree species diversity
and forest canopy structure. In turn, changes in vegetation,
which are often pursued in forest management, typically lead
to changes in soil moisture. Therefore, soil moisture is a key
variable in quantifying the impact of forest management on the
forest-water relationship (del Campo et al., 2019b). There are
different measuring methods to obtain reliable estimates of soil
moisture, depending on the required spatio-temporal accuracy,
ranging from direct manual measurements to satellite-based
sensors (Vereecken et al., 2008). Time domain reflectometry
(TDR) and capacitance sensors have been extensively used at
the local scale (Gardner et al., 1998; Seyfried and Murdock,
2001; Topp and Ferré, 2006). Both are invasive methods that
require several measurement points to estimate representative
spatial and temporal mean soil water contents (Molina et al.,
2014). In natural ecosystems, the need for a large number of
measurement points is typically greater because the heterogeneity
of soil moisture is larger compared to arable land, due to the
typically greater differences in topography and vegetation cover,
the uneven input of litter and the less intensive mixing of the soil
(Hawley et al., 1983; Flinn and Marks, 2007). Alternatively, soil
moisture sensors with larger measurement support could be used

that are able to better cover the local scale variability, e.g., non-
invasive methods like remote sensing or geophysical methods (Lv
et al., 2014; Bogena et al., 2015). Although their capabilities are
improving constantly, satellite based remote sensing currently
shows lower accuracy than geophysical methods at the field to
catchment scale (Lv et al., 2014). Therefore, when measuring
soil moisture in forests, CRNP could be a compromise solution
between spatial heterogeneity, accuracy and functionality.

The CRNP is a novel, non-invasive technique to measure
the areal-averaged soil moisture of an effective depth in the
order of decimeters within a radial footprint on the order of
several hectares (Zreda et al., 2008; Andreasen et al., 2017). The
CRNP are detectors that measure the fast neutron intensity at
ground level generated by cosmic radiation (Heidbüchel et al.,
2016). The interaction of fast neutrons with hydrogen atoms,
which are mainly present in soil moisture, lowers the intensity
of fast neutrons detected by the CRNP. Therefore an inverse
relationship between neutron intensity and soil moisture exists
that can be exploited to monitor soil moisture dynamics at the
field scale (Bogena et al., 2013). According to Schrön et al. (2017),
the CRNP provides indirect measurements of soil moisture over a
circular footprint with an effective radius ranging approximately
from 150 to 210m (i.e., from about 7 to 14 hectares) depending
on various factors, e.g., soil moisture, atmospheric pressure, air
humidity, vegetation biomass etc. The contribution of neutron
counts decreases rapidly with separation distance from the CRNP
(Zreda et al., 2012), and ∼50% of the cumulative fraction of
neutron counts is contributed from distances <50m (Schrön
et al., 2017). The effective measurement depth strongly depends
on soil water content (SWC), and decreases non-linearly from
around 70–80 cm in dry soils to∼12 cm in saturated soils (Zreda
et al., 2012). The CRNP is most sensitive to soil moisture in the
upper soil horizon, and this sensitivity decreases exponentially
with depth (Schrön et al., 2017).

Measurements of soil moisture with CRNP have been reported
in many studies (e.g., Bogena et al., 2013; Hawdon et al., 2014;
Lv et al., 2014; McJannet et al., 2014; Rosolem et al., 2014;
Heidbüchel et al., 2016; Jana et al., 2016; Schreiner-McGraw
et al., 2016; Wang et al., 2018), and around 60% have been
carried out in crop or grasslands, 30% in forests and 11% in
mixed forest-grassland ecosystems. Only 22% of these studies
have been carried out under dry climates, such as semi-arid, and
only 4% correspond to dry forests. Thus, there appears to be a
gap of CRNP usage in semi-arid forests that alternate between
very wet and very dry conditions. This inter-annual variation
may strongly affect the effective penetration depth of CRNP,
which is a particular challenge for the adequate interpretation of
CRNP-derived soil moisture information (Schrön et al., 2017).
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This study aims to contribute to filling this experimental
gap by means of a dual objective dealing with the comparison
between CRNP and capacitance sensors in a semi-arid forest,
given their different spatial representativeness for (indirectly)
measuring soil moisture content. On the one hand, we aim to
analyze how the derived soil moisture from both methodologies
is correlated with the environmental variables of the study
area. On the other hand, we pursue to study which sensor is
better indicating a physiological response to thinning and can
therefore be used as a proxy of water availability in managed
and unmanaged forests. To achieve this dual objective, the
following secondary objectives were assessed: (a) to calibrate
and validate CRNP through common procedures; (b) to study
the degree of correlation between soil moisture (measured by
CRNP or capacitance sensors) with different environmental
variables like vegetation transpiration, and (c) to compare the
potential explanatory power of CRNP and capacitance sensors
when addressing the role of thinning on stand transpiration. To
this end, the present work takes advantage of an experimental
context that already exists in a pine stand growing under semi-
arid conditions, where several measurements in the soil-plant-
atmosphere continuum are taken in order to understand the role
of thinning on tree-water relations (del Campo et al., 2019b;
González-Sanchis et al., 2019).

MATERIALS AND METHODS

Study Site and Forest Treatments
The study was carried out in a semi-arid forest with
high tree density, located within the natural park of “La
Sierra Calderona” (39◦42“N, 0◦27”W, altitude: 790m asl) in

the province of Valencia (Spain) (Figure 1). The existing
vegetation is a young Aleppo pine stand with scattered shrubs
(such as Quercus coccifera, Juniperus oxycedrus, and Ulex
parviflorus) regenerated after a wildfire occurred in 1992.
The climate is Mediterranean, characterized by high temporal
rainfall variability and intense droughts (means of annual
precipitation and potential evapotranspiration of 342 and
837mm, respectively); with extreme dry years with cumulated
precipitation lower than 150mm. More information about
vegetation, climate, soils and other bio-geographical traits is
found in del Campo et al. (2018, 2019b) and González-Sanchis
et al. (2019).

No forest management has been carried out since the 1992
wildfire, except for 2012 (between January and October) when
a small portion of the forest was managed in the context of
an experimental study and a contractor of the Forest Service
executed juvenile thinning with shrub clearing. The thinning
removed the trees with the smallest diameters and the double-
stemmed trees (reduction of 74% of basal area or 94% of tree
density) (Table 1), trying to achieve a relatively homogeneous
forest cover distribution. The experimental design consisted of a
representative control plot (C) with no thinning and a contiguous
thinned plot (T), each of them having an area of 1,500 m2. Both
plots have similar slope (27.8 vs. 32.0%) and aspect (311◦ vs. 319◦

NW). More details about forest structure can be found in del
Campo et al. (2018, 2019b) and González-Sanchis et al. (2019).

Measurements
Climatic Variables
Air temperature (T, ◦C) and relative humidity (RH, %) were
measured (CS215, Campbell Sci., Decagon Devices, Pullman,

FIGURE 1 | The experimental site within the “Sierra Calderona” Natural Park (Valencia, Spain). The dashed area indicates the treated area in 2012. R1, R33, and

R140 indicate soil samplings with radii of 1, 33, and 140m, respectively. The control and treatment plots are indicated by black and white line, respectively. The picture

in the upper right shows one of the CRNP probes.
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TABLE 1 | Forest structure metrics (means and standard deviations) in control (C) and treatment (T) for the period between 2014 and 2019.

T C

Year DBH (cm) DB (cm) DBH (cm) DB (cm)

Mean SD Mean SD Mean SD Mean SD

2014 13.25 5.86 8.59 4.03 10.69 3.89 6.99 3.26

2015 14.09 5.82 9.24 4.09 11.05 4.16 7.71 3.10

2016 14.83 5.31 10.08 4.07 12.08 3.78 7.92 3.28

2017 15.63 5.16 10.78 4.12 12.66 3.84 8.47 3.28

2018 16.42 4.98 11.52 4.21 13.36 3.84 8.94 3.33

2019 17.21 4.85 12.26 4.31 14.06 3.86 9.41 3.39

mean 15.24 5.33 10.41 4.14 12.32 3.89 8.24 3.27

DBH, diameter at breast height; DB, basal diameter at 30 cm height. Tree density in T and C:705 and 11,300 tree ha−1. N, 9 trees per plot.

WA, United States) in each experimental plot at two different
heights, one at 2m above the ground and the other at 6.5m.
Gross Precipitation (Pg, mm) was measured with a tipping-
bucket (0.2mm resolution) at 6 meters above the ground (7852,
Davis Instruments Corp., Hayward, CA, United States). The net
precipitation (Pn) has been calculated by the difference of Pg
minus the canopy interception (It); the canopy interception was
estimated to be 16.7 and 36.4% of Pg for T and C, respectively
(del Campo et al., 2018). Wind speed (Ws, m s−1) and direction
(Wd, ◦) were obtained using an anemometer (Anemometers
7911, Davis Instruments Corp.), located on the same mast
measuring T and RH at 6.5m above the ground. The sensors were
connected to a data-logging unit (CR1000, Campbell Sci., UT,
United States) supplemented with two AM16/32B Multiplexers,
two SDM-IO16 expansion modules, a solar panel and a 12V
battery. Data was stored every 10min. Vapor pressure deficit
(VPD, kPa) was calculated following standard Equations (1–3)
based on T and RH:

VPsat = 6.108× exp((17.27× T)/(T + 273.3) (1)

VPair = VPsat × RH (2)

VPD = VPsat − VPair (3)

Where T is air temperature (◦C), VPsat is the air saturated vapor
pressure (kPa), VPair is the air vapor pressure (kPa) and VPD is
the vapor pressure deficit (kPa).

Soil Moisture
Soil moisture (θ, m3 m−3) was continuously measured every
10min, or every 5 s when raining, by means of capacitive probes
(EC-5, Decagon Devices Inc., Pullman, WA) connected to a
CR1000 data-logger. The EC-5 sensors were installed by digging
nine pits per experimental plot (systematically placed), organized
into three groups following contour lines (del Campo et al.,
2019b). In each group, one of the pits contained two sensors
poked horizontally at depths of 15 and 30 cm into the unaltered
upslope pit face, whereas in the other two pits one sensor was
poked at 15 cm depth (12 EC-5 sensors per plot, 24 EC-5 sensors
per experimental site). The pits were regularly placed on a grid

of 10 × 10m to get a good estimate of mean soil moisture
(Molina et al., 2014). After installation, the pits were backfilled
with the excavated soils and slightly compacted to achieve a
similar bulk density as the original, unaltered soil. As already
reported in del Campo et al. (2018), a soil-specific calibration
was not possible due to the stoniness at the field site, hence we
used the standard EC-5 calibration (for mineral soils) in all cases
(Detty and McGuire, 2010). For the validation of the CRNP, we
considered the weighted θ average for each experimental plot
based on the number of probes for each soil depth.

Stand Transpiration
Tree sap flow velocity (Vs, cm h−1) was measured every half
hour by the heat ratio method (HRM) (Burgess et al., 2001).
Eighteen home-made sap flow sensors were installed in 9 trees
per plot [see González-Sanchis et al. (2019) for more details]. The
sensors were installed on the upslope side at a height between
0.3 and 1m. In addition, all sensors were connected to a data
logger, a 12V battery and a solar panel (CR1000, Campbell Sci.,
UT, United States). Sap flow (Sf) was obtained by calculating
sapwood area (Sa, m−2) and up-scaling sap flow velocity (Vs, cm
h−1) using the Excel macro provided by Berdanier et al. (2016).
Subsequently, Sf was up-scaled to stand transpiration per plot (Tr,
mm day−1) by using the number of trees (De, tree m−2) as scalar.
We obtained a correction factor (cf) by regressing Sf on Sa (R2 >

91%) so that the Sf corresponding to the mean sampled tree was
corrected to the mean plot tree (del Campo et al., 2019a).

Biomass Calculation at Plot Scale
Total biomass (Tb, kg m−2) was calculated using the allometric
Equations (4–8) proposed by Ruiz-Peinado et al. (2011) for
Pinus halepensis:

Bs = 0.0139× d2 × h (4)

Bb7 =
[

3.926×
(

d − 27.5
)]

× Z (5)

Bb7−2 = 0.00162× d2 × h (6)

Bb2+l = 0.0844× d2−0.0731× h2 (7)

Bb = 0.155× d2 (8)

Frontiers in Water | www.frontiersin.org 4 November 2020 | Volume 2 | Article 552508

https://www.frontiersin.org/journals/water
https://www.frontiersin.org
https://www.frontiersin.org/journals/water#articles


González-Sanchis et al. CRS vs. Capacitance in Semi-arid Forest

where Bs is the stem biomass, Bb7 is the biomass of thick branches
(>7 cm of diameter), Bb7−2 is the biomass of medium branches
(between 7 and 2 cm), Bb2+l is the biomass of small branches
(<2 cm) and leaves, and Bb is the root biomass. d is de tree
diameter at 1.30m, h is tree height in meters and Z is 0 when
d ≤ 27.5 cm, and 1 when d ≥ 27.5 cm.

Finally, Tb was calculated by summing up the different
biomass parts of all trees and dividing this value by the area of
each experimental plot.

Cosmic-Ray Neutron Sensors
Two CRNP (CRS-1000, Hydroinnova LLC, Albuquerque, NM,
United States) were installed at the study site, one in the thinned
(T) plot in January 2017, and the other one in the control (C)
plot in June 2019 (Figure 1). In summary, the CRNP counts
fast neutrons that enter the detector tube as indication for the
local fast neutron intensity. The neutron count rate is corrected
by the atmospheric pressure (Patm), the absolute water content
in the air (Habs), the influence of the incoming neutrons (Inn)
and finally, the influence of the amount of vegetation on these
neutrons (fveg). For more details about CRNP see Bogena et al.
(2013), Heidbüchel et al. (2016), and Zreda et al. (2008). This
setup involved two different measurement periods for each
experimental plot, January 1st 2017 to October 22th 2019 for
the T plot, and June 17th 2019 to October 22th 2019 for the C
plot. Therefore, CRNP data was simultaneouslymeasured in both
plots during a period of 4 months.

Sampling soil campaigns
The soil characterization at the experimental plots was carried out
by collecting soil samples at four points in each plot, distributed
along the slope and randomly selected in March 2013. At each
point, a metal frame of 25× 25 cm was used to collect separately
the litter layer, the humified organic layer underneath and the top
mineral soil layer from 0 to 5 cm. The deeper samples (from 5 to
20 cm and below 20 cm when possible) were taken with a 5 cm
diameter helicoidal probe. Soil depth was highly variable from
less of 20 cm to more than 70 cm. The samples were weighed, air
dried and different fractions were separated by sieving through
2mm mesh size. Air-dry soil humidity was determined in a
subsample by drying at 105◦C until constant weight. The larger
fraction was separated (by hand) into stones, roots, leaf debris,
woody debris and miscellaneous organic fraction. In the fine
fraction, we determined soil pH in a 1:2.5 water suspension,
inorganic carbonate content by the Bernard calcimeter method
(MAPA, 1994), and total organic carbon (TOC) by the Walkey-
Blackmethod (Nelson and Sommers, 1982). The litter layer depth
of C and T plots was measured at 9 points per plot, randomly
distributed along the slope.

For CRNP calibration five soil samples were taken using
different procedures. The first two sampling campaigns (T1 and
T2) were carried out following the usual calibration procedure
suggested by Bogena et al. (2013) which includes 18 extraction
points distributed in 3 different circumferences (radius of 1,
33, and 140m) whose center is CRNP, 6 extraction points
per circumference (Figure 2). However, since the large volume
of rock complicated the sampling procedure, during the rest

FIGURE 2 | Schematic representation of the soil-sampling campaigns. The

red point represent the CRNP probe while the blue ones are the sampling soil

locations. (A) the calibration procedure described by Heidbüchel et al. (2016)

(T1 and T2 samples); (B) new calibration procedure used in this study (T3, C1,

and C2 samples).

of the sampling campaigns (T3, C1, and C2) the number of
samples was reduced. This reduction was carried out attending
to the significant differences between gravimetric humidity of
samples from T1 and T2 campaigns. In these sense, sampling
campaigns T3, C1, and C2 was carried out by sampling just in
those extraction points were no significant differences between
gravimetric humidity of T1 and T2 campaigns was observed
(Figure 2B). As a result, sampling campaigns T3, C1, and C2
used 9 extraction points, while T1 and T2 collected samples at
18 points, both distributed within 3 sampling circumferences. At
each sampling circumference, samples were collected in different
orientations and depths. In T1 and T2, there were 18 extraction
points in all directions (N, NE, NW, S, SE, and SW) and at
all depths (0–5, 5–10, 10–15, 15–20, 20–25, 25–30), but for T3,
C1, and C2, the direction was also reduced to N, SE, and SW
(Figure 2).

Water equivalent of the belowground hydrogen content pools
was obtained by considering composite samples for the six
different soil depths from all sample locations (∼2 g of soil
from each location) (Heidbüchel et al., 2016). These soil samples
were sieved through a 200µm mesh size, oven-dried for 24 h at
105◦C and weighted to determine the gravimetric water content.
Subsequently, the soil samples were consecutively heated at 400,
700, and 1,000◦C during 24 h to determine the contents of soil
organic matter and lattice water. We included an intermediate
step (700◦C) to account for weight losses due to thermal break-
down of carbonates at temperatures above 430◦C because of the
high carbonate content of the soil. Soil organic matter and root
biomass content of each soil sample was obtained from the weight
difference between the 105 and 400◦C, and lattice water content
by the weight difference between 700 and 1,000◦C.

Cosmic-ray sensor neutrons correction and calibration
The first step was to correct the mean daily arrival of neutrons
by the different equations proposed by Zreda et al. (2012) in
order to account for the influence of atmospheric pressure
(Equation 9), incoming neutrons (Equation 10) and air water
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vapor (Equation 11):

Np (t) = Nraw × e

(

P−P0
L

)

(9)

Where Np is the number of neutrons corrected for atmospheric
pressure (Patm) variations. The gross neutron count (Nraw) is
corrected for day specific air pressure variations, where P (hPa)
is the daily pressure and P0 (hPa) is the reference air pressure,
calculated over the complete measurement period, and L is
the mass attenuation length for high-energy neutrons (mbar or
equivalent in g cm−2) that varies progressively between ∼128 g
cm−2 at high latitudes and 142 g cm−2 at the equator (Desilets
and Zreda, 2003). The incoming neutron intensity was obtained
from the Neutron Monitor Data Base (NMDB) of Castilla-La
Mancha station (CALM), and the number of neutrons was in
addition corrected to fluctuations in neutron intensity:

Npi (t) = Np ×
Innavg

Inn
(10)

where Npi is the number of neutrons corrected by the incoming
neutron intensity, Innavg is the average neutron intensity over
the measurement period and Inn is the day specific neutron
intensity. Finally, the neutron count intensity is corrected for
atmospheric humidity:

Npih (t)=Npi (t)× [1+0.0054× (H−H0)] (11)

Npih is the number of neutrons corrected for air humidity

variations, where H0 is the average air humidity (g cm−3) over
the measurement period and H is the day-specific air humidity
value (g cm−3).

Once the incoming neutrons were corrected, these were
converted into soil moisture (O(t)) by using the following
equation and calibration with help of measured soil moisture
contents by each sampling campaign (Og):

O(t) =

{[

a0 ×

(

Npih(t)

N0
− a1

)−1

− a2

]

× ρbd

}

−WL − (SOM + BR) (12)

where ρdb is bulk density (g cm−3),WL is latice water (WL,
m3 m−3), SOM is the water equivalent of soil organic matter
content (m3 m−3), BR is root biomass (BR, m

3 m−3), Npih(t)
is the corrected count neutrons; parameters a0, a1, and a2 are
0.0808, 0.372, and 0.115, respectively, according to Desilets et al.
(2010), and N0 is the parameter to be optimized using in-situ soil
moisture measurements.

N0 was obtained from a non-linear optimization, minimizing
the Root Mean Square Error (RMSE) between the soil moisture
measured in the field (Og) and calculated soil moisture content
(O(t)), according Equation 12.

The water content of the raindrops was not considered in the
CRNP retrieval as this effect does not belong to the standard
procedure, which only accounts for pressure, humidity and
incoming neutrons (e.g., Zreda et al., 2012). Furthermore, rainfall
events at the study site are not frequent and this study focuses on
vegetation effects.

TABLE 2 | Classification according to the water content in the soil.

Sub-periods Plot OCRNP (m−3 m−3)

WT T >0.178

TT 0.114–0.178

DT <0.114

WC C >0.157

TC 0.1–0.157

DC <0.1

WT and WC, are the periods when the soil is wet for thinned (T) and control (C) plots; TT
and TC, are the periods when the soil is neither too wet nor too dry; DT and DC, are the
ranges of water content in the soil for each class.

Considering the biomass effect
The correction for the influence of vegetation on the CRNP data
was performed at each plot following Baatz et al. (2015). To that
end, first, the number of base neutrons corresponding to total
biomass (Table 2) was calculated according to Equation 13:

N0
′=−r × Tb+N0, BWE=0 (13)

where r is the ratio between the hourly neutron count and the kg
of water equivalent in the biomass (BWE, kg m−2) and N0,BWE=0

is the number of base neutrons when total biomass (Tb; kg
m−2) is not considered. Section Biomass calculation at plot scale
specifies how Tb is calculated.

Subsequently, Npihv(t) was obtained by multiplying Npih by a
correction factor (fveg) calculated as follows (Equation 14):

Npihv(t)=Npih (t)×fveg=Npih (t)×
(

1− r/N0,BWE=0×BWE
)−1

(14)

Finally, when Npihv was obtained, the optimization of N0 was
carried out again, to check for the variation of RMSE when using
the vegetation correction factor (fveg).

Cosmic-Ray Neutron Probe Validation
The validation was carried out by comparing the CRNP and
capacitance soil moisture estimations using two methodologies,
the RMSE and the Kling-Gupta efficiency (KGE) (Gupta et al.,
2009; Kling et al., 2012). This validation was independently
developed for T and C plots, not only for the whole time
series, but also for three different sub-periods. The semi-arid
climate conditions of the study site are expected to provide soil
moisture values within a wide range, which includes wet and
very dry periods. Schreiner-McGraw et al. (2016) also studied the
performance of CRNP in a semi-arid environment, and in spite of
the good results, the worst performance was observed in wet and
dry periods. Hence, with the aim to assess the CSR performance
under very different soil moisture conditions, this study divides
the soil moisture dataset according to the capacitance soil
moisture values. This classification in sub-periods was done for
each plot, by using the machine learning methodology K-Nearest
Neighbor (kNN) (Cristianini and Shawe-Taylor, 2000; Chirici
et al., 2016). As a result, three sub-groups (k = 3) per plot were
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TABLE 3 | Summary of environmental variables for the complete time series period (A) and when considering the three sub-periods according to the kNN classification

(W, wet period; T, transition period; D, dry period).

Period Plot Tr

(mm)

2CRNP

(m3m−3)

2g

(m3m−3)

T (◦C) Pg (mm) Pn (mm) VPD

(kPa)

RAD

(W m−2)

A T 0.29 0.15 0.14 14.70 303.7 252.8 5.50 190.33

W 0.31 0.23 0.20 10.29 148.22 123.47 3.24 123.54

T 0.32 0.16 0.14 13.72 107.21 113.6 5.46 196.94

D 0.22 0.12 0.10 17.97 18.72 15.6 6.53 208.04

A C 0.55 0.14 0.11 14.60 303.7 193 5.49 190.33

W 0.61 0.23 0.18 10.07 127.7 81.24 3.28 122.74

T 0.67 0.16 0.12 12.50 146.6 93.2 4.74 179.53

D 0.41 0.10 0.08 18.01 29 18.5 6.82 218.69

Plot: T is the treated area and C is the control area. Soil water content is presented as daily average for each sensor, 2CNRP for CRNP and 2g for capacitance probe. T (◦C): is the
average daily air temperature for the complete measurement period. Pg is the average annual gross precipitation. Pn is the average annual net precipitation. VPD is the average daily
vapor pressure deficit. RAD is the average daily solar radiation.

obtained: wet (WT, WC), transition (TT, TC) and dry (DT, DC)
(see Table 2).

The RMSE was calculated as the difference in soil moisture
value measured by the capacitance method (Og) and the
CRNP (OCRNP):

RMSE =

√

∑n
i=1 (Θgi− ΘCRNi)2

n
(15)

KGE uses the difference in the ratio between the modeled
(OCRNP) and observed (Og) soil moisture values (β =

OCRNP/Og) and the variability in their respective time series
[γ = (σCRNP/µCRNP)/(σg/µg)]; where modeled values are those
obtained as described in sections Cosmic-ray sensor neutrons
correction and calibration and Considering the biomass effect
with the CRNP, and the observed ones are the mean values from
the capacitance probes for each experimental plot. KGE was
obtained according to Equation (16), where r is the correlation
coefficient between modeled and observed values.

KGE = 1−

√

(r − 1)2+ (β − 1)2+ (γ − 1)2 (16)

KGE ranges between 0 and 1, and 1 indicates a perfect result.
The CRNP effective depth of each probe was calculated according
Franz et al. (2012).

Statistical Analyses
The assumption of a Gaussian distribution of the different
datasets was studied using a Kolmogorov-Smirnov (K-S) test
with the Lilliefors correction. To analyze the correlations between
soil moisture (capacitance and CRNP) and the environmental
variables, a Pearson correlation test was done for variables for
which the null hypothesis that these variables are Gaussian
distributed was not rejected. On the other hand, a Spearman
non-parametric correlation test was done for the variables for
which the null hypothesis that they are Gaussian distributed
was rejected. Both tests, Pearson and Sperman, were carried out
at p < 0.05 level. Subsequently, the temporal lag between O

and the environmental variables was studied by daily misplacing
the environmental variables until the time lag with the greatest
correlation and significance was found.

Finally, the technique of boosted regression trees (BRT) was
used to study the capability of each methodology to register a
physiological response to thinning. The BRT study was carried
out following the methodology proposed by Elith et al. (2008),
using as dependent variable stand transpiration and grouping
the rest of the environmental variables in order to describe their
importance: atmosphere (T, VPD, RAD, Ws), precipitation (Pg,
Pn) and finally soil moisture (OCRNP and Og).

RESULTS

Environmental Conditions During the Study
Period
The environmental variables showed a typical Mediterranean
semi-arid climate with an average annual gross precipitation
(Pg) over the measurement period of 304mm, where 253 and
193mm correspond to the net precipitation (Pn) for T and C
plots, respectively. The average annual temperature was almost
15◦C, with annual minimum and maximum daily averages of
−1.3 and 30.3◦C, and the annual average vapor pressure deficit
is 0.97 kPa (see Table 3).

The measurements of soil moisture with capacitance probes
during the study period (January 2017- December 2019) were
significantly different between C and T, where T showed higher
values (p < 0.05; see Figure 3). Likewise, the complete time
series of stand transpiration (Tr) showed significant differences
between C and T plots (p < 0.05), with higher values now for the
C-plot and mean transpiration values of 0.63 vs. 0.39mm day−1

for C and T, respectively.

Soil Characteristics
Tables 4, 5 show soil characteristics of the experimental plots.
Soil has a loamy-clay texture with a high content of stones and
a well-developed organic horizon (litter layer) mainly composed
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FIGURE 3 | Soil water content measured with capacitance probes in each plot. Blue bars represent the daily gross precipitation. Black line is the soil water content

measured with capacitance probes in T-Plot. Black dashed line is the soil water content measured with capacitance probes in C-Plot.

TABLE 4 | Soil characteristics at the experimental plots.

Soil layer Stoniness % Root percentage % CaCO3 % pH TOC %

Litter layer 7.0 ± 8.3 0

F/H layer 54.9 ± 23.4 0

0–5 cm 33.7 ± 19.5 0.16 ± 0.06 27.9 ± 11.0 8.24 ± 0.17 5.1 ± 2.3

5–20 cm 20.3 ± 18.1 0.29 ± 0.13 34.2 ± 14.0 8.33 ± 0.17 2.3 ± 1.4

20–30 cm 5.3 ± 4.8 0.050 ± 0.04 39.6 ± 9.1 8.49 ± 0.06 1.0 ± 0.4

>30 cm 21.7 ± 4.3 0.01 ± 0.01 50.3 ± 0.8 8.51 ± 0.00 0.6 ± 0.1

TOC, Total Organic Carbon.

TABLE 5 | Organic material (g m−2), depth (mm) and presence (%) of the litter layer in both experimental plots.

Plot Depth Presence Woody

debris

Miscelaneous >

2

mm

Needles <2mm

T 2.9 ± 6.3 60 2,780 ± 2579 1,825 ± 513 506 ± 609 2,858 ± 2,529

C 3.1 ± 5.2 98 159 ± 131 1,573 ± 948 320 ± 385 1,323 ± 1,165

Values are mean ± standard deviation (n = 4 in each plot).

by needles. The C plot shows a more extended and thicker litter
layer than the T plot (see Table 5).

Calibration and Validation of the CRNP
Calibration for Both Plots
The calibration was carried out following Bogena et al. (2013),
with and without applying the vegetation correction factor, fveg
(see Table 6). The vegetation effect appears not to be significant
in the T plot, where in spite of showing lower N0 and RMSE,
no significant differences were observed when comparing the

OCRNP values with and without the application of fveg. On the
contrary, the fveg in the C plot did significantly decrease OCRNP

measurements (mean OCRNP with and without fveg of 0.144
and 0.216 m−3m−3, respectively) (see Figure 4 and Table 6).
The general validation of CRNP although showed a slight
overestimation of O, resulted in KGE values of 0.84 and 0.40

for T and C plots, respectively, without applying the vegetation

correction factor. When applying fveg, the performance was not
affected for the T plot, but the KGE value of C increased to

0.75 (see Table 7 and Figure 5). Likewise, the validation for the
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TABLE 6 | Soil characteristics and variables for CRNP calibration.

Date Plot S.S. 2g + SOMLw Patm ρbd Inn a0 a1 a2 No fveg Yes fveg

N0 RMSE N0 RMSE

3/20/17 T T1 0.246 930 1.19 71.99 0.081 0.372 0.115 3795.0 0.013 3541.3 0.013

3/07/18 T2 0.270

7/17/19 T3 0.167

7/17/19 C C1 0.193 1.23 1781.4 0.021 1030.4 0.007

9/19/19 C2 0.265

Date is the soil sampling day. Plot: T is the treated plot and C is the control plot. S.S is the sampling soil in wet conditions (T1, T2, and C2) and dry conditions (T3 y C1). 2g + SOMLw

is the gravimetric water + equivalent water of SOM+lattice water (m3 m−3). Patm is the average atmospheric pressure of all serie (hPa). ρbd is the bulk density for each plot (g cm−3 ).
Inn is the average of incoming neutrons from CALM station. a0, a1, and a2 are the parameters obtained by Desilets et al. (2010). N0 : optimized parameter. Yes and No fveg: application
or not of the vegetation correction. N0 : optimized parameter. RMSE is the root mean square error about the calibration with sampling point in each plot (m3 m−3).

3 different sub-periods (wet, transition, and dry) showed only
a significant effect of the vegetation correction factor for the
control plot improving the performance (see Table 7).

As expected, the partial validation using the different sub-
periods provided the lowest CRNPmeasurement accuracy during
extreme soil water conditions (dry andwet) at both plots, whereas
the best performance was found during the transition period
(see Table 6). Og at the different soil depths (15 cm, 30 cm and
its averaged value) and 2CRNP were significantly correlated, for
both plots, and for the wet and transition sub-periods. However,
for the dry sub-period, Og−C values did not show significant
correlations. On the other hand, the effective depth of both CRNP
ranged from 18.5 to 28.0 cm for T plot, and from 18.1 to 29.9 cm
for C plot, indicating its suitability to be compared to Og at 15
and 30 cm depth.

Relationship Between Soil Moisture (EC-5
and CRNP), Environmental Variables, and
Stand Transpiration
According to Table 8, the general pattern of correlation
among 2 and environmental variables was quite similar
for both measurement methods when considering the entire
measurement period, although the CRNP showed stronger
correlations with the environmental variables. Likewise, the
temporal dynamics of the three different EC-5 sensors was very
similar in both plots and during all periods and sub-periods (see
Table 8).

Correlations among O and the environmental variables varied
between plots and sub-periods, but generally, T plot showed a
better agreement between bothmethodologies than C plot. In this
sense, OCRNP−T only behaved differently during the dry period,
where it was significantly correlated to all the environmental
variables, while Og−T was only correlated to air temperature,
VPD, and RAD. On the contrary, OCRNP−C and Og−C, showed
different relationships with the environmental variables during
the three sub-periods (see Table 8).

CRNP measurements showed a significant correlation with
RH and VPD at both plots and during all sub-periods, while
EC-5 measurements were not always significantly related to these

variables, and when they were, the sign of the correlation was
not always the same. During the dry sub-period, CRNP for
the control and thinning plots showed opposite relationships
with RH (positive) and VPD (negative) than capacitance. Gross
precipitation revealed a positive relationship with OCRNP−T

during all sub-periods, while the relationship with OCRNP−C was
only significant during the dry sub-period (see Table 8).

CRNP and EC-5 showed a positive relationship with
Tr, if we consider the complete time series. It shows that
higher soil moisture content is associated with higher
transpiration. However, for the wet sub-period both soil
moisture measurement techniques showed a negative correlation
with transpiration. It seems that in the wet subperiod soil
moisture availability is not a limitation for transpiration
anymore. For the transition sub-period transpiration showed
only a positive correlation with Og−C, and no significant
correlations with Og−T, OCRNP−T, and OCRNP−C. The dry
period also showed different behavior between measurement

methods and plots. While OCRNP−C did not have a significant

correlation with transpiration, Og−C was highly correlated
to transpiration. On the contrary, OCRNP−T was positively

correlated to Tr, and so were Og−T average at 15 cm,
while 30 cm measures were negatively correlated to Tr
(see Table 8).

Finally, the temporal lag of the correlation between O and
the environmental variables, including transpiration at the C
and T plots, was analyzed. According to this analysis, there

was a differential behavior between plots and methodologies.

The T plot showed similar temporal lags for both measurement

techniques, while the C plot showed earlier responses of
CRNP soil moisture to temperature, VPD and RH than soil
moisture measured by capacitance probes. On the contrary,
the response to cumulated precipitation (4 days) and solar
radiation (1 day) was the same for the different plots
and measurement techniques. No temporal lag of Tr nor
RH was observed at T plot when using either CRNP or
capacitance, while C plot showed a temporal lag of 1 day
with Tr, and 0 and 1 day for RH with OCRNP−C and
Og−C, respectively.
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FIGURE 4 | (A) Comparison of soil water content values measured using capacitance probes (Og−T and Og−C) and CRNP at the T and C plots with the application of

the vegetation correction factor fveg (OCRNP−Tfveg and OCRNP−Cfveg) and without the application of the vegetation correction factor (OCRNP−T and OCRNP−C). (B) Zoom of

date comparison between plots.

TABLE 7 | Validation results of both CRNP probes.

Plot Period Without fveg With fveg

2CRNP 2g RMSE R2 KGE 2CRNP 2g RMSE R2 KGE

T A 0.15 0.14 0.03 0.86 0.84 0.15 0.14 0.03 0.86 0.84

W 0.23 0.2 0.03 0.53 0.02 0.23 0.2 0.03 0.53 0.02

T 0.16 0.14 0.03 0.63 0.48 0.16 0.14 0.03 0.63 0.48

D 0.12 0.1 0.02 0.01 −0.06 0.12 0.1 0.02 0.01 −0.06

C A 0.22 0.11 0.11 0.88 0.4 0.14 0.11 0.04 0.88 0.75

W 0.33 0.18 0.16 0.75 −0.6 0.23 0.18 0.06 0.76 0.07

T 0.24 0.12 0.12 0.68 0.16 0.16 0.12 0.04 0.68 0.63

D 0.16 0.08 0.07 0.04 −0.03 0.1 0.08 0.02 0.04 0.01

2t, Soil water content measured with CSR probe (m3 m−3). 2g, Soil water content measured with capacitance probes (m3 m−3 ). RMSE, root mean squared error (m3 m−3 ). R2, linear
regression coefficient. KGE, Kling-Gupta efficiency value. A, complete period; W, wet period; T, Transition period; D, Dry period.
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FIGURE 5 | Comparison of soil water content values measured using

capacitance and CRNP probes at the T (black squares) and C (gray circles)

plots after the vegetation correction.

Importance of Thinning Application on
Stand Transpiration
The previous results pointed to a similar performance of CRNP
and EC-5, although CRNP was consistently more affected by
the atmospheric variables than EC-5. However, concerning stand
transpiration, the difference between the two measurement
techniques was larger, mainly for the control plot. With the aim
to analyze this difference, two transpiration models were studied
considering either CRNP or EC-5 measurements by means of
boosted regression trees (BRT). To this end, transpiration was
used as a dependent variable to determine the importance of
thinning, and two different transpiration models were generated,
one with OCRNP values and another one with Og values as
independent variables together with meteorological and rainfall
partitioning variables. The BRT models showed different degrees
of fitting (CRNP-model: cv-correlation = 0.96, R2 = 0.92;
EC-5-model: cv-correlation = 0.97, R2 = 0.95) that indicated
a good performance of both models. The relative importance
of each variable is shown in Table 9. The results showed once
again the similarity between both measurement techniques,
although a slightly stronger correlation in the CRNP-model with
atmospheric variables was confirmed, as the CRNP-model relied
more on atmosphere and less on soil moisture and thinning than
the EC-5-model.

DISCUSSION

This study focused on the performance of CRNP for obtaining
reliable soil moisture values in a semi-arid forest, and on the
sensitivity of CRNP to forest management by comparing thinned
and non-thinned forest experimental plots.

In general, calibration (RMSE: 0.013 and 0.007 m3 m−3 for
T and C plots, respectively) and validation (KGE: 0.84 and 0.75
for T and C plots, respectively) procedures showed values that
indicate a good performance of CRNP, which in the case of the

non-thinned forest (C-plot), improved with the application of
the vegetation correction factor. These values are comparable
to those obtained in other studies such as that of Bogena
et al. (2013); they obtained a RMSE value of 0.025 m3 m−3

for a forested area, and Li et al. (2019), who found a RMSE
value of 0.025 m3 m−3 for a semi-arid environment, or Lv
et al. (2014), who found RMSE values varying between 0.011
and 0.023 m3 m−3 for a humid forest (gross precipitation of
950mm y−1). However, when comparing OCRNP to Og, there is
a general overestimation by CRNP that can be attributed to the
influence of biomass and the different measurement depths of
both methodologies and changes under the different subperiods
(Figure 5). In fact, a closer analysis by dividing the time series
into O sub-periods revealed that this general performance
decreases when dealing with extreme O values. In this sense,
this study found the CRNP performed worst in both wet and
dry sub-periods, where O was overestimated in both plots, and
even reaching negative KGE values for the T plot. Schreiner-
McGraw et al. (2016) studied the performance of CRNP in
two semi-arid catchments and also obtained the worst results
during dry and wet periods. As stated by these authors, the worst
performance under extreme soil water conditions could indicate
that OCRNP has a tendency to dry less quickly during some rainfall
events, and therefore overestimate O values. Schreiner-McGraw
et al. (2016) attributed this behavior to landscape features such
as nearby channels and their associated zones of soil water
convergence that remain wetter than areas measured by the
distributed sensor network. However, in our case, there are no
nearby channels, but a thick and continuous litter layer (Table 4)
capable of retaining a significant amount of water, and probably
increasing OCRNP values (Heidbüchel et al., 2016). In agreement
with this, OCRNP values showed more and stronger correlations
with the environmental variables, which probably indicate the
effect of this litter layer, whose wetting-drying dynamics are more
strongly related to precipitation than deeper soil layers (Bogena
et al., 2013). During the dry sub-period, these relationships were
even opposite to those of the capacitance sensor, and therefore
closer to the faster wetting-drying dynamics of surface water
(see Table 8).

The different measurement depths of the EC-5 sensors
and CRNP could also explain this performance variation. The
effective penetration depth of CRNP is dynamic, as it strongly
depends on SWC, decreasing non-linearly from around 76 cm in
dry soils to∼12 cm in saturated soils (Zreda et al., 2012). Our data
showed an effective penetration depth between 18 and 30 cm.
These values are very close to the location of the capacitance
probes, and therefore, the correlations between OCRNP and Og

at 15 and 30 cm depth might not be significantly different.
Accordingly, when comparing these values (OCRNP and Og, at
15 and 30 cm depth), no clear differences were found between
them. The CRNP is most sensitive to soil moisture within
the first centimeters and this sensitivity decreases non-linearly
with increasing depth (Schrön et al., 2017). Correspondingly,
the shallower capacitance measurements (Og at 15 cm) always
showed the strongest relationship with OCRNP (see Table 8), but
the correlation with Og at 30 cm was also significant at both
plots and during all sub-periods, except for the dry sub-period,
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TABLE 8 | Matrix of Spearman correlations among soil water content measured with capacitance (Og) and CSR (OCRNP) probes and the environmental variables at

thinned (T) and control (C) plots: Average temperature (Tm), Gross precipitation (Pg), accumulated precipitation (Pac), vapor pressure deficit (VPD), radiation (RAD), and

stand transpiration (Tr).

Period Plot Variables Pg T RH VPD RAD Tr Og Effective

depth (cm)

15cm 30cm Average.

A C OCRNP 0.38** −0.54** 0.63** −0.71** −0.67** 0.38** 0.87** 0.87** 0.87** 25.6 ± 4.6

Og Average 0.34** −0.36** 0.33* −0.41** −0.48** 0.34**

15 cm 0.33** −0.35** 0.33* −0.41** −0.48** 0.34**

30 cm 0.32** −0.39** 0.33* −0.43** −0.49** 0.36**

T OCRNP 0.27** −0.57** 0.21** −0.50** −0.41** .25** 0.89** 0.87** 0.89** 24.4 ± 4.0

Og Average 0.20** −0.40** 0.15** −0.34** −0.25** 0.24**

15 cm 0.19** −0.39** 0.15** −0.33** −0.24** 0.27**

30 cm 0.23** −0.42** 0.15** −0.35** −0.27** 0.16**

W C OCRNP – – 0.92* −0.88** – −0.82** 0.87** 0.85** 0.87** 18.1 ± 1.5

Og Average 0.64* – 0.85** −0.88** – −0.82**

15 cm 0.66* – 0.86** −0.88** – −0.82**

30 cm – – 0.84** −0.87** – −0.81**

T OCRNP 0.53** – 0.60** −0.20* −0.43** −0.46** 0.66** 0.66** 0.72** 18.5 ± 1.1

Og Average 0.26** – 0.31* – −0.22** –

15 cm 0.20* – 0.25** −0.19* – –

30 cm 0.30** – 0.37** – −0.48** −0.34**

T C OCRNP – – 0.47** −0.35* – – 0.81** 0.81** 0.81** 23.4 ± 2.7

Og Average – 0.44** – – 0.47** 0.34*

15 cm – 0.45** – – 0.50** 0.33*

30 cm – 0.40** – – 0.40** 0.38*

T OCRNP 0.22** −0.44** 0.22** −0.41** −0.31** – 0.78** 0.72** 0.81** 23.0 ± 2.2

Og Average 0.17** −0.27** 0.15** −0.27** −0.25** –

15 cm 0.12** −0.24** 0.13** −0.24** −0.21** –

30 cm 0.25** −0.30** 0.17** −0.30** −0.30** –

D C OCRNP 0.35* −0.70** 0.73** −0.80** −0.58** – – – – 29.9 ± 1.9

Og Average – 0.36* −0.49** 0.40* 0.38* 0.98**

15 cm – 0.37* −0.47** 0.38* 0.37* 0.97**

30 cm – – −0.54** 0.43** .038* 0.99**

T OCRNP 0.21** −0.64** 0.11* −0.53** −0.49** 0.31** 0.20** 0.46** 0.29* 28.0 ± 2.0

Og Average – 0.29** – 0.15** 0.49** 0.29**

15 cm – 0.33** – 0.18** 0.48** 0.45**

30 cm – 0.23** – 0.11* 0.47** –

*Sig. < 0.01; **Sig. <0.05; –no significant. A, complete study period; T, transition days; W, wet days; D, dry days. Effective depth of CRNP probes is expressed as mean ±

standard deviation.

where the behavior changes in both plots. During this period, the
effective measurement depth of CRNP also reached its maximum
value (28 cm), and in the case of the T plot, the correlation with
Og at 30 cm was higher than that of at 15 cm. Regarding the C
plot, despite the fact that the maximum of the CRNP effective
penetration depth was also 30 cm, no significant correlations
were found for any of the measurement depths. This fact could
be attributed to the low Og values registered during this period
(0.09 ± 0.004 m3 m−3), although this value was just slightly

lower than that of T plot during the same sub-period, where
the correlations were significant. Thus, the reason could not
be the low soil moisture but difference in processes between
the two plots. Looking closely to the comparison between both
methodologies during this sub-period, OCRNP−T and OgT show
a very similar variation, while on the contrary, in spite of the
short measurement period, OCRNP−C shows a standard deviation
(0.012 m3 m−3) one order of magnitude higher than OgC (0.004
m3 m−3). Schreiner-McGraw et al. (2016) and Heidbüchel et al.
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TABLE 9 | Relative importance (%) of the different variables considered in the

transpiration models using boosted regression trees.

Variable CRNP-model Capacitance-model

Soil water content 3.0 5.7

Thinning treatment 51.4 53.4

Precipitation 0.0 0.0

Atmosphere 37.5 34.4

Both models considered the same independent variables (except for rainfall partitioning,
estimated for each plot) but used different data for the soil water content: either
CRNP-model and Capacitance-model.

(2016) reported that the CRNP measurement signal is more
strongly influenced by the first 5 soil cm depth, and Lv et al.
(2014) reported a more sensitive response of CRNP to small
rainfall events than soil moisture measured by TDR at 10 cm
depth. Thus, soil water dynamics that CRNP is registering might
probably correspond more to the upper 5–10 cm, including the
litter layer, whose wetting-drying dynamics is significantly faster
than that of deeper soil layers [see Bogena et al. (2013)].

When analyzing the performance of CRNP with and without
forest management, a differential behavior of both plots was
observed. In general, OCRNP from T plot adjusted better to
Og values, and was not significantly affected by the vegetation
correction factor. This is related to the low biomass present in
the T plot (1.4 kg m−2). According to Hawdon et al. (2014),
values lower than 5 kg m−2 may have little influence on the
neutron count rate. Higher biomass also implies higher water
interception, which also affects the neutron count and may cause
an overestimation of soil moisture (Heidbüchel et al., 2016;
Jakobi et al., 2018). The litter layer of the C plot is practically
continuous and thicker than that for the T plot (Table 4), and
may have a similar effect as rainfall interception, increasing
the possibility of overestimating O after rainfall events. Hence,
the better performance of CRNP-T could be attributed to the
biomass effect (both, soil and vegetation), but also to spatial
and temporal representativeness. As shown in Figure 1, the T
plot includes most of CRNP horizontal footprint, whereas for
the C-plot this is <50% (Schrön et al., 2017). Thus, since the
C plot capacitance probes were installed only within this non-
thinned area, comparing these values with those that include
other conditions (CRNP-C) could undermine actual CRNP
performance. In terms of temporal representativeness, the time
series of the T plot was significantly longer than that of the C plot,
which only covered the summer period. Furthermore, during this
study period a high number of rainy days occurred with high soil
moisture conditions in which, as seen before, the CRNP showed
its worst performance. Therefore, the investigation period of
the C plot may have been too short to adequately test the
performance of the CRNP.

Despite the fact that the performance of the CRNP-C was
worse than for CRNP-T, OCRNP−C values showed a higher
correlation with environmental variables than OCRNP−T. This
difference between the plots could be due to the influence
of biomass on the fast neutron intensity (e.g., by rainfall

interception of the vegetation or the litter layer), i.e., by hydrogen
pools other than soil moisture (Heidbüchel et al., 2016). However,
on the other hand, Og−C values were more correlated to
environmental variables than Og−T. In this case, biomass may
also be responsible of this difference, but in a different way.
Soil moisture in semi-arid forests is an important water source
for the vegetation development (Castillo et al., 2003; Seeger
et al., 2004), and changes in this variable highly affect the forest
dynamic. In the same way, changes in vegetation (thinning)
affect rainfall partitioning and tree water consumption, which
directly affects soil moisture. This effect of forest management
has already been pointed out by del Campo et al. (2019b) for
this study site, as the thinning had significantly influenced rainfall
partitioning by reducing water interception and increasing soil
moisture. Thus, this effect together with the significant decrease
in tree water competition increases soil water availability and
therefore decreases the dependence of soil moisture dynamics on
environmental variables.

The stand transpiration also showed different correlations
with soil moisture for the plots, and in this case the C-
plot is the one that showed significant relationships with both
OCRNP−T and Og−T, while in the T plot the correlations were
weaker or non-significant, such as during the transition sub-
period. Furthermore, in contrast to the environmental variables,
the highest correlation values were found for Og−C in this
case, probably due to the biomass influence on the CRNP
and the different measurement support of the two methods
both in terms of footprint and penetration depth. During
the dry and transition sub-periods, OCRNP−C did not show
significant correlations with transpiration, while Og−C values
(at both measurement depths) were significantly correlated with
transpiration. Probably, during these sub-periods, the trees were
significantly transpiring more water from deeper soil layers,
which would enhance the relationship with Og at 15–30 cm.

Furthermore, the differential behavior of both soil moisture
measurement methods when comparing between plots is
probably related to the significant effect of thinning on rainfall
partitioning, as already observed by del Campo et al. (2019b).
The increase of O together with the diminishing of tree water
competition allows trees to transpire whenever the combination
between water availability and atmospheric demand is present.
This relationship is possibly due to the fragile equilibrium
between water supply and demand that exists in semi-arid forests,
where the water in the soil is what limits the transpiration (del
Campo et al., 2014). Nevertheless, since O is higher in the T
plot, the limiting role of the soil is significantly reduced, and
therefore the tree water consumption would be more related to
the atmospheric demand.

CONCLUSIONS

The results presented in this study confirmed the overall
reliability of CRNP in obtaining soil moisture in semi-arid
forests, but a lower measurement accuracy was found for very
dry and wet conditions. Furthermore, our results also show
the relevance of spatial heterogeneity within the measuring
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footprint to the CRNP measurements. Since the CRNP has
a much larger measuring volume compared to capacitance
sensors, this difference must be considered when comparing
the two measurements. Furthermore, it has to be considered
that in forests other processes, e.g., the interception of the
litter layer or the vegetation, can influence the comparison
with capacitance-based in-situ sensors. The CRNP showed
stronger relationships with environmental variables (T, HR,
VPD, and RAD), which were attributed to the effect of the
soil litter layer together with the high sensitivity of the CRNP
to the top 5–10 cm of soil. Both soil moisture measurement
methods showed a similar correlation with tree transpiration,
only insignificantly stronger for capacitance sensors. Both
methods were affected by biomass management, although
probably to different extents. The capacity sensors were directly
affected by the increasing net precipitation following forest
management, while the CRNP was also affected by precipitation
interception, as this reduced neutron intensity leading to
overestimation of soil moisture during rainfall and shortly
afterwards. In either case, both methods were able to capture the
physiological response of trees to thinning, which was reflected
in the increase in the correlation between transpiration and
soil moisture.
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