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Maps of soil water availability for
plants are a tool for precision irrigation management, allowing the
growers to save water and apply
an accurate amount of water in
appropriate areas.

Lettuce (Lactuca sativa L.) production in organic soils is important in Quebec,
Canada. Lettuce is highly sensitive to tip burn, a physiological disorder that
can lead to significant yield losses. Tip burn losses have been linked to various
factors, such as root water uptake deficits. A precision irrigation approach
using local applications of water based on lettuce requirements and soil
water available capacity (SWAC) reduces the occurrence of tip burn
but may need mapped spatial information of SWAC for proper irrigation
management. The objectives of this study were (i) to determine a rapid,
efficient, and reliable method for interpolating SWAC and (ii) to use this interpolation method in precision irrigation simulations in management zones to
demonstrate the importance of using SWAC maps. The methods for SWAC
interpolation used in this study were inverse distance weighting (IDW), thin
plate splines (TPS) and kriging with external drift (KED). The simulation used
a calculation procedure for mass balance that contained SWAC maps,
evapotranspiration (ET) and precipitation. A comparison of each interpolation method and multiple statistical criteria revealed that IDW and KED were
the most precise methods, depending on the study site. Simulations of precision irrigation showed that in many cases, local irrigation management
in seven to eight zones must account for the spatial distribution of SWAC to
attain an 80% irrigation adequacy for lettuce. Hence, using SWAC maps as
a tool for managing irrigation would allow growers to save water and to
apply an accurate amount of water in appropriate areas.
Abbreviations: ET, evapotranspiration; IDW, inverse distance weighting; KED, kriging with
external drift; SWAC, soil water available capacity; TPS, thin plate splines.
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Lettuce is an important crop produced in Canada, particularly in Quebec (an
average of 58,092 t was produced annually between 2008 and 2011; MAPAQ and ISQ,
2012). Approximately 2800 ha of Quebec land, mostly Histosols, are used for lettuce
production each year. In the United States, lettuce production represent about 278,900
acres and 90 million cwt of lettuce, with 53 million cwt head lettuce, 26 million cwt of
Romaine lettuce and 11 million cwt of leaf lettuce (Lu et al., 2011; Mossler and Dunn,
2014). In 2002, lettuce production on muck soil in Florida represented about 1% of US
lettuce (head, leaf, or Romaine lettuce). These organic soils are known to have specific
properties that modulate water storage and movement in the root zone layers (Schlotzhauer
and Price, 1999; Brandyk et al., 2002; Lafond et al., 2014). Moreover, organic deposits are
often spatially heterogeneous, as the nature of the material may vary dramatically both
horizontally and with depth (Heathwaite and Göttlich, 1993). Hence, these variations can
influence irrigation management practices (Périard et al., 2012). An understanding of the
spatial variability in the soil water storage capacity at the field scale is therefore crucially
important to improving irrigation management and saving water and energy.
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Soil water available capacity is a simple and widely used concept
that defines the amount of water that the soil can hold, which can
be used by plants to grow. Generally, the maximum available water
capacity is the difference between the soil water content at field
capacity and the soil water content at the permanent wilting point
of a specific crop (Romano and Santini, 2002). Since Veihmeyer
and Hendrickson (1927) first described water availability, many
authors have refined the concept to yield more realistic estimates
and to obtain a more universal and comprehensive definition
(Letey, 1985; Da Silva et al., 1994; Groenevelt et al., 2001; Minasny
and McBratney, 2003). Caution should be taken when considering a simple estimation of available water capacity because it is a
static or semistatic concept (Romano and Santini, 2002). Water
fluxes and transpiration rates in the soil–plant–atmosphere system
should be accounted for by using numerical models, which provide a superior evaluation of available water for plants compared
with observations alone. Estimates of available water capacity for
plants are easiest to obtain and apply (e.g., in mapping and irrigation management) in well-defined situations for a specific crop in
a specific soil.
Mapping of available water for plants requires interpolation of
measured spatial data. Inverse distance weighting (IDW), thin
plate splines (TPS) and kriging, which are the most commonly
used methods in hydrological and soil properties interpolations,
are used in this study (Ahmed and De Marsily, 1987; Cooke et al.,
1993). The IDW method is based on an inverse weighting function
of distance between data points in which the weights depend on
an exponent that must be greater than zero (Webster and Oliver,
2007). For instance, a value of 2 indicates that interpolation points
are calculated based on surrounding data points weighted by their
squared distances. The IDW method is deterministic and is not
discontinuous when the weighting exponent is greater than zero
(Webster and Oliver, 2007). However, the choice of the weighting
exponent is somewhat arbitrary, and the IDW method does not
consider the configuration of the sampling scheme (Webster and
Oliver, 2007). On the other hand, TPS is a deterministic method
with a local stochastic component; it is also a continuous interpolator, but it provides the option of either interpolating at the exact
data points or estimating points that produce a smoother surface
(Webster and Oliver, 2007). Thin plate splines may be compared
to bending a thin sheet of metal to match the measured data. This
method can be characterized by local accuracy and global accuracy.
The optimization of the interpolation is performed by using an
objective function that involves minimizing (i) the error between
the observations and interpolated values at the observation locations and (ii) the bending of the thin metal sheet. The minimum
error at the observation locations maximizes the local accuracy,
while minimizing the bending energy of the sheet detracts from
the local accuracy, and increases the global accuracy. An advantage of the TPS method over kriging is its simplicity (Boer et al.,
2001). Kriging is a stochastic approach in which a trend and its
residual components can be modeled by a semivariogram (Webster
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and Oliver, 2007). The residual components represent the realizations of the zero mean and the uncorrelated random errors, and
these residuals are modeled through a parametric function of the
semivariance for various distances between data points. Kriging
estimations are continuous, local, and either linear or nonlinear,
and they follow a wide range of least-squares methods for spatial
estimations (Webster and Oliver, 2007). An evaluation of the differences between the spatial interpolation methods is the first step
in spatially characterizing the soil water available capacity as a tool
for precision irrigation.
The objectives of this study were to (i) compare the different interpolators and determine a rapid, efficient, and reliable method for
interpolating soil water available capacity and (ii) use this interpolation method in a simulation of precision irrigation in several
management zones to investigate the scale of irrigation subunits
for optimizing water use and to demonstrate the importance of
SWAC maps as a tool for precision irrigation.

66Materials

and Methods

Study Area and Soil Characteristics

This study was conducted on cultivated organic soils near
Sherrington (45°13¢ N, 73°52¢ W), southwestern Quebec, Canada,
from 2009 to 2012. These Histosols can mainly be classified as
Haplohemists (Soil Survey Staff, 1999), which have been used
for agriculture for more than 50 yr. The major crop is lettuce,
but onion (Allium cepa L.), carrot (Daucus carota L.), and celery
(Apium graveolens L.), among other crops, are also produced in
large quantities. The study area comprises five farms that cover
approximately 1880 ha of organic soils: Production Horticole van
Winden (PHVW; 45.1328°N, 73.5252°W; ?155 ha), Les Fermes
Hotte et van Winden Inc. (HVW; 45.1337°N, 73.4467°W;
?185 ha), Maraîchers JPL Guérin et Fils Inc. (JPG; 45.1577°N,
73.6231°W; ?145 ha), Vert Nature Inc. (VN; 45.1274°N,
73.5189°W; ?1020 ha), and Delfland Inc. (DELF; 45.1962°N,
73.3583°W; approximately 375 ha). At the five farms, a total of 207
geo-referenced soil profiles (Fig. 1) were selected to collect samples,

Fig. 1. Spatial distribution of the sampling soil profiles (n = 207) over
the four sites (AQUILA, LYNX, TAURUS, and ORION).
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which were characterized and analyzed for soil physical properties (see next section). Spatial data for the five farms were divided
into four sites (spatial regions): AQUILA, LYNX, TAURUS, and
ORION (Fig. 1).

Measurements of Soil Physical Properties in
the Laboratory
First, each soil profile was examined to distinguish the horizon
types and thicknesses according to the Canadian System of Soil
Classification (Soil Classification Working Group, 1998) and to
record the total depth of the organic profile, that is, the thickness
of the organic soil above the mineral substrate. Second, 5.50-cmhigh and 8.25-cm-diameter cores were sampled at four depths
(5–10, 20–25, 35–40, and 50–55 cm), stored in plastic bags (in
pieces) and transported to the laboratory to measure the soil bulk
density (Blake and Hartge, 1986), total organic content (Karam,
1993), and total porosity (Parent and Caron, 1993). Finally, undisturbed cores (5.50-cm height ´ 8.25-cm diameter) were collected
in the same manner but at two depths (SU: ?20 cm; PR: ?35
cm) and transported intact to the laboratory to characterize the
saturated hydraulic conductivity (Reynolds and Elrick, 2002), soil
water retention curve (Dane and Hopmans, 2002; Romano et al.,
2002), and unsaturated hydraulic conductivity when possible
(Hopmans et al., 2002).

Modeling Soil Water Retention Curves
After obtaining the water retention curves, we estimated the
parameters of the van Genuchten (1980) water retention model
and two variations of the Groenevelt and Grant (2004) model for
each of the 207 samples: the first model relies on the vegetationspecific wilting point for Romaine lettuce (−300 cm; Périard et
al., 2012), and the second model relies on the soil water saturation point and the vegetation-specific temporary wilting point for
Romaine lettuce. For these models, the lowest RMSE was chosen
for determining the water content at matric potentials corresponding to the thresholds for the SWAC calculations (see next section).
Soil water retention curve modeling was performed using R (R
Development Core Team, 2012). A complete cluster analysis of
the water retention curves for the same studied sites is presented
and discussed in details by Hallema et al. (2015). Experimental
data of water retention were obtained either from a tension table
(Romano et al., 2002) or from a pressure cell device (Dane and
Hopmans, 2002), but both methods were considered, giving comparable results. Verification of this assumption was performed
using some duplicate cores (results not shown). The main difference between the methods is that the first method only reached a
matric potential of −200 cm, while the pressure cells sometimes
reached −500 cm of matric potential. Therefore, values at −300 cm
often had to be estimated from the best fit model.

SWAC Calculations
Calculations of soil water available capacity (SWAC; cm) were performed by considering the plant–soil system of Romaine lettuce
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growth in organic soils. Lettuce has a root penetration depth
up to 1 m where the organic soil profile is not too compacted
(Plamondon-Duchesneau, 2011). Therefore, the maximum depth
in the SWAC calculation was fixed at 1 m. The soil thickness for
the storage capacity was further divided into two layers: (i) a surface horizon, which is often compacted and decomposed, and (ii) a
deeper horizon, which is often mesic or fibric and less decomposed.
Equation [1] expresses the calculation of SWAC:
z1

z2 £100

z0

z1

SWAC i = ò éê q fc (SU i )-q twp ùú dz1 +
ë
û

ò

é q (PR )-q ù dz [1]
twp ûú
2
i
ëê fc

where i is a given soil profile, z0 is the soil surface, z1 is the depth
of the first layer (cm), z2 is the depth of the soil profile (cm) up to
100 cm, q fc is the water content at field capacity (cm3 cm−3), q twp is
the water content at the temporary wilting point (cm3 cm−3), SUi
is the surface horizon’s undisturbed core of the ith soil profile, and
PR i is the deeper horizon’s undisturbed core of the ith soil profile.
Based on previous studies on the same soil (Périard et al., 2012),
the field capacity of the surface horizon (often Oh or Ohp) was
fixed at a corresponding matric potential of −50 cm and that of a
deeper horizon (often Om or Of) was fixed at −25 cm. The temporary wilting point for Romaine lettuce was determined at a matric
potential of −300 cm. Effectively, the classical definition of soil
water available for plants considers the difference between water
content values at the field capacity and permanent wilting point
(Romano and Santini, 2002). However, for agronomic reasons
associated with cultivating lettuce in organic soils (i.e., irrigation,
growing cycle, lettuce disorders as tip burn), soil water “readily”
available for plants was considered as the difference between the
field capacity and temporary wilting point of lettuce.
The saturated hydraulic conductivity (Ksat, cm s−1) was also necessary for the SWAC calculations. Notably, the first horizon of
these organic soil profiles is sometimes conducive to limiting water
infiltration, due to a compacted layer, and causing a perched water
table at the interface of the deeper horizon (Lafond et al., 2014).
The depth where this compacted layer may be present was sampled
for undisturbed cores (named SU). Subsequently, the Ksat of these
SU cores was measured in the laboratory. A water velocity on the
order of 10−4 cm s−1 was found to limit adequate infiltration of
the perched water table (personal observations). Therefore, for a
soil profile with this type of limiting situation, the SWAC could
not be calculated over the entire soil profile. Equation [2] was used
instead of Eq. [1] for this specific situation:
z1

SWAC i = ò éê q fc (SU i )-q twp ùú dz1
ë
û

[2]

z0

Note that in this situation, roots have difficulty penetrating the
hardened layer. As a result, the capacity for water uptake may
decrease and asphyxia may occur near the perched water table.
Therefore, locations with limiting Ksat values are critical when
considering irrigation management strategies.
p. 3 of 13

Spatial Interpolation Methods
Three spatial interpolation methods were evaluated: IDW, TPS,
and KED. In the IDW method, the weight given to an observation
is inversely associated with its distance to the prediction location.

The predicted value Z( x 0 ) at an arbitrary nonmeasured location
x0 can be obtained by (Bivand et al., 2013):
n

å

Z ( x 0 ) = i=1

w( xi ) Z ( xi )

[3]

n

å w( xi )
i =1

where w(xi) is the weight associated with the observation at location
xi and Z(xi) is the observation at location xi . The relationship
between weight and distance is calculated by the power law of the
distance between xi and x0:
w ( x1 ) =

1
d ( x i - x0 )

[4]

p

The splines interpolation method consists of fitting a series of polynomials to the observations. The thin plate splines interpolation
method (TPS) is equivalent to the two-dimensional cubic splines
first developed by Wahba (1990). In the TPS method, the value
Z(xi) at location xi is calculated as (Boer et al., 2001):
Z(xi) = f(xi) + e( xi)

[5]

where f is an unknown smoothing function, e(xi) is random error
and i = 1,…,n indicates the dataset vector. The function f is estimated by minimizing:
n



i-1

2

+l J 2 ( f )

[6]

where l is the smoothing parameter estimated by a cross-validation.
The measure of smoothness of f, J2( f ) is calculated by integrating
the biharmonic function in two dimensions Ñ4(x, y):
J 2 ( f ) = òò

éæ 2
êç ¶ f
êçç 2
êçè ¶x
ë

Kriging is a generic name for a group of interpolation techniques
for data that present spatial associations (Schuenemeyer and Drew,
2010). In this study, only universal kriging, which is also referred
to as kriging with external drift (KED), is tested. Kriging can be
considered a type of auto-regression in which the residuals are spatially correlated and the relative distance of the neighboring data
points are accounted for during the interpolation procedure. The
interpolated surface defined by kriging passes through the measured data points when a predicted point lies at the exact location
of an observed value. The kriging estimator is defined by:
n

Z ( x )- m( x ) = å l i éë Z ( x i )- m( x i )ùû

[8]

i-1

where d is the distance and p is a power that determines how
quickly the weight decreases with distance; a greater value of p
adds more weight to the closest observations. In this study, three
different values of p were used (0.5, 2, and 4). The IDW method
is called an exact interpolator, when the prediction location coincides with an observation location and the associated weight is
infinite; consequently, the prediction at that location is equal to
the observed value.

å éëê Z ( x i )- f ( x i )ùûú

subroutine for surface optimization over the dataset. However, to
compare the interpolation methods, the performance of TPS was
estimated using the same cross-validation procedure that was used
for the other two interpolation methods.

ö÷2 æ ¶ 2 f ö÷2 æ ¶ 2 f
÷÷ + çç
÷÷ + çç
ç
ç 2
ø÷ èç ¶x¶y ø÷ èç ¶y

ö÷2 ùú
÷÷ ú dxdy
ø÷ ú
û

[7]

In this study, we used the TPS function from the fields package (Nychka et al., 2014) to perform the TPS interpolation. The
TPS procedure in the fields package includes a cross-validation

VZJ | Advancing Critical Zone Science

where m(x) and m(xi) are the expected values of Z(x) and Z(xi) and,
respectively, l i is the weight assigned to the point Z(xi), and l i is
estimated by minimizing the error variance:

s2E ( x ) = Var éêë Z ( s )- Z ( s )ùúû

[9]



Subject to the constraint E éê Z ( x )- Z ( x )ùú = 0 , the estimation of the
ë
û
weight
parameter requires a function for the covariance between

Z( x ) or Z(x) and distance, which is given by the semivariogram
model:
gº

1
2 N ( h)

å éë Z ( x i )- Z ( x i + h)ùû

2

[10]

N ( h)

where g is the semi-variance, N is the number of pairs, and h is the
distance between pairs of points.
In this study, we used the automatic-fitting kriging routine from
the R package automap (Hiemstra et al., 2009), based on the gstat
package (Pebesma, 2004). The fitting routine uses least-squares
fitting to identify an optimal fit between the semivariogram model
and the sample semivariogram.

Evaluation of the Goodness of Fit
The performance of the five spatial interpolation methods was
determined with a leave-one-out cross-validation procedure. We
used the following criteria to evaluate the cross-validation performance: the mean error (ME), mean absolute error (MAE), root
mean square error (RMSE), and standard deviation of error (SDE).
These criteria were chosen because they reflect different evaluations of each interpolation method based on the cross-validation
procedure. Table 1 shows the evaluation criteria and their respective ranges.
p. 4 of 13

66Results

and Discussion

Evaluation of Soil Water Availability
for Lettuce

The mean values of soil water availability at each site (13.7 cm over
all sites; Table 2) were generally comparable to those reported in
the literature (Hanna et al., 1982). The mean values ranged from
11.7 to 16.9 cm for the LYNX and AQUILA sites, respectively;
the LYNX site presented the most decomposed profiles, while
the AQUILA site presented the least decomposed profiles. Note
that SWAC is influenced by soil water content and total porosity
(Ritchie, 1981), which is related to the degree of decomposition in
organic soils (Brandyk et al., 2002). Over the four sites, thickness
of the organic soil profile was ranging from 20 to 260 cm, bulk
density varied from 0.132 to 0.562 g cm−3, total organic content
ranged between 42.6 and 96.7%, total porosity between 0.706 and
0.912 cm3 cm−3, and saturated hydraulic conductivity between
1.14 × 10−5 and 6.32 × 10−2 cm s−1. These ranges indicated a wide
variety of organic soil profile and degree of decomposition over the
four sites, which will impact on SWAC.
The highest value of the SWAC was approximately 30 cm (ranging
from 28.2 to 34.3 cm; Table 2), which is realistic for organic soils or
peat materials where more than 50% of the water retention occurs
between matric potentials of −1 and −10 kPa (Heiskanen, 1995).
The standard deviations varied between 4.5 and 6.9 cm, while the
coefficients of variation were small (between 0.3 and 0.6; Table
2), reflecting a homogeneous repartition of the SWAC values over
the mean. However, these indicators of the SWAC variance do not
necessarily reflect the spatial heterogeneity of the SWAC distribution patterns.

Comparison of the Spatial
Interpolation Methods
Table 3 and Fig. 2 presents the goodness of fit for the three spatial interpolation methods of the SWAC at each of the four sites
(AQUILA, LYNX, TAURUS, and ORION), while Fig. 3 to 6
(a–e) present the SWAC maps at each site (for each of the interpolation methods). The RMSE and MAE criteria provide a measure
of the interpolation accuracy, while the SDE criteria is a measure
of the interpolation precision, all with lower values (near zero) indicating more accurate or precise methods. The ME measures the
bias (Hosseini et al., 1994). Here, the RMSE indicator was chosen
over the MAE to discuss the superior interpolation method. The
best RMSE (4.557 cm; Table 3) was obtained at the AQUILA site
with the IDW method using a power p value of 0.5 (Fig. 2c and
3a). However, at the same AQUILA site, much smaller bias was
obtained using the KED method (ME = −0.01058 cm; Table 3
and Fig. 2a) than the IDW-p = 0.5 method (ME = −0.1021; Table
3 and Fig. 2a), probably accounting for less smoothing using the
KED method (Fig. 3d) than the IDW-p = 0.5 method (Fig. 3a). The
most precise interpolation method at the AQUILA site was also
the IDW-p = 0.5 method, followed by the KED method (SDE =
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Table 1. Criteria used for evaluating the goodness of fit.
Criterion†

Equation

ME

ME =

Range

1 n 
å( Z cv ,i - Z i )
n i=1

[−¥,¥]
best = 0

1 n 
å Z cv ,i - Z i
n i=1

[0,¥]
best = 0

MAE

MAE =
RMSE

SDE

SDE =

[0,¥]
best = 0

2
1 n 
Z cv , i - Z i )
(
å
n i=1

RMSE =
n

å



[0,¥]
best = 0

2

( Z cv ,i - Z i )

i =1

n -1

† ME, mean error; MAE, mean absolute error; RMSE, root mean squared
error; SDE, standard deviation of error.

Table 2. Descriptive statistics of the soil water available capacity
(SWAC) presented for each site and for the total over all sites.
Descriptive
statistics
n
Min.
Max.
Mean
Median
SD
CV

Total
SWAC
cm
207
2.0
34.3
13.7
13.5
6.5
0.5

By site
AQUILA
45
9.3
28.2
16.9
17.1
4.5
0.3

LYNX
91
2.0
33.0
11.7
10.5
6.9
0.6

TAURUS
37
2.9
28.6
14.1
13.3
6.1
0.4

ORION
34
2.0
34.3
14.7
14.1
6.3
0.4

Table 3. Goodness of fit for the spatial interpolation of the soil
water available capacity (cm) at each sector (AQUILA, LYNX,
TAURUS, and ORION).
Site

Methods†

ME‡

AQUILA

IDW p = 0.5
IDW p = 2
IDW p = 4
TPS
KED
IDW p = 0.5
IDW p = 2
IDW p = 4
TPS
KED
IDW p = 0.5
IDW p = 2
IDW p = 4
TPS
KED
IDW p = 0.5
IDW p = 2
IDW p = 4
TPS
KED

−0.1021
3.673
−0.3244
3.94
−0.4051
4.291
−0.0259
3.729
−0.01058
3.876
0.00993
5.457
0.0733
5.01
0.2417
5.072
0.004912
4.927
0.1248
4.728
−0.02276
4.886
−0.04037
4.144
0.006672
3.859
0.4549
4.294
0.02762
4.172
0.01353
4.522
0.2395
4.963
0.5587
5.448
−0.2991
4.931
1.36 × 10−14 4.494

LYNX

TAURUS

ORION

MAE

RMSE

SDE

4.557
4.844
5.263
4.645
4.726
6.879
6.443
6.452
6.591
6.187
6.039
5.237
5.239
5.826
5.293
6.581
7.217
7.965
7.558
6.432

4.607
4.888
5.306
4.697
4.780
6.917
6.478
6.483
6.627
6.220
6.123
5.309
5.312
5.888
5.366
6.680
7.321
8.064
7.666
6.529

† IDW, inverse distance weighting; TPS, thin plate splines; KED, kriging with
external drift.
‡ ME, mean error; MAE, mean absolute error; RMSE, root mean squared error; SDE, standard deviation of error.
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Fig. 2. Comparison of the interpolation methods (IDW-p = 0.5, IDW-p = 2, IDW-p = 4, KED, and TPS) at each site (AQUILA, LYNX, TAURUS,
and ORION) for each of the goodness of fit indicator: (a) ME, mean error; (b) MAE, mean absolute error; (c) RMSE, root mean squared error; and
(d) SDE, standard deviation of error.

4.607; Table 3 and Fig. 2d). At the ORION and LYNX sites, KED
was more accurate, with RMSEs of 6.432 and 6.187 cm (Table 3,
Fig. 2c, 4d, and 6d). Precision of the KED method led to the same
result for these two sites with SDEs of 6.529 and 6.220 cm (Table
3, Fig. 2d). However, at the LYNX site, the TPS method produced
very small bias compared with the KED method (ME = 4.912 ´
10−3 cm vs. 0.1248 cm; Table 3 and Fig. 2a). This result suggests
that the TPS method would have less biased SWAC values at the
x locations compared with the KED method, but it would also
provide less accurate and precise estimates than the KED method.
We chose to use the accuracy indicator (RMSE) instead of the bias
indicator (ME) for selecting the best interpolation method at the
ORION and LYNX sites (the KED method). At the TAURUS
site, the best interpolation accuracy and precision were obtained
with the IDW-p = 2 method, with an RMSE of 5.237 cm and a
SDE of 5.309 cm (Table 3 and Fig. 2c and 2d). However, very small
bias was obtained using the IDW-p = 4 method (ME = 6.672 ×
10−3 cm vs. −4.037 × 10−2 cm for IDW-p = 2; Table 3 and Fig.
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2a). At the TAURUS site, the IDW-p = 4 method produced an
RMSE of 5.239 cm, which was much closer to the IDW-p = 2
method (a 0.002 difference). Moreover, the IDW-p = 4 method at
this site produced a better MAE estimation than the IDW-p = 2
method (3.859 cm and 4.144 cm, respectively; Table 3 and Fig. 2b).
Considering these results, the IDW-p = 4 method was considering superior for obtaining a reliable SWAC map at the TAURUS
site (Fig. 5c). Overall, the best spatial interpolations were obtained
with the IDW (AQUILA and TAURUS) and KED (ORION and
LYNX) methods, depending on the site (Table 3; Fig. 2). This
information should now be used as a tool for precision irrigation.

Local Management of Irrigation—
Simulation and Analysis
In the context of irrigation management, an irrigation map must
consider the influence of spatial heterogeneities by accounting for the realistic lettuce growing cycle. Hence, we used the
hydrological balance method based on the cumulative potential
p. 6 of 13

Fig. 3. Soil water available capacity (SWAC) maps at the AQUILA site for each interpolation method: (a) IDW-p = 0.5, (b) IDW-p = 2, (c) IDW-p =
4, (d) KED, and (e) TPS, followed by (f ) the results of the simulation analysis reporting the adequacy of irrigation (%) to supply the lettuce needs by
considering the SWAC maps as a function of the number of irrigation management zones.
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evapotranspiration over a growing period of Romaine lettuce (?45
d) to calculate the irrigation amount required for the evaporative
demand by considering the SWAC. We decided to simulate scenarios of irrigation management based on SWAC maps with 1 to
40 local management zones for each spatial interpolation method
and each site, which corresponded to managing irrigation from
an entire farm scale (350–450 ha) to field units (1–10 ha). At the
AQUILA site, at least 80% of the irrigation adequacy was attained
with only one zone (?90%; Fig. 3f), regardless of the interpolation
method employed. This one zone system consisted in managing
irrigation according to the mean SWAC. However, this simulation
also showed that if one chose to manage the AQUILA site within
two to five irrigation zones, the adequacy of irrigation to supply
the lettuce needs, according to the SWAC, would drop below 60%
using most interpolation methods. At higher number of irrigation units (5 irrigation zones and more), the adequacy gradually
increases logarithmically up to almost 100% at 40 management
zones. Notably, at more than 15 zones in this case, the gain reach
in adequacy of irrigation to supply the lettuce needs, according to
the SWAC, would be small (?5%). This result is advantageous
from a practical point of view because the irrigation could be managed with only one uniform zone that reflects the average SWAC
over the site (Fig. 7a); the costs of employees, irrigation material,
and measurement equipment would be reduced compared with a
highly heterogeneous area.
Figure 4 shows the SWAC maps for the LYNX site. Based on the
RMSE values presented in Table 3, the best interpolation method
was KED (Fig. 4d). The LYNX site presents more spatial heterogeneity in the SWAC distribution patterns, where some locations
require less irrigation than others. To reach this arbitrary threshold
of 80% of irrigation adequacy, the site must be divided into eight
or more zones (Fig. 4f). Similarly to the AQUILA site, increasing
the number of irrigation management zones at the LYNX site has
an asymptotic log relationship with the irrigation adequacy (Fig.
3f and 4f). Over eight zones, the increase in the adequacy of irrigation to supply the lettuce needs, according to the SWAC, was
gradual. However unlike the AQUILA site, the LYNX site did
not have a one-zone peak irrigation adequacy over 80%, suggesting
that growers should manage irrigation locally following a SWAC
distribution patterns of at least eight zones (Fig. 7b).
At the TAURUS site, 80% of the irrigation adequacy was attained
using seven zones by following the IDW-p = 4 interpolation
method (Fig. 5f). This result is comparable to that at the LYNX
site, and the relationship between the number of zones and the
irrigation adequacy was also asymptotic and logarithmic. A small
irrigation adequacy peak of approximately 60% was found using
only one irrigation management zone, but the grower should be
aware that this type of irrigation (one zone) would probably not
meet water requirements for lettuce according to the SWAC map
(Fig. 5c). Hence, some locations might be too dry or too wet; as
a result, the lettuce may experience disorders such as tip burn
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(Périard et al., 2012). Tip burn is a major problem for lettuce growers because when a field exhibits about 10% tip burn, it becomes
not economically efficient to harvest the field. Périard et al. (2012)
demonstrated that within 1 d, depending on the evapotranspirative demand, a lettuce field can switch from “normal” to “not
harvestable” because of tip burn occurrence if it is not irrigated
adequately and at the right time. Hence, such disorders may be
controlled by adequate local irrigation management following
the best SWAC map (Fig. 7c). The accuracy of the SWAC map
is therefore essential in evaluating the adequacy of irrigation to
supply the lettuce needs.
At the ORION site, the irrigation adequacy limit of 80% using the
KED interpolation method (Table 3, Fig. 6d) was also attained
with two irrigation management zones (Fig. 6f). This site was
unique as it presents many clusters of cultivated organic soils (Fig.
1). Despite there being multiple clusters in this “constellation”
(ORION site), it did not affect the RMSE negatively. Therefore,
ORION may be considered as one site on the same basis as
AQUILA, LYNX, and TAURUS. Then KED appeared to be a
suitable method considering that a strong drift could be modeled
(Fig. 6d). Interestingly, the simulation produced an irrigation
adequacy at the ORION site using the KED method that was
characterized by a linear-sill relationship (Fig. 6f) rather than the
log relation seen at the other sites (Fig. 3f, 4f, and 5f). Hence, using
the average SWAC as a tool for managing irrigation at the ORION
site would be a suitable approach (Fig. 7d).

66Conclusions

Perspectives

and

A conclusion of this study is that there is no universal spatial
interpolation method for characterizing SWAC; that is, the
best interpolation method is site dependent. Inverse distance
weighting was the best method at the AQUILA and TAURUS
sites, while KED was the most accurate interpolation method
at the ORION and LYNX sites, according to the RMSE. The
SWAC maps produced using each interpolation method were
either homogeneous, where the average SWAC was represented,
or heterogeneous. This simple finding is very important for irrigation management. The chosen interpolation method effectively
appears to have a strong impact on irrigation management. Two
sites (LYNX and TAURUS) require seven or eight irrigation
management zones to achieve 80% irrigation adequacy. In more
uniform cases, the irrigation adequacy may be achieved with
as little as one or two zones. These more uniform sites can be
easier to manage and are less costly in terms of farm resources.
Additionally, local management may reduce water consumption
and increase the adequacy of irrigation to supply the lettuce
needs according to SWAC. However, economical analyses should
be performed in conjunction with this study to optimize irrigation management, yields, and production expenses.
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Fig. 4. Soil water available capacity (SWAC) maps at the LYNX site for each interpolation method: (a) IDW-p = 0.5, (b) IDW-p = 2, (c) IDW-p =
4, (d) KED, and (e) TPS, followed by (f ) the results of the simulation analysis reporting the adequacy of irrigation (%) to supply the lettuce needs by
considering the SWAC maps as a function of the number of irrigation management zones.
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Fig. 5. Soil water available capacity (SWAC) maps at the TAURUS site for each interpolation method: (a) IDW-p = 0.5, (b) IDW-p = 2, (c) IDW-p =
4, (d) KED, and (e) TPS, followed by (f ) the results of the simulation analysis reporting the adequacy of irrigation (%) to supply the lettuce needs by
considering the SWAC maps as a function of the number of irrigation management zones.
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Fig. 6. Soil water available capacity (SWAC) maps at the ORION site for each interpolation method: (a) IDW-p = 0.5, (b) IDW-p = 2, (c) IDW-p =
4, (d) KED, and (e) TPS, followed by (f ) the results of the simulation analysis reporting the adequacy of irrigation (%) to supply the lettuce needs by
considering the SWAC maps as a function of the number of irrigation management zones.
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Fig. 7. Comparison of SWAC maps for each site: (a) AQUILA, (b) LYNX, (c) TAURUS, and (d) ORION, according to best method of interpolation:
(a) IDW-p = 0.5, (b) KED, (c) IDW-p = 4, and (d) KED and according to the ideal number of zones of: (a) 1, (b) 8, (c) 7, and (d) 2 to reach at least
80% irrigation adequacy.
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