
Journal of Hydrology 522 (2015) 618–627
Contents lists available at ScienceDirect

Journal of Hydrology

journal homepage: www.elsevier .com/locate / jhydrol
Examination of groundwater recharge with a calibrated/validated flow
model of the deep vadose zone
http://dx.doi.org/10.1016/j.jhydrol.2015.01.026
0022-1694/� 2015 Elsevier B.V. All rights reserved.

⇑ Corresponding author at: Dept. of Hydrology & Microbiology, Zuckerberg
Institute for Water Research, Blaustein Institutes for Desert Research, Ben Gurion
University of the Negev, Sede Boqer Campus 84990, Israel. Tel.: +972 8 6485012,
Mobile: +972 52 3584844; fax: +972 8 6563504.

E-mail address: tuviat@post.bgu.ac.il (T. Turkeltaub).
T. Turkeltaub a,b,⇑, D. Kurtzman b, G. Bel c, O. Dahan a

a Dept. of Hydrology & Microbiology, Zuckerberg Institute for Water Research, Blaustein Institutes for Desert Research, Ben Gurion University of the Negev, Sede Boqer Campus
84990, Israel
b Institute of Soil, Water and Environmental Sciences, The Volcani Center, Agricultural Research Organization, PO Box 6, Bet Dagan 50250, Israel
c Dept. of Environmental Physics, Blaustein Institutes for Desert Research, Ben Gurion University of the Negev, Sede Boqer Campus 84990, Israel

a r t i c l e i n f o s u m m a r y
Article history:
Received 8 September 2014
Received in revised form 8 January 2015
Accepted 10 January 2015
Available online 20 January 2015
This manuscript was handled by Corrado
Corradini, Editor-in-Chief, with the
assistance of Rao S. Govindaraju, Associate
Editor

Keywords:
Deep percolation
Vadose zone
Flow and transport model
Groundwater recharge
Recharge estimations are required for efficient groundwater systems management. Better estimations
could be obtained by improving our understanding of the relationship between climate factors and
recharge. This study explores the calibration of a Richards’ equation-based model to transient deep
vadose zone data, thereby allowing simulation of groundwater recharge over long periods and an inves-
tigation of the temporal correlations between recharge and precipitation. An array of four vadose zone-
monitoring systems implemented in four different slanted boreholes drilled in different orientations into
a deep vadose zone sandy formation (20 m � 20 m � 20 m) enabled continuous monitoring of water con-
tent at selected depths and locations across the entire vadose zone under a Mediterranean climate. This
unique high-resolution set of transient deep vadose zone data was used for inverse simulations. The flow
model was then validated with a set of data under different atmospheric boundary conditions. The long-
term mean annual recharge under a natural sand dune was calculated as 327 mm year�1, 72% of the aver-
age annual precipitation (1996/7–2012/3), reflecting low evapotranspiration and runoff. The temporal
cross-correlation analysis showed high correlations between the accumulated precipitation (over 6–
9 months) and the monthly recharge after 3 to 4 months. Therefore, we conclude that the recharge fluxes
are mainly influenced by the relatively recent (5–12-months) precipitation patterns. Including this time
lag between precipitation and recharge, a predictive regression model was developed in which the May-
to-April recharge is explained by annual precipitation in the previous year.

� 2015 Elsevier B.V. All rights reserved.
1. Introduction

Recharge estimations play an important role in groundwater
systems management and research. The magnitude and timing of
groundwater recharge are controlled by climatic and geological
factors and have long been of scientific and practical interest (Ng
et al., 2009; Smerdon et al., 2010; Kim and Jackson, 2012). Empir-
ical relationships and statistical measures have been used to assess
the influence of these factors on recharge (Wu et al., 1996;
Kennett-Smith et al., 1994; Jan et al., 2007; Lorenz and Delin,
2007; Sheffer et al., 2010; Kim and Jackson, 2012; Wohling et al.,
2012).
Unsaturated flow modeling, in which the Richards’ equation is
solved numerically, has been used for estimations of groundwater
recharge under various conditions (Wang et al., 2009; Nolan et al.,
2010; Kurtzman and Scanlon, 2011; Botros et al., 2012; Kim and
Jackson, 2012; Turkeltaub et al., 2014). Solutions of the Richards’
equation require knowledge of soil water retention as well as the
unsaturated hydraulic conductivity function, and should be esti-
mated under transient conditions (Hillel, 1998; Bear and Cheng,
2009). In situ-implemented sensors can obtain data for the state
variables (e.g. water content and pressure head) in their natural
environment, implicitly including interactions between different
soil layers and across scales (Wollschläger et al., 2009). Inverse
modeling, in which models are calibrated using measured vari-
ables, has gained popularity for estimating the hydraulic functions
of the unsaturated zone. These models can then reproduce inde-
pendent measurements as validation (Jacques et al., 2002; Ritter
et al., 2003; Wöhling et al., 2008; Wollschläger et al., 2009; Chen
et al., 2014; Turkeltaub et al., 2014).
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Fig. 1. The sand-dune site: (a) the drilling rig during the installation of the long
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Development of a vadose zone-monitoring system (VMS) has
enabled continuous acquisition of information on the temporal
variations of the vadose zone water-content profiles (Dahan
et al., 2007, 2009; Rimon et al., 2007; Baram et al., 2012, 2013;
Turkeltaub et al., 2014), the chemical evolution of the pore water
at multiple depths from land surface and the root zone to the water
table (Dahan et al., 2009; Rimon et al., 2011a; Baram et al., 2012;
Turkeltaub et al., 2014), and water pressure (Rimon et al., 2011b).

The objective of this study was to investigate the relationship
between precipitation and groundwater recharge in a sand dune
area. A calibrated unsaturated flow model was used to provide
detailed transient deep vadose zone data and long periods of cli-
mate data. The data for the calibration process were obtained by
an array of VMSs which were installed in various orientations at
the sand dune site. Previous studies showed that no significant
field-scale (meters) preferential flow dominates the percolation
process at the site and that the subsurface is made up of relatively
homogeneous and horizontal layers (Rimon et al., 2007). These
conclusions were the basis for the uniform vertical unsaturated
flow model that was calibrated to the VMS transient data in this
work. The calibrated model allowed calculating recharge fluxes
with high temporal resolution. The relationship between precipita-
tion and recharge was then statistically analyzed at monthly and
yearly resolutions.
flexible vadose-monitoring system (VMS; green) in the slanted borehole. (b) The
VMSs in their different orientations in the slanted boreholes and location of the
observation well (modified from Rimon et al., 2007). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
this article.)
2. Methods

2.1. Research area and instrumentation setup

The study site was located in the southern coastal plain of Israel,
south of the city of Ashdod (34�3802600E 31�460700N). A Mediterra-
nean climate prevails at the study site, the summers are com-
pletely dry, and the rainy season extends from October to April,
with an annual precipitation average of 450 mm (spatial interpola-
tion of the nearest station’s data provided by the Israeli
Meteorological Service, 2014 [IMS]). The average temperature in
the hottest month is 31.2 �C (August) and in the coldest month,
17.8 �C (January) (IMS). Reference evapotranspiration (ET) rates
calculated according to the Penman–Monteith method (suggested
by the Food and Agriculture Organization) range from
1.5 mm day�1 (January) to 5.7 mm day�1 (July) (IMS). The site is
characterized as a sand dune area with a moderate slope. Sparse
herbaceous vegetation grows in the inter-dune area, but the dunes
themselves are bare sand (Fig. 1). The coarse matrix of the sand
dunes in the area (98% sand in particle-size distribution analysis)
promotes rapid infiltration and prevents runoff during rain events.
The shallow stratigraphy consists of Holocene sand dunes, calcare-
ous sandstone, and clayey interlayers (Ecker, 1999). Rainwater
infiltration through the sand dune recharges the phreatic sandy
coastal aquifer. The water table at the monitored site is approxi-
mately 21 m below ground surface.

Four VMSs were installed at the sand dune site, enabling contin-
uous measurements of water contents at multiple depths using 15
flexible time-domain reflectometry (FTDR) sensors. Two of the
VMSs were instrumented with vadose zone pore water-sampling
ports (VSPs) which were used for either frequent sampling of the
vadose zone pore water or measuring the pressure head at multi-
ple depths. The system has been previously described (Dahan
et al., 2009; Rimon et al., 2011a); herein we provide a brief over-
view of the system for completeness. The monitoring system is
composed of a flexible sleeve made of a thin polyvinyl chloride
liner, hosting several customized FTDR probes (Dahan et al.,
2003) for water-content measurements and VSPs (Rimon et al.,
2011a). The monitoring systems were installed in uncased, small-
diameter (15 cm), slanted (35�) boreholes penetrating the 21-m
thick vadose zone of the study site. Consequently, the FTDR probes
and VSPs were aligned along the slanted borehole’s upper sidewall
facing the undisturbed sediment column, which extended from the
probe location on the top wall of the borehole to land surface. Each
of the probes and sampling ports represents a different undis-
turbed profile because every probe and sampling port is shifted
both vertically and horizontally from the next. Vertical boreholes
were drilled next to the VMSs for accurate sediment sampling. Par-
ticle-size distributions of these samples were analyzed by hydrom-
eter method (Klute, 1986). One of these boreholes was then
completed as a piezometer with a screen interval of 5 m below
the water table.
2.2. Model setup

To have an accurate tool for analyses of the precipitation–
recharge relationship, a calibrated unsaturated flow model was
used for groundwater-recharge simulations. The Richards’ equa-
tion was implemented to account for water flow in the vadose zone
of the sand dune, and the unsaturated hydraulic functions of the
different layers were described by the van Genuchten–Mualem for-
mulation (Mualem, 1976; van Genuchten, 1980). The parameters
of the hydraulic functions were inversely calculated by the
HYDRUS-1D code (Šimůnek et al., 2009) which numerically simu-
lates the 1D form of the Richards’ equation and includes a Marqu-
ardt–Levenberg-type (Marquardt, 1963) parameter-optimization
algorithm for inverse estimation.

The sand-dune model was calibrated to transient data from the
deep vadose zone. These data contained temporal and spatial vari-
ations in the water contents of the deep vadose zone at multiple
depths and locations. These variations are a consequence of rain-
water infiltration into the soil and drainage of the unsaturated
zone down to the phreatic aquifer. The hydraulic properties of
the layers in the modeled domain were defined according to parti-
cle-size distribution analyses as well as measured water contents.

The model’s domain was discretized into 250 nodes, with a finer
grid close to the surface. The number of nodes and density of the
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upper side of the grid were fixed when there were no further
improvement in results and the numerical solution showed stabil-
ity (coverage for numerous combinations of parameters).

2.3. Boundary and initial conditions

Atmospheric boundary conditions were set at the upper bound-
ary (land surface). This boundary condition changes from pre-
scribed flux to prescribed head condition and vice versa,
according to the precipitation, potential ET and subsurface condi-
tions. Precipitation, potential ET, and the minimum allowed pres-
sure head at the soil surface that permits evaporation (hCritA)
(see HYDRUS-1D User Manual, Šimůnek et al., 2009) were intro-
duced into the top boundary at daily temporal resolution. This time
resolution was imposed by the availability of the meteorological
data. The sand dune-modeled column extended to a depth of
19 m (�1.5 m above the water table). Thus, the lower boundary
condition was prescribed as a free-drainage boundary condition
(unit gradient flow). The initial water-content profile was set to
the measured water contents at the different moisture sensors,
on the date at which the model runs were initiated.

Daily measurements of precipitation and calculated reference
ET were provided by the IMS and Israeli Ministry of Agriculture.
Spatial interpolation of precipitation data was used to estimate
the daily precipitation at the sand dune. The inverse distance
weighted (IDW) method was used for spatial interpolation:

bR0 ¼

Pn
i

Ri

DP
0iPn

i
1

DP
0i

ð1Þ

where bR0 is the estimated precipitation in the unsampled location,
Ri is the precipitation measured at point i, D0i is the distance
between the estimated location 0 and the measured point i, n is
the number of measured points used for estimating the precipita-
tion at point 0, and p is the IDW exponent that controls the differ-
ence in relative weights of closer and further measurement points
(i.e. higher exponents indicate higher weights for closer measure-
ments) (Kurtzman et al., 2009).

2.4. Inverse modeling

The effective hydraulic parameters of the unsaturated zone lay-
ers were determined by inverse modeling of daily observed water
contents acquired by the VMSs at selected depths and locations.
These data were monitored by 11 FTDR sensors for 350 days
(3850 point measurements overall). The inverse estimation was
conducted by minimizing the objective function (Šimůnek et al.,
2009):

Uðh; bjcÞ ¼
Xm

i¼1

hobsðtiÞ � hsimðti; bjcÞ½ �2 ð2Þ

where m is the number of observations, hobs and hsim are measured
and simulated volumetric water contents, b|c is the vector b (see
explanation further on) containing the unknown parameters esti-
mated given the fixed and known parameters in vector c. The
weight for an individual observation was assumed to be equal to 1.

The model was constructed of eight layers with six van Genuch-
ten–Mualem parameters each. Since, hydraulic experiments
depend on Dh = hs (saturated water content) – hr (residual water
content), and not on each parameter individually (Wollschläger
et al., 2009), the hr parameters were estimated by particle size dis-
tribution and Rosetta (Schaap et al., 2001), and were fixed through-
out the inverse process. l (pore connectivity and tortuosity factor),
which showed to be unimportant or insensitive in numerical and
real data experiments (e.g. Wang et al., 2009; Wollschläger et al.,
2009), were fixed for all layers (Tables 1 and 2). For layers 4 and
8, hs (saturated water content) was fixed as well (Tables 1 and
2). The remaining 30 parameters were used for calibration. Due
to the large number of parameters and the limited number of
parameters that could be optimized (15 parameters, limited by
HYDRUS), the inverse-modeling process was divided into two
stages (Fig. 2). First, the parameter vector b = {hs, a, n, Ks} for model
layers 1–4 (hs of layer 4 was fixed) was optimized, while the 32
other parameters were fixed (vector c). Then the optimized param-
eters of layers 1–4 were fixed (becoming the new vector c) in the
HYDRUS-1D code and the parameter vector b = {hs, a, n, Ks} for
model layers 5–8 (hs of layer 8 was fixed) was optimized. Then,
the optimized parameters of layers 5–8 were fixed, and the param-
eters of layers 1–4 were optimized again (large loop in Fig. 2). Thus,
to reach convergence of the parameters, the procedure was exe-
cuted in cycles. These cycles were terminated when the parame-
ters’ weighted average (see below) did not change compared
with the weighted average of earlier runs.

Uniqueness and stability of the inverse solution were tested by
solving the inverse problem repeatedly using different combina-
tions of random initial parameter values (Fig. 2). These values were
randomly sampled from the parameters’ ranges, which were
bounded at the beginning of the runs to limit the inverse solution
(Table 1). Thus, in each calculation, different initial parameters
started the inverse process. For example, the parameter vector
b = {hs, a, n, Ks} for model layers 1–4 that contained 15 parameters
was optimized multiple times. Each time, there were 15 random
values of parameters starting the inverse calculation. The output
of each calculation was saved. At the end of multiple runs, the
inverse solution with the lowest sum of squares (ssq) was pursued
by going through the output files. Most of the inverse solutions
reached to similar low ssq values (0.012 < ssq < 0.021, 96% for 1–
4 layers and 0.016 < ssq < 0.025, 93% for 5–8 layers). Parameter dis-
tributions were analyzed in order to confirm that the simulations
with the low ssq reached similar parameter values and thus repre-
sent the global minimum of the ssq. Although some of the opti-
mized parameters obtained similar values throughout the inverse
simulations, others presented wider uncorrelated distributions.
Therefore, in order to allow greater influence to simulations with
the lower ssq and to extract all the information provided by the
inverse process, the final parameters were calculated according to:

A ¼ 1Pi
i¼1

1
ssqi

Xi

i¼1

A1 �
1

ssq1
þ A2 �

1
ssq2

þ . . .þ Ai �
1

ssqi
ð3Þ

where Ai is the parameter value of specific inverse solution, A is
parameter weighted average and ssqi is sum of squares of specific
inverse solution. In addition, sensitivity tests were conducted for
the parameters and found that varying the parameters within the
provided confidence interval does not significantly affect the
results.

Two types of validation runs were performed for the calibrated
flow model: (i) with available observations from the same 11 sen-
sors that were used for calibration, which were constrained to dif-
ferent initial and atmospheric boundary conditions in different
observation years (�335 daily measurements � 11 FTDR measure-
ment points); (ii) with an additional four sensors, which were not
included in the calibration runs (�700 daily measurements � 4
FTDR measurement points). The deviations from 365 and 730 days
were due to unreliable or no data collection on some days due to
technical problems.
2.5. Exploratory statistical analysis

The temporal variability of the recharge and its relation to pre-
cipitation was investigated by cross-correlation statistical analysis.



Table 1
The van Genuchten–Mualem parameters bounds used in the inverse calculations for the model’s eight layers. The residual water contents (hr) and l parameter (0.5) were held
constant throughout the inverse simulations for all layers. For layers 4 and 8, the saturated water content (hs) was held constant.

Layer hs a (cm�1) n (–) Ks (cm day�1) Number of nodes Discretized depth (cm)

Top
Layer 1 [0.33. . .0.4] [0.03. . .0.2] [2.5. . .4] [1000. . .2000] 27 0–102.3
Layer 2 [0.33. . .0.4] [0.03. . .0.2] [2.5. . .4] [1000. . .2000] 44 106.7–326.6
Layer 3 [0.33. . .0.4] [0.03. . .0.2] [2.5. . .4] [1000. . .2000] 37 332.4–564.7
Layer 4 [0.03. . .0.2] [2.5. . .4] [1000. . .2000] 24 571.8–735.7

Bottom
Layer 5 [0.37. . .0.43] [0.03. . .0.1] [1.3. . .2.5] [0.1. . .150] 11 743.5–823.6
Layer 6 [0.37. . .0.43] [0.03. . .0.1] [1.5. . .2.5] [1. . .400] 26 831.8–1047.4
Layer 7 [0.33. . .0.4] [0.03. . .0.2] [2.5. . .4] [1000. . .2000] 39 1056.5–1425.1
Layer 8 [0.03. . .0.1] [1.3. . .2.5] [1. . .400] 42 1435.5–1900

Table 2
The optimized effective hydraulic van Genuchten–Mualem parameters. ‘Top’ represents the first 7 m (sandy formation) and ‘Bottom’ represents the rest of the soil column.

Layer Vertical depth (m) hr hs a (cm�1) n (–) Ks (cm day�1)

Top
Layer 1 0–1 0.055 0.362 0.127 2.52 1464.4
Layer 2 1–3.2 0.055 0.39 0.136 2.86 1721.6
Layer 3 3.2–5.7 0.055 0.35 0.13 2.93 1756.24
Layer 4 5.7–7.3 0.055 0.35 0.11 2.79 1069.5

Bottom
Layer 5 7.3–8.3 0.07 0.43 0.038 1.4 40.8
Layer 6 8.3–10.4 0.07 0.4 0.065 1.52 254.8
Layer 7 10.4–14.3 0.055 0.347 0.16 2.18 1416.3
Layer 8 14.3–19 0.07 0.38 0.067 1.52 336.7

Fig. 2. Work flow of the inverse modeling. The parameter values were randomly
sampled from the parameter ranges, which were bounded at the beginning of the
runs to limit the inverse solution. SSQ – sum of squares.
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Cross-correlation analysis reveals the relevant period of cumula-
tive precipitation and the response time of the recharge fluxes to
precipitation. Due to the relatively large depth of the investigated
vadose zone (�20 m), positive cross-correlation between the
monthly precipitation and the monthly recharge is expected to
be rather poor. Recharge is more likely to be related to the cumu-
lative precipitation. Hence, analysis included the cross-correlations
between cumulative precipitation (including the special case of
monthly precipitation) and monthly recharge. The cumulative pre-
cipitation was calculated as the sum of successive monthly precip-
itation values:

CPðt;DÞ ¼
Xt

t�Dþ1

Pðt � DÞ þ . . .þ PðtÞ; ð4Þ

where CP (t;D) is the cumulative precipitation (mm ðD monthÞ�1), P
is monthly precipitation (mm month�1) and D is the number of suc-
cessive months.

A delay between the precipitation and the recharge response is
expected. Therefore, we calculated the cross-correlation by varying
two parameters—the period over which the precipitation was
accumulated, D, and the delay between the end of the accumula-
tion period and the observed response of the recharge, s. The
cross-correlation function of these two variables was defined as:

CCðs;DÞ ¼
1

N�s
PN�s

1 Reðt þ sÞ � Re
� �

CPðt;DÞ � CPðDÞ
h i

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðReÞ

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðCPÞ

p ð5Þ

where CCðs;DÞ is the cross-correlation coefficient, Re is the monthly
recharge flux (mm month�1), Re is the mean monthly recharge, CP
(t, D) is the cumulative precipitation per D months (mm
ðD monthÞ�1), and CPðDÞ is the mean cumulative precipitation per
D months (mm ðD monthÞ�1).

Finally, a regression model was developed to evaluate the
recharge. Due to the low evaporation and runoff, the regression
model was based on precipitation factors. Four variables were
examined: annual precipitation, maximum yearly storm event,
number of wet days, and number of dry days between storms.
The proposed form of the regression equation was:

R ¼ a0 þ a1X1 þ � � � þ a4X4 ð6Þ

where R is the estimated annual groundwater recharge, a0. . .an are
regression coefficients, and the Xjs are the aforementioned precipi-
tation-related variables.
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3. Results and discussion

3.1. Dynamics of the deep-percolation process

A comprehensive description of the percolation and transport
processes across the vadose zone of the site was given by Rimon
et al. (2007, 2011a). Nevertheless, data obtained from 2006/7 are
presented here to extend the reader’s understanding of the charac-
teristics of the data that were used in the inverse simulations to
estimate the effective parameters. To avoid data overload, repre-
sentative FTDRs located at 7 (out of 15) depths across the vadose
zone were chosen to demonstrate the percolation dynamics
induced by precipitation (Fig. 3). Rimon et al. (2007) dedicated a
full chapter to show resembles of hydraulic response of sensors
from similar depths to the percolation events. In the upper sandy
layers (<7.3 m), most of the significant rain events initiated an
infiltration wave that propagated down the vadose zone, expressed
as a rise in water content upon arrival of a wetting front followed
by reduction in water content during a drainage phase (Fig. 3a). In
contrast, FTDRs located in the finer-grained sandy-loam layer in
deeper sections tracked a single long annual rise in water content
that started upon arrival of a wetting front, then gradually
decreased during the later drainage phase (Fig. 3b).
3.2. Inverse simulations

The sand-dune model was calibrated according to transient
data obtained from the entire vadose zone (�20 m). These data sets
of water-content measurements were obtained from Sep 2006–Sep
2007 by 15 FTDRs located at different positions and depths in the
vadose zone of the sand dune (Figs. 3–5). Data sets which were
obtained from Sep 2007–Sep 2008 were used for validation, along
Fig. 3. Daily rainfall and water-content variations at different depths across the
vadose zone as monitored by the vadose-zone monitoring systems (VMSs) (see
Fig. 1 for VMS #): (a) water content variation in the upper 7 m, and (b) water
content variation at depths of 7–16.1 m.
with data sets from other FTDRs which were not included in the
inverse simulations (Fig. 6).

The inverse simulations resulted in a model composed of eight
layers extending 19 m in depth and 30 optimized parameters
(Table 2). The top four layers were characterized by a sandy texture
and shared similar hydraulic properties (top interval, Table 2,
Fig. 3). After multiple trials, the sandy zone was optimally divided
into four layers to achieve the best fit between the simulated and
observed water-content profiles. Under the sandy layers, the
vadose zone was composed of four layers that exhibited variable
hydraulic properties (bottom interval, Table 2, Fig. 3).

Data from eight FTDRs at depths of 0.9 m, 1.8 m, 2.2 m, 3.4 m,
3.8 m, 6 m, 3 m and 5.5 m (the latter two were not part of the cal-
ibration process) were chosen to demonstrate the calibration and
validation fit of the model in the top interval (sandy layers) of
the vadose zone (Figs. 4 and 6a,b). It is worth reiterating that due
to the slanted installation of the VMS, each depth measures an
independent vertical sediment column, that is, the FTDRs are
shifted vertically and horizontally away from each other. Thus
the data points should be regarded as arbitrarily distributed in a
3D vadose zone domain rather than in a single vertical profile.
The data and the model in the top interval displayed simultaneous
rises in water contents following rain events, indicating an ade-
quate temporal description of the water flow by the model. Never-
theless, there were some discrepancies between the modeled and
observed water contents during the arrival of the wetting front.
For example, the modeled water content peaks were always higher
than the measured ones. This disagreement between model and
measurement might result from the unaccounted-for heterogene-
ity of the soil layers, the temporal resolution of the model, or a
combination of these. In addition, while the model represents a
point in the modeled domain, the FTDR measures an average value
over a larger volume which is slightly disturbed by the VMS struc-
ture (Rimon et al., 2011a). Therefore, a slight deviation between
the measured water content and the modeled values is expected,
especially during dynamic flow stages.

The calibration and validation of the model in the bottom part
of the vadose zone are represented by five FTDR sensors at depths
of 7.9 m, 9.6 m, 11 m, 14.6 m and 16.1 m (Fig. 5) and another two
FTDR sensors that were not part of the calibration at depths of
9.1 m and 11 m (Fig. 6c and d). Here as well, most of the observed
and modeled data displayed simultaneous rises in water contents.
However, close inspection of the goodness of fit between simulated
and observed data revealed discrepancies concerning the arrival of
the wetting front in both calibration and validation. At 7.9 m depth,
where the clay content of the sediment is significantly higher (23%)
than the rest of the layers (Fig. 5a and b), during the calibration, the
simulated wetting front preceded the observed one by 17 days.
Moreover, the second peak which was simulated by the model
was not measured by this FTDR sensor, whereas with the deeper
FTDR sensors, the second peak was observed and simulated
(Fig. 5c and e). For the validation results, the model simulated an
early small increase in water content that was not measured by
the FTDR sensor (Fig. 5b), but the high peak arrival was within
the same time frame as the measured increase in water content.
At 9.6 m depth (Fig. 5c and d), during calibration, the simulated
wetting front preceded the observed one by 10 days. Nevertheless,
at 9.1 m depth (Fig. 6c), which was not included in the calibration,
the simulated and observed water contents displayed simulta-
neous rises in water contents. During validation, there were no
such discrepancies. An interesting situation occurred at 16.1 m
depth (Fig. 5i and j), where in the validation run, the model ade-
quately simulated the observed data, whereas the calibration
results were poor. These variations might be attributed to the nat-
ural heterogeneity which creates minor local discrepancies
between some of the measurements, even though those measure-



Fig. 4. Flow-model calibration (left) and validation (right) in the top 7 m. Observed water contents obtained by the FTDR sensors under the sand dune (blue points) and
simulated water contents obtained with the calibrated model (green line). (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)

Fig. 5. Flow-model calibration (left) and validation (right) at depths greater than 7 m. Observed water contents obtained by the FTDR sensors under the sand dune (blue
points) and simulated water contents obtained with the calibrated model (green line). (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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ments are taken under different profiles that are located several
meters apart (Fig. 1). Nevertheless, one can conclude that, in gen-
eral, the model is robust, and the validation using points that were
not used for the calibration showed an impressive fit (Fig. 6).

Calibration and validation indicated that the 1D classical Rich-
ards’ equation can capture the major phenomena revealed in the
monitoring data obtained from the 3D thick vadose zone. Never-
theless, discrepancies and the model’s inability to fully describe
the obtained data stemmed from a gap between scales—the mea-
surements representing bigger volumes than the model—and dis-
incorporation of more complex processes.
3.3. Recharge estimation

The groundwater recharge under the sand dune was simulated
using 17 years of meteorological data (1996–2013) at a daily reso-
lution as the top boundary of the model. Previous studies have
shown that uncertainty in one of the van Genuchten parameters
might lead to uncertainty in recharge estimations (Nolan et al.,
2007; Wang et al., 2009). Therefore, possible perturbation of the
optimized parameters in the annual average recharge calculation
was examined with a stochastic approach. This included sampling
from sets of random parameters’ values in each forward solution.



Fig. 6. Flow model and validation at FTDR sensors that were not used in the calibration process. Observed water contents (blue points) and simulated water contents
obtained with the calibrated model (green line). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3
Precipitation and groundwater-recharge statistics obtained by running the calibrated
model with 17 years of meteorological data (1996–2013).

Precipitation (mm year�1) Recharge (mm year�1)

Average 450 327
Percentage 72%
StD 101 97.8
CV 22 29.9

Average – average precipitation or recharge.
Percentage – average annual recharge percentage of average annual precipitation.
StD – standard deviation.
CV – coefficient of variation (%).
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The sets were contained random values within the range of ± 5% of
the parameters’ weighted average normalized to the difference
between the prescribed boundaries (Table 1). Simulations of the
recharge corresponding to each set of parameters and subject to
the same top-layer boundary condition (based on the meteorolog-
ical data) were performed for 1000 times. The distribution of
groundwater recharge calculated for different sets of parameters
is summarized in a histogram (Fig. 7).

A high average annual recharge (over 17 years) was estimated
by the model under the sand dune (Table 3). The absence of vege-
tation and the relatively small loss of water to evaporation and sur-
face runoff led to the high recharge rate (Table 3). Similar high
fluxes under sandy soils have been reported in previous studies
(Keese et al., 2005; Wang et al., 2009). Sandy areas constitute a sig-
nificant and important contribution for outcrops to groundwater
resources. Furthermore, the perturbation test resulted in a
Fig. 7. Seventeen-year average of yearly groundwater-recharge distribution as
calculated by 1000 simulations. In each simulation, sets of random parameters’
values were sampled. The sets were contained random values within the range
of ± 5% of the parameters’ weighted average normalized to the difference between
the prescribed boundaries. Bin size: 2 mm year�1.
relatively narrow range of recharge values, from 324 to
338 mm year�1. The most frequent recharge flux was
330 mm year�1, 3 mm year�1 lower than the estimated mean
(Table 3, 0.92% bias). These results showed that the parameters
of the hydraulic functions, within the confidence-level range
obtained from the calibration to the data, have a small influence
on long-term recharge rates.

3.4. Temporal variation of recharge

The correspondence between rain depth and recharge under
thick vadose zones is rather obscure. It is difficult to identify the
dominant characteristic of the precipitation affecting the recharge.
In this study, due to the high resolution of the calibrated flow
model, it was possible to comprehensively investigate the relation-
ships between several precipitation characteristics and groundwa-
ter-recharge patterns under the thick vadose zone.

The daily groundwater-recharge rates, which were extended
over 6239 days, demonstrated the transient nature of the recharge
(Fig. 8). In nearly every year, the recharge flux peaked, albeit at dif-
ferent amplitudes, and then declined. Moreover, the peak’s arrival
time during the year varied significantly (Fig. 8). Years with very
low annual precipitation showed negligible recharge peaks, e.g.
1998/9 with 215 mm year�1 (Fig. 8).

The temporal cross-correlation between the cumulative precip-
itation and the monthly recharge was analyzed to describe the pre-



Fig. 8. Annual precipitation (green bars) and daily simulated groundwater-recharge rates at 19 m under the sand dune (blue line). Months in which the recharge rates peaked
are noted. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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cipitation–recharge relationship. The cross-correlation analysis
was carried out from zero cumulative precipitation (205 pairs) to
12 months’ cumulative precipitation (193 pairs) and a maximum
12-month delay (Fig. 9). The highest positive temporal correlation
was between 6 and 9 months of cumulative precipitation and 3–
4 months of delay (lag time) in monthly recharge (Fig. 9). This
means, for example, that the occurrence of a recharge peak in July
was related to the cumulative precipitation during the 5–8 months
ending in April (effectively the precipitation accumulated over the
entire rainy season). There was a negative correlation during the 0–
3 months of delay and 0–5 months of cumulative precipitation
(Fig. 9, bottom left and right). This negative correlation was related
to a seasonal effect. During the rainy season (October–April),
recharge was usually relatively low because the rain of the previ-
Fig. 9. Cross-correlation matrix of cumulative precipitation versus recharge flux.
The horizontal axis is the lag time (month) and the vertical axis is the number of
successive months over which the precipitation has accumulated. Color correspon-
dence to correlation coefficient values is shown on the right (see Eq. (5)). (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
ous rainy season no longer affected the recharge and the rain of
the concurrent season was not yet affecting the recharge.

Despite the relative thickness of the vadose zone under this nat-
ural dune site, the recharge fluxes were mainly influenced by rela-
tively recent precipitation patterns (5–12 months). The impact of
soil water stored in previous years was small compared to that
reported in previous studies conducted under similar semiarid
conditions but with a finer top-soil texture and a variety of land
uses (Ng et al., 2009; Turkeltaub et al., 2014).
3.5. Regression model

Once it was understood that the recharge is well correlated with
the cumulative precipitation of the previous rainy season, a simple
predictive model was developed for the annual recharge, starting
at the end of the winter (1 May). The explanatory variables
included: annual precipitation, number of rainy days, maximal rain
event and annual precipitation of previous years. It is important to
note that the annual precipitation and maximal rain event were
highly correlated (r = 0.84). A 17-year analysis showed that a
model in which annual precipitation is the single explanatory var-
iable was the most significant (r = 0.96). A low correlation was cal-
culated between groundwater recharge and annual precipitation of
previous years (r = 0.24) and between groundwater recharge and
number of rainy days (r = 0.48).

The model in which the May-to-April recharge was explained
by the recent winter precipitation was compared to a simultaneous
precipitation–recharge model in which October-to-September
recharge was explained by precipitation during the same period;
the correlation and fit between annual precipitation and annual
recharge calculated from the time-lagged May-to-April model
were clearly higher (r = 0.96, P = 2.1E�9 vs. r = 0.87, P = 6.8E�6,
Fig. 10). Thus, recharge-estimation regression models for aquifers
under a thick vadose zone must take the lag time into account. A
consideration of the vadose zone as being in a steady state, with
any volume of percolated water simultaneously giving the same
volume of recharge at the water table—as is often practiced in
groundwater models—is not valid; the time lag between the



Fig. 10. Linear regression between annual precipitation and groundwater recharge (see Eq. (6)). (a) Lagged model in which groundwater recharge from May to April was
calculated from annual precipitation prior to the recharge year. (b) A simultaneous model in which October-to-September recharge is explained by precipitation during the
same period.
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recharge and the precipitation, as well as the importance of the
cumulative precipitation rather than the instantaneous one, should
be considered in recharge estimations.

The linear relationship between the annual precipitation and
annual groundwater recharge, with r = 0.96 and P = 2.1E�9 takes
on the form:

Re ¼ 0:86� ðPannual � 67:3Þ

where Re is the annual groundwater recharge (1 May–30 April), in
mm year�1, and Pannual is the annual precipitation prior to 1 May.
This model can be used for annual groundwater-recharge estima-
tions at any site above the coastal aquifer which is characterized
by similar land, soil and vadose zone properties (bare surface and
sand particle size (>95%)).

The significance of annual precipitation as explanatory variable
for groundwater recharge estimation was reported in earlier stud-
ies (e.g. Sheffer et al., 2010; Kim and Jackson, 2012). Yet, the corre-
lation between annual precipitation and groundwater recharge
was not as high as in the current study. Therefore other explana-
tory variables, for example, soil texture (Wohling et al., 2012)
which related to site characteristic, were added to the regression
model.

4. Summary and conclusions

The relationship between precipitation and groundwater
recharge was investigated using a calibrated Richards’ equation-
based model to detail the transient deep vadose zone data and per-
form an exploratory statistical analysis. An array of four VMSs
implemented under a sand dune above the coastal aquifer of Israel
provided transient data of sediment water content at selected
depths and locations throughout the entire vadose zone
(�20 m � 20 m � 20 m). The high-resolution transient deep
vadose zone data were used for inverse simulations of the unsatu-
rated flow model. The flow model was then validated with a set of
data collected under different atmospheric boundary conditions.

The long-term mean annual recharge under the natural sand
dune was calculated as 327 mm year�1, 72% of the average annual
precipitation (1996/7–2012/3), reflecting low ET and runoff. More-
over, stochastic analysis demonstrated the low sensitivity of the
recharge, as simulated by the model, to the optimized parameters
of the hydraulic functions.

Investigation of the temporal variation in recharge with model
simulations demonstrated that the recharge flux under a thick
vadose zone is rather transient. Nearly every year, the recharge flux
reaches a peak with variable arrival time. The temporal cross-cor-
relation of the cumulative precipitation with the monthly recharge
is between 6–9 months of cumulative precipitation (the cumula-
tive precipitation during the whole rainy season) and a 3- to 4-
month delay in monthly recharge.

Taking into account the lag between precipitation and recharge,
a predictive regression model was developed in which the May-to-
April recharge is explained by the annual precipitation for the pre-
vious year. This predictive model was found to be superior to the
simultaneous precipitation–recharge model commonly considered
in groundwater modeling.
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