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Abstract Surface infiltration ponds (SP) provide an efficient and effective method
to perform managed artificial recharge of aquifers whenever the soil hydraulic pa-
rameters are correctly predicted. In particular, the local-scale infiltration capacity
varies in space and time and the pond-scale infiltration varies in time. Any esti-
mation of these is uncertain due to complex clogging mechanisms and lack in the
geological characterization of an infiltration sites. Here, we propose a method to
combine geostatistical inference of spatial variability of soil characteristic with a
temporally dependent physical model. In a field campaign we obtain experimental
measurement of local-scale infiltration capacity at select locations within the SP
as well pond-scale values of the global infiltration capacity during a large scale ex-
periment. We adopt an exponential model to reproduce changes in the infiltration
capacity with time. Accounting for experimental, site-dependent and model errors,
we can map characteristic variables associated with the soil (e.g. soil-dependent

clogging factors) with local uncertainty and the distribution of local infiltration
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capacity at different times during the infiltration. Assessing the spatial distribu-
tion of infiltration rates is important for the optimum scheduling of maintenance
operations on the SP as well as for cost-effective designs of managed artificial

recharge facilities.

Keywords artificial recharge, surface ponds, probabilistic, infiltration capacity,

clogging, cokriging, satellite images

1 Introduction

Managed artificial recharge (MAR) practices include several methods that aim to
recover and enhance groundwater quality and productivity of depleted aquifers [7].
Among them, the use of excavated artificial ponds, or surface ponds (SP) are
common [1,31] . For SPs, the recharge is induced by flooding the excavation with
available waters (e.g. reclaimed water, stormwater, river water), which percolate
towards the subsurface by infiltration. In a properly designed facility evaporation
and other losses are typically negligible. As the infiltration occurs through the
natural ground, assessing the hydraulic properties of the soils is necessary for
optimum design and management of SP facilities.

The critical variable to be determined in SPs is the infiltration capacity (I.),
which is the maximum capacity of the soil to infiltrate water at a given time. I.
depends on the hydraulic conductivity (K) and the porosity of the soil (¢). Several
models exist to relate K and ¢ (e.g., the Kozeny-Carman relationship [23,8]). In
a SP K or ¢ vary in space and change over time such that I. = I.(x,t).

To make educated management decisions regarding the operation of such fa-
cilities, two operation scales should be considered. At the pond scale and from
a purely managerial perspective, the spatial average infiltration in the SP I¢(¢)
is probably most important. It provides quantitative information about the total
amount of actual infiltration in an integrated way. I¢(¢) is also important for quali-
tative purposes as it determines certain important characteristic times (such as the

residence time of the water within the SP) that can influence other biological and
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Spatio-temporal assessment of soil hydraulic variables 3

chemical processes. In addition, it is necessary to have the ability to predict when
the average infiltration capacity falls below some predefined minimum threshold
(e.g. IE") below which the system is no longer deemed to be efficient.

However, for optimal operation and maintenance (O&M) on the SP, the com-
plete knowledge about the spatial and temporal distribution of the local scale
infiltration capacity (Ic(x,t)) is required [29]. Due to the occurrence of complex
spatio-temporal processes in SPs, the estimation of the local infiltration capacity
is uncertain; as such we suggest that a probabilistic approach to predict soil hy-
draulic parameters is advisable [24], which could then be integrated into a larger
scale probabilistic risk assessment [33,6] or targeted information quest [15,25] .

Spatial variability of hydrogeological parameters is typically related to the
ubiquity of heterogeneity in soils. Uncertainties naturally come about as it is next
to impossible to completely characterize these geological heterogeneities [34].

The temporal variability of the infiltration capacity occurs due to natural and
extreme events which affect the SP soils before or during operation. In a properly
designed SP, accidental extreme events occur with low frequency/probability and
are not easily predictable. Thus, including the occurrence of such extreme events
is outside the scope of most design strategies and deemed to be external to the
boundary of the problem at hand (e.g. P 103-104 [5]).

However, natural processes are a common cause of failure in SP facilities [29]
and one of the dominant mechanisms that leads to operational is clogging of the
porous media. Clogging leads to a reduction of the soil drainable porosity. Con-
sequently it also reduces the hydraulic conductivity K and I.. Clogging occurs to
a variety of processes, including physical, biological and chemical mechanisms [4,
36,18]. Such processes act in tandem on the topsoil but they develop at different

rates, depending on a variety of site-specific conditions and factors, such as:

— textural properties of the soil (e.g. characteristic grain size), which are normally
heterogeneous [37,35];

— soil density [13];
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4 Daniele Pedretti et al.

— chemical heterogeneity [18];

— state variables such as temperature [11,12].

Although several published field and laboratory experiments exists that aim
to understand and quantify the various clogging processes and their mutual inter-
action depending on the type of soil [30,22,19], predicting the clogging rates via
cumulation of individual mechanisms remains, in the practice, very uncertain.

Often, in practice, lumped models that quantify clogging in terms of bulk
parameters are used to simulate clogging, or better said, to predict I.. A typical
example is the use of exponential decay functions [20,30].

In this paper we propose a simple method to determine I.(x,t) at all times,
accounting for the fact that direct measurements of I.(x,t) (primary data) are
challenging to be collected. We combine traditional geostatistical inference on pri-
mary data with lumped physically based models and secondary information from
alternative sources. As an illustrative example, we apply the method to a case

study based on an experimental SP site in Spain.

2 Problem Statement

Let us consider a given artificial recharge site in which direct measurements of the
local infiltration rate, I.(x,t), are known at sparse locations and for a few discrete
times, i.e., Ic(x;,t;) {¢ =1,...,m}, {j = 1,...,n}. This is typically the case in most
practical applications as the operation of an artificial recharge pond is typically
done under flooding conditions and thereby any exhaustive characterization of the
infiltration capacity is too costly and time-consuming. The support scale of the
measurement is local and given, for example, by the size of an infiltrometer test.
Under these conditions, we attempt to map the temporal evolution of the infil-
tration capacity at the site so that a better management of the artificial recharge
pond can be undertaken.

As the amount of infiltration data is typically not enough to pursue any tra-

ditional geostatistical inference, most studies applied simple deterministic calcu-
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Spatio-temporal assessment of soil hydraulic variables 5

lations to estimate the global infiltration capacity. Here, we take advantage that
indirect (secondary) information about the infiltration capacity can be obtained
from satellite images to depict the full spatial distribution of the infiltration ca-
pacity. Satellite images can provide valid information related to the soil hydraulic
properties such as the moisture content of the soil, the vegetative canopy density
on the ground or the infiltration capacity [10,17,26,28]. Evidently, a limitation of
satellite images is that image-based methods are restricted to non flooded stages.
Flooding tests [3] are normally used for large-scale assessment of the total infiltra-
tion capacity of the pond; however, these experiments do not give any information
about the spatial distribution of the infiltration, which is, on the other hand,

required for optimizing the O&M of an artificial recharge pond.

3 Methodology: Geostatistical Approach

We start by assuming that an extensively sampled variable which (at least par-
tially) correlated with infiltration capacity is available at some support scale. An
example would be data coming from intensity of a satellite image, which has been
found to be correlated with infiltration capacity in an area dominated by clean
sands [28]. Several geostatistical techniques can be used to incorporate such sec-
ondary information of an extensively sampled variable (pixel intensities) into the
estimation of infiltration rates. The collocated cokriging model can be used for this
purpose. Yet, in this case, its direct application is cumbersome as one needs to
estimate the full time evolution of the variogram matrix as function of the clogging
processes. To overcome this problem, we propose the following approach. Let us
start by assuming that the temporal reduction of the infiltration capacity at every
point x in the domain due to clogging processes follow a decaying exponential law

[20,30], of the form,

I.(x,t) = Ie(x,t = 00) + R(x)Ic(x, to) exp [—A(x)t], (1)
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6 Daniele Pedretti et al.

where I.(x,tp) is the infiltration capacity at some initial operation stage, A is
the lumped clogging coefficient; R[—] is a generic, instantaneous reduction func-
tion of infiltration caused by gas production and other mechanisms [27,7], and
I.(x,t = o00) is the large-time asymptotic value of the infiltration capacity (such
values should not be achieved in practical situations, since they suppose the ab-
sence of O&M in the facilities). We assume for simplicity that A does not change
with time and R = 1. This infiltration model is widely used in practice and well
established in the literature [30,22,19]. The model assumes that clogging takes
place in the order of tens of days. Temperature can therefore be neglected as it is
acting in two temporal scales, seasonality and night-day fluctuations, that do not
affect clogging occurrence. Seasonality occurs at temporal scales much longer than
clogging occurrence, and night-day fluctuations are too short to affect clogging
development permanently.

In Eq. 1, the temporal evolution of the infiltration capacity has been parametrized
by two separate parameters: the initial infiltration capacity, I.(x,t = 0), and
the clogging coefficient, A(x). These parameters are spatially varying parameters.
Based on this, our approach consists in cokriging these two parameters based on
exhaustive secondary information stemming from satellite images. More specifi-
cally, to avoid matrix instabilities caused by densely sampled secondary data and
reduce the burden of modelling all variograms and cross-variograms of a cokriging
system, we employed the collocated cokriging model under the Markov model I [2,
21]. Once the spatial distributions of I.(x,t = 0) and A(x) are known we can back
calculate the spatio-temporal distribution of the infiltration rate, I.(x,t), through

Eq. 1.
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Spatio-temporal assessment of soil hydraulic variables 7

4 An application
4.1 Site description: Sant Viceng dels Horts Pilot Test

A pilot artificial pond is located in Sant Viceng dels Horts, close to the city of
Barcelona (Spain). The geological background is a sequence of deltaic deposits
of the river Llobregat. A high resolution image was captured from Google Earth
(fig. 1) in November, 15th 2007. It displays the ground conditions at the site
before a flooding experiment was conducted; the resolution of the image is around
0.5 m? per pixel. The infiltration area (A) is approximately 100 m x 46 m. The
unconfined and highly transmissive aquifer below the artificial pond is between
12 and 15 meters in thickness, and has been suffering from overexploitation and
pollution in the last years due to an increasing population and industrial density

in the Barcelona area [9,14].

Two types of seepage information are required to operate on an artificial pond.
While knowing the spatial distribution of local infiltration rates, I.(x,t), at differ-
ent times is fundamental to optimize future practical operations [29], an estima-
tion of the total infiltration rate, IS, provides worthwhile quantitative information
about the maximum amount of infiltrated water, the averaged residence time of
water in the artificial pond, and the time for occurrence of biological and chemical

processes. The two infiltration quantities are related through

5(t) = % / Lo(x, 1) dx 2)

where A is the total infiltration area.

These two types of estimates of the infiltration capacity were measured at
the pilot test site. A large-scale flooding test was conducted to assess the total
infiltration rate capacity of the pond. Knowing that the variations in the water level
at the pond are typically small, neglecting evaporation, and considering that water

infiltrates driven mostly by gravity, the infiltration capacity can be approximated
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Fig. 1 Google Earth satellite image of the Sant Viceng dels Horts EAP, close to Barcelona
(property of ICC, 2007). S- tags refer to the locations of infiltrometer tests; C- tags are exca-
vated pits to observe the local geological stratigraphy

as the ratio of the unitary discharge rate (Q;,/A) to the head gradient at the pond

surface,

e ~ Qin(t)
O~ K/ @
where Q;, is the water discharge rate, A is the infiltration area, h is the pond

potential pressure head, and L is the distance from the surface to the water table.

The flooding test was performed between March and June 2009. Results are
shown in Figure 2. We consider that preclogged conditions took place in February
while clogging was mainly affecting the total infiltration capacity in June. Note
that only infiltration related clogging is considered (no air dust clogging or extreme
events modified ground conditions). The data have been been filtered out with
a moving average algorithm that eliminates the noise associated with the daily
temperature. Figure 2 shows that a good match between data and the infiltration

model (Eq. 1) can be obtained. The solid line represents the discharge rate, while
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5 T T T T T T
— Measured from flooding test

45 | === Exponential fitting model i

Q*L/A*h (m/d)
w
w w

N
th

1.5

5 10 15 20 25 30

—_—

Days after flooding
Fig. 2 Experimental observations (solid line) of I. (expressed as in Eq. ??) from the flooding

test performed in the pilot SP between March 2009 and May 2009 . The dotted line is the
exponential model. The Pearson’s coefficient of the curve is r? = 0.79

the dotted line is the fitted model solution obtained with R = 0.75, A = 0.019 d~ 1,

and I¢(t = o0) = 1.98 m/d.

In addition to this, at two different times (before and after the flooding ex-
periment), 9 measurements of the local infiltration rate were obtained using a
double-ring infiltrometer [32]. Table 1 summarizes the results of the double-ring
infiltration tests. Double-ring tests provides a direct estimation of I.(x,t) that is
representative of a small support scale (=~ 0.12 m?), as compared to the whole
domain area (= 5000 mQ). Thus, in practice, we can assume them to be point
values. The double-ring infiltrometer intends to reproduce the local soil transition
from unsaturated to saturated conditions. Basically, two metal rings are keyed a

few centimeters into the soil and filled with water (at constant or variable height).
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10 Daniele Pedretti et al.

After a standard time of two hours, the infiltration rate approaches a steady state

value, identified as I.(x,t) at that location x and time ¢.

The infiltration rates measured after the flooding experiment were used to
determined quantitative measures of the clogging coefficient at the 9 different

measurement locations by

1 Ale(x,t)
A(x) = Y In (7}%1_C(X7 t0)> (4)

where Al.(x,t) = I.(x,t) — Ic(x,t = 0) is the local maximum change of the in-
filtration rate at different locations in the domain, and At is the duration of the

flooding test (At =1t —to).

In fig. 1 the letters inside the symbols denote the specific locations where in situ
infiltration experiments have been performed. The ”S” letters denote the location
of double-ring data values. The ”"C” letters refer to excavated pits where geology
was directly observed and described. Results highlight that ”S1” and ”S7” are

located in an area of low infiltration capacity before and after the flooding test.

The ”S5” and ”S6” are located initially (¢ = 0) in an area of high capacity,
but after the flooding stage the infiltration observed at ”S5” and ”S6” locations
decreased more than 90% and 50%, respectively. This difference is probably due
to a small slide took place in surroundings and the soil was covered by a thin layer
of very fine materials. Thus clogging of this point (and probably partially S6) was

caused by a catastrophic event that doesn’t follow Eq. 1.

Thus, results indicate that low infiltration values are less sensitive to clog-
ging than other areas. Another important observation is that after flooding the
infiltration capacity is more homogeneous (smaller variance) than its initial state.
The effects of homogenization are somehow expected because of the soil selective

clogging processes.
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Table 1 Double ring test results. All values are expressed in m/d. Starred point are affected
by error and are not used for the regression.

Location | February 2009 | June 2009 | Ratio (June/Feb)
S1 0.19 0.18 0.94
S2 2.6 2.1 0.80
S3 2.9 2.5 0.86
S4 3.3 1.1 0.33
S5 12.9 1.2 0.09*
S6 12.6 6.3 0.5
S7 0.17
S8 3.04
59 0.75

mean 5.74 2.07 0.36

variance 30.6 3.98

4.2 Regression Models

The cokriging inference of I.(x,t = 0) and \(x) based on exhaustive secondary
information, i.e. the pixel intensity (P,) obtained from satellite images, requires
to establish two linear regression models. One that relates the pixel intensity with
I.(x,t = 0) an another that relates the pixel intensity with A(x). Following [28],
an adequate regression model between pixel values of a Google Earth image and
the infiltration capacity can be determined at the Sant Viceng dels Horts test site.
The highly detailed RGB image was taken before the flooding experiment and
therefore corresponds to its initial state (without clogging). The volume support
of the pixel value is close to the primary variables [28].

Results are plotted in Figure 3. The correlation between the red band image and
the logarithm of the infiltration values is linear. Coefficients differ from February

(initial conditions) to June (affected by clogging).

S =1n(l) = asPy + bs + 5 (5)

where €5 is the model error. A good linear correlation is obtained for both states
of the artificial pond, with a Pearson’s coeflicient of > = 0.87 in February and

r? = 0.89 in June.
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Fig. 3 Correlation between the pixel values (P,) from the red band of the satellite image
(fig. 1) and measured infiltration capacities (I.) at selected locations in the SP at different
temporal moments. The lines show the results from linear fitting to the experimental data.
The Pearson’s coefficient for the dotted line (February dataset) is r2=0.8695; for the straight
line (June dataset), r>=0.8937

An adequate linear regression model between A\ and P, was also found. Results
are shown in Figure 4. Formally, the linear regression model is of the following

form

A=a)Py+ by +e). (6)

The linear correlation coefficient is 72 = 0.90, when excluding the X\ value

corresponding to the lowest P, .

4.3 Variograms and Cross-variograms

The collocated cokriging system under the Markov model I limits the secondary

variable to the data available at the estimation location, and further estimates
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Fig. 4 Correlation between the pixel values (P,) from the red band of the satellite image (fig.
1) and the clogging parameters (\’) from field measurements. Two points (highlighted and
tagged) have been excluded from the fitting process because of the different reasons. r? for the
straight line is 0.90

the cross-variograms by employing the underlying regression model. In this case,
the cokriging model only needs the knowledge of the variogram of the primary
variable, the correlation coefficient, and the variance of the secondary variable.

Thus, the modelling effort is almost the same as for kriging one variable.

In our case, having too few infiltrometer experiments did not allow for a proper
estimation of the auto-variogram of the infiltration capacity I.(x,t = 0) or the clog-
ging coefficient A(x). Instead, a well behaving sampled variogram was observed for
the intensity of pixel values, P,. Knowing that the primary and the secondary
variables have the same support volume [28] and given the high correlation be-

tween them, we expect both correlation structures to depict similar patterns. For
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this reason, and in an attempt to overcome this problem, we estimated the auto-

variogram of the primary variables as

vs(h) = aZp, (h) + 7z, (h) (7)

v (h) = a3yp, (h) + 7 (h) (8)

where h is the lag distance between data values, and we have assumed that the
regression model errors are uncorrelated with the secondary variable. The auto-
variogram of the regression model error was modeled as a pure nugget effect, i.e.,
Ye = 0'52.

Fig. 5 shows the resulting two directional variograms (N-S and E-W) from the

secondary information. The fitted model variograms show three different struc-

tures, whose combined formulation is the following

Ihnsll hewll lhnsll
) +0.44 - Sph( 9 ' 68 ) +0.24 - Exp( 200

(9)

vp, (h) =297 |0.32 - Gauss(

where Gauss, Exp and Sph are the standard unitary variogram models [16].

5 Results

The formulations in section 4.3 are now applied to the study area to obtain the
spatial distribution of A\(x) and thus to map I.(x,t) at different time stages. Using
Eq. 4 to the data in Table 1, we obtain six local values of the clogging factors
(A(x)). We used t=40 days. Such values are plotted in fig. 4 versus P, .
Disregarding point S1 and S5 (tagged as exluded), we found a linear correlation
between local A(x) and P, given by Eq. 6 with ay = 0.004621 and b) =-0.8262.
This correlation error has r2=0.90. We already addressed the discussion for the

anomalous behavior at the S5 areas because of failure of the system. We also

,0)



281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

Spatio-temporal assessment of soil hydraulic variables 15

350

300r =

250¢

+

v

200

Variogram of pixel intensities

150
1004 + EW-experimental
: - —-EW-model
50 + NS-experimental
—NS-model
0

0 50 100 150 200
Lag distance (pixels)

Fig. 5 Directional variograms of the pixel values in the reference image (exhaustive dataset)

suppose that A at S1 is not representative for the statistical inference. Indeed, the
difference between the two experimental datasets (see Table 1) is too small (only

0.01 m/d) and can be affected by measurements errors.

Nonetheless, a correction must be applied for the mapping process since the
correlation equation would tend to negative values of A\ for P, less than 178.8
(Ic = 0.63 m/d). This happens because we only consider a partial subset of data
for the regression. Evidently, negative values are not physically meaningful (they
would let I. increase in time, while the clogging model was defined as a negative

monotonic function in Eq. 1).

For simplicity, we apply Eq. 8 to cokrige the map and then assign A= 0.001 d~*
to the SP areas with P, below 178.8. Still, since the areas below P, = 178.8 have
low I, their importance on the maintenance programs is secondary with regards
to the higher I. areas. Thus, this simplification should not influence significantly
the purposes of the method. Of course, other considerations should be posed in

case a larger dataset would be available for the statistical inference.
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Legend
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Fig. 6 Map of A\(x) in the studied domain. Value are expressed in d—1

The A map is shown in fig. 6. We can see from the color bar that A spans a
range of values from 0.001 d™! to 0.5 d~1. Once A(x) is fully known, we can apply

Eq. 1 to map the spatial distribution of I.(x,t) at different temporal stages.

Three infiltration maps are shown in Fig. 7, considering t = 7, 14 and 21 days.
We adopted an homogeneous R=0.75, which was found from the fitting process to
the results of the flooding test (see section ?7). By simple comparison between the
two extreme cases (from initial time to 21 days), we see that some zones (such as
the left side of the map) darken more quickly than other areas. A more detailed
analysis would suggest which areas in specific should be accounted for to optimize
the use of the SP, and which time plan should be scheduled as O&M. Such decision
can be combined with other factors economic, social and practical parameters to

manage SP facilities in an efficient way.



308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

Spatio-temporal assessment of soil hydraulic variables 17

Before flooding After 7 days After 14 days After 21 days

Fig. 7 Map of I.(x,t) at the initial stage (t= 0 days, left), t = 7 days (center-left), t = 14
days (center-right) and t = 42 days (right) after a flooding event in the domain. Values are
expressed in m/d

6 Conclusions

To take optimum, effective and efficient decisions in many branches of the ground-
water hydrology, hydraulic variables governing the problem should be completely
known in space and time. Under complex processes and in heterogeneous geologi-
cal context, the estimation of such parameters is uncertain. This is mainly due to
scarce primary information, to the high costs of direct field observation, to limited
accessibility to the sites or even to the partially knowledge of the physical pro-
cesses involved. Therefore, lumped models are often preferable to work with due
to their simplicity and versatility. However, the spatial distribution of the charac-
teristic lumped temporal factors is fundamental to estimate the spatio-temporal
variability of the hydraulic parameters and to take decisions that might mitigate
the risk in O&M operations by attacking specific locations (a subset of the total
domain).

In this paper, we studied the spatial and temporal variability of the infiltration
capacity of the soils (I.) during managed artificial recharge of aquifers via exca-
vated surface ponds. We coupled a simple exponential clogging model with the

available initial distribution of local measurements about I.; moreover, we added
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knowledge from ancillary or secondary information in order to corroborate limited
measurements about primary information. This method was applied on a pilot
area in Spain. Despite some premises and simplifications were introduced in this
illustrative example, we showed that we were able to to map the spatial distribu-
tion of the lumped clogging factor by means of a small dataset of measured A and
by means of secondary information from satellite image. With such information,
we obtain different infiltration maps at selected time interval, which can be used
to find the original strategy for clean-up operations that can minimize the effect

of clogging without having to operate the full facility.
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