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Abstract Surface barriers are commonly installed to reduce downward water movement into
contaminated zones. Specifically, evapotranspiration (ET) barriers are used to store water and release it,
via ET, before it can percolate into an underlying waste zone. To assess the effectiveness of a surface barrier,
we used an existing data set, model‐simulated data, and a dimensionality reduction approach called
universal multiple linear regression (uMLR) to optimize the required number of sensors in a 2‐m thick
surface barrier. To understand the usefulness of implementing predictive uMLR to accommodate multiple
monitoring objectives, we compare several network designs, selected based on down‐sampling of existing
data, with a recommended sensor design based on model simulations performed without consideration of
existing data. We also added consideration of “fuzzy” design, which allows more practical guidelines for field
implementation of uMLR. We found that uMLR, combined with robust decision‐making, provides a
simple, flexible, and high‐quality network design for monitoring the total water stored in a surface barrier
across multiple uncertain conditions.

1. Introduction
1.1. Evapotranspiration Barriers

For over 30 years, the US Department of Energy has considered surface barriers to be an integral part of the
remediation process for contaminated zones (USDOE, 1987). Evapotranspiration (ET) barriers are a type of
surface barrier used to reduce (or eliminate) the movement of water into an underlying waste zone. ET bar-
riers rely on two mechanisms to reduce downward water movement to depths where it could mobilize con-
taminants: 1) storage of water in the soil; and 2) release of water via ET. The integration of these two
processes is referred to as store‐and‐release.

Store‐and‐release mechanisms are particularly important in arid and semi‐arid systems, where the poten-
tial evapotranspiration (PET) exceeds precipitation (Wilcox et al., 2003; Zhang, 2016). For example, the
average recharge beneath undisturbed natural semi‐arid vegetation may be less than 5 mm/year due to
store‐and‐release processes (Fayer & Keller, 2007; Zhang, 2016). However, without vegetation, drainage
can be as high as 50–100 mm/year (Scanlon et al., 2005; Zhang, 2016). Consequently, an effective ET barrier
can nearly eliminate drainage in arid or semi‐arid regions.

To ensure the success of ET barriers in preventing contaminant mobilization, researchers monitor the store‐
and‐release mechanisms by using sensors such as neutron probes (e.g., Zhang, 2015, 2016). Each neutron
probe measurement, calibrated to water content, is assumed to represent a depth interval, allowing for a con-
ceptually simple calculation of the total water stored in the barrier. Neutron probes offer high depth resolu-
tion, which is an advantage for store‐and‐release processes that occur in large or uncertain depth intervals.
Unfortunately, because neutron probe measurements are manual and time consuming, observations are
often collected with low temporal resolution. An alternative is to install sensors, such as time‐domain reflec-
tometry probes at multiple depths (Topp et al., 1980). These probes can be interrogated automatically, allow-
ing researchers to capture more dynamic conditions; time‐domain reflectometry measurements commonly
offer high temporal resolution with reduced depth resolution. However, cost and concerns about subsurface
disturbance generally limit the number of probes that can be buried. Our goal is to develop a generalizable
method that can be used to determine the necessary number of point measurements, and the optimal depths
for those sensors, to provide an acceptably good measurement of total water storage through time for a range
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of conditions. In particular, we test the ability to design a monitoring network that will function during
normal precipitation regimes, infrequent high‐precipitation years, or both, but the approach should be
applicable to any multi‐objective monitoring need.

1.2. Focus and Scope

Budget limitations often restrict monitoring network design and are a common challenge for data collection
(Hubbart et al., 2005; James & Gorelick, 1994; Liu et al., 2012; Mogheir et al., 2003). Therefore, measurement
network designs often rely on some form of data worth analysis prior to sensor installation. Data worth ana-
lyses effectively allocate a sampling budget by identifying the most valuable data for measuring the outcome
of interest, given the current level of understanding. Data worth analyses include formal techniques that use
quantitative metrics to identify the most valuable data and informal methods that rely on intuition or trial‐
and‐error (Çamdevýren et al., 2005; Fernández‐Gálvez et al., 2006; James & Gorelick, 1994; Jolliffe, 2011;
Kikuchi, 2017; Lin et al., 2017; Mogheir et al., 2003; Strebelle, 2002; Sun et al., 2013; Tiedeman et al., 2003;
Vereecken et al., 2008). Informal and formalmethods are complementary with a joint goal of identifying field
measurements to be both informative and efficient. This goal must be balanced with the effort needed to
complete the monitoring network design optimization for the range of possible outcomes.

In many cases, data worth analyses are dependent on multiple objectives that must be considered simulta-
neously; it is important to note that these cannot be combined easily into a single objective function.
Rather, previous researchers have developed specific computational strategies for solving these multi‐
objective fuzzy problems (Chen & Tsai, 2001; Coello & Christiansen, 2000; Sakawa, 2013). One common
multi‐objective optimization approach is to first find the solutions to the single‐objective problems. Then,
to use the best/worst solutions for each process as boundaries of the fuzzy ranges, these single‐objective
designs are considered as the basis for pareto optimal design. This may be considered in using fuzzy optimi-
zation approaches within these boundaries (Rao, 1987). Here we integrate the fuzzy optimization directly
into the choice of optimal measurements to collect.

For this study, we use fuzzy optimization and a simple data worth analysis approach called universal multi-
ple linear regression (uMLR; Clutter & Ferré, 2019; Norgaard et al., 2014). Previously, Norgaard et al. (2014)
used uMLR with pre‐existing data to identify a reduced set of parameters that could be measured as a surro-
gate for performing more costly colloid mobilization and transport analyses. Clutter and Ferré (2019)
expanded the method to better address uncertainty in user‐defined predictions of interest, by introducing
a predictive approach that combines physically‐based model results, uMLR and robust decision making
(RDM; Lempert & Groves, 2010; Lempert et al., 2013), to optimize network design prior to data collection.
This previous work was applied to a relatively simple illustrative synthetic test case. Here we apply uMLR
to optimize sensor installation based on an existing field data set; this study is meant to be a proof of concept
using existing data and is not intended to supply a specific network design for the site considered.

We first show that uMLR with RDM (hereafter uMLR‐RDM) can be used to hindcast what would have been
optimal sensor placement, by down‐sampling previously collected field data from the Prototype Hanford
Barrier (PHB). We then show that the predictive uMLR‐RDM approach could have been used to design a
simple monitoring network, prior to data collection, under a number of uncertain conditions. That is, our
larger aim is to demonstrate how a single network design can predictively accommodate multiple monitoring
objectives. Finally, we also introduce “fuzzy” design for more practical field implementation. Specifically, we
search the acceptable design space to identify depth ranges that produce suitable results; providing results
that are much more practical for field implementation. The uMLR‐RDM results are not confined to specific
conditions and can be used to define general, practical rules for monitoring network design; this would not
be possible with variable reduction methods designed to define a single best network design.

1.3. Site Description

The PHB, an ET cover system, was constructed in 1994 over an existing contamination area (DOE‐RL, 2016;
Zhang, 2016). The Hanford Site is a semi‐arid zone with hot, dry summer, and cool, wet winters (Hoitink
et al., 2005), and the PHB design is aimed at eliminating drainage during all potential seasonal variations
in water content over a 1000‐year period (Zhang, 2016). The primary layer that processes store‐and‐release
of the PHB system is a 2‐m vegetated silt loam storage layer. The vegetation is composed of semi‐arid grasses
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and shrubs (Rickard & Vaughan, 1988) with a uniform plant root density
to 1.1–1.5‐m depth (Gee et al., 1995, 1996).

From 1994–2013, the water content was monitored at 12 stations; 6 sta-
tions in the northern section and 6 in the southern section, spaced 5‐m
apart (Figure 1). A comprehensive summary of the performance of the
PHB from 1994 to 2013 is given in DOE‐RL (2016). The monitoring data
are described in the Appendix R of DOE‐RL (2016). Zhang (2015)
analyzed the field water retention of the silt loam layer at 4 depths at each
of the 12 access tube stations. The soil is considered nearly uniform across
all 12 stations, and the non‐hysteretic average van Genuchten parameters
are θs = 0.344 ± 0.056 (mm3mm−3), θr = 0.068 ± 0.012 (mm3mm−3), α =
5.46 × 10−3 (mm−1), n = 1.51 ± 0.13 (‐), and Ks = 4.49 × 104 (mm/year;
Zhang, 2015, 2016). At each station, counts were measured at 0.15‐m inter-
vals using neutron probes deployed in vertical aluminum access tubes
extending to 1.9‐m depths (13 total depths). Counts were collected manu-
ally once per month during a typical water year (WY) and 2–5 times per
month during a wet year. The water content was then calculated using
Zhang (2015):

θ ¼ a0 þ a1N þ a2N
2; (1)

where θ is the water content (m3m−3), a0 = −0.01649, a1 = 1.449 × 10−5,
a2 = 3.234 × 10−10 and N is the 16‐s neutron count.

A WY is a 12‐month period from October 1st of the previous year to
September 30th of any given year (e.g., the WY ending 30 September
2013 is WY13). From WY95 to WY97, an enhanced precipitation test
was carried out on the northern section (Figure 2: blue). Irrigation was

added to natural precipitation events to increase themaximum precipitation stress on the barrier to represent
a 1000‐year precipitation maximum (annual precipitation at the 99.9% percentile). Note, we refer to this per-
iod as “wet” (WY95–WY97), and the remaining years are referred to as “typical” (WY98–WY12; Figure 2).
Only the northern stations experienced wet conditions, and all stations experienced typical precipitation
events during the WYs specified. During wet years, an average runoff of only 2 mm/year was observed
(Zhang, 2016); this low runoff can be attributed to the high saturated hydraulic conductivity of the silt loam
(Gee et al., 1995). The ET processes varied throughout the year but were strong enough to release almost
of all the stored water in the barrier (Zhang, 2016). The average drainage rate through the barrier was
~0.005 mm/year; two orders of magnitude below the maximum design drainage rate was 0.5 mm/year
(Zhang, 2016).

Water content profiles at the PHB were similar across all 12 stations and differed between wet and typical
years. Representative profiles (here shown for Station 1) are presented in Figure 3 for both conditions.
Under wet conditions, the wetted zone (>0.2 m3m−3) in all six northern stations extended to depths of at
least 180 cm (Figure 3a). During typical years, the wetted zone (>0.15 m3m−3) only extended to approxi-
mately 75 cm (Figure 3b). Total water stored is calculated by summing the products of the water content
at each depth and the measurement interval. The total water stored varied from 400–700 mm during wet
years and 50–100 mm during typical years (Figure 3c) and was similar across all stations receiving the
same treatment.

2. Methodology

uMLR is a computationally inexpensive approach that assumes that combinations of observations (water
content at different depths, θi) can be linearly related to a prediction of interest (total water stored, W).

W ¼ a0 þ∑n
i¼1aiθi; (2)

Where a0 is the y‐intercept, ai is the regression coefficients and n is the number of observation depths.

Figure 1. PHB study site. 12 stations where vertical access tubes were
installed to 1.9‐m depths and spaced 5 m apart. The six northern stations
experienced wet conditions during WY95–WY97 and typical conditions
WY98–WY12. The six southern stations experienced typical conditions
during the entire data collection period.
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The computation efficiency afforded by the linearity assumption
underlying uMLR allows us to consider all possible combinations of
observation depths, up to any given subset size, n (equation (3)).
The goal of uMLR is not solely to identify a single optimal measure-
ment set. Rather, it quantifies the likely “value” of all unique combi-
nations of different observation depths. By analyzing these results, we
can gain insight into the value of proposed observations and derive a
fuzzy design based on the range of “set performance” under uncertain
conditions. These analyses, performed over the ensemble of measure-
ment sets, are the central strengths of uMLR. The large number of
possible combinations that can be formed can limit the number of
sensors to be considered. Specifically, the potential number of obser-
vation sets (pset) is given by:

pset ¼ ∑smax
n¼1

co!
n!* co−nð Þ! (3)

where co is the number of candidate observations, and smax is the
maximum observation set size (Clutter & Ferré, 2019). Therefore,
some judgement is required to define the candidate observations
and the maximum set size before applying uMLR to confirm an
appropriate run time. In this study, we generally use the uMLR‐
RDM down‐sampling and predictive approaches as described by
Clutter and Ferré (2019).

2.1. Down‐sampling of Existing PHB Data

There are many factors that go into network design, and for research efforts, there are often reasons to collect
more data than that, which is strictly necessary. Especially if there is uncertainty regarding the specific depth
interval of interest, or if the optimal depth interval changes periodically based on precipitation regimes.
However, for more practical applications, perhaps projects with a reduced budget, there might reasons to
reduce the number of sensors. For down‐sampling, the uMLR approach aims to answer the question: with
the benefit of hindsight, could the total storage have been quantified at each measurement time using fewer sen-
sors, appropriately placed and weighted while still capturing the information needed for a wide range
of conditions?

We use the PHB data set to demonstrate the down‐sampling approach. We do not intend to make recommen-
dations for a simpler network design for the PHB site, specifically. Rather, the data are used as a proof of con-
cept for other applications that may be subject to stricter budgetary limits. The PHB was designed to be
nearly uniform. But, to demonstrate how the method can be used in natural conditions, we treat the results
as if the optimal set is expected to vary among the access tube locations. Therefore, we investigate each indi-
vidual access tube location (Figure 1; Stations 1–12).

We first used uMLR to determine the number of sensors needed. We next evaluated all possible measure-
ment sets of a certain set size (e.g., sets of 3) for each location (12 stations). Finally, we found the minimum
R2 for each observation set across all stations and assigned this R2 value to the observation set. From these
results, we identified the “RDM Best Set” consisting of all of the observation sets (e.g., sets of 3) that had
an acceptably high R2 at all stations. This minimax strategy is referred to as “Robust Decision Making,”
(for more details, see Clutter & Ferré, 2019).

2.2. Predictive Approach Using Simulated Data

Using simulated data, we can apply uMLR‐RDM to answer the question: could an optimal sensor network
have been designed for a surface barrier prior to data collection for a range of uncertain conditions? This
requires four steps: 1) develop a forward flowmodel; 2) identify sources of uncertainty; 3) create an ensemble
of models to simulate candidate observations and total water stored considering all sources of uncertainty;
and 4) apply uMLR‐RDM to select a network that would be expected to perform satisfactorily over the
ensemble (Clutter & Ferré, 2019).

Figure 2. Monthly precipitation for the 18‐year study period at the northern sta-
tions. Wet years (WY95–WY97) have additional irrigation water added to simu-
late a 1000‐year precipitation event (blue). Typical precipitation years are shown
in yellow. The southern stations experienced typical precipitation during WY95–
WY97 (not shown).
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In this study, we used HYDRUS 1D (Šimůnek et al., 2013) to generate both the outcomes of interest and the
candidate observation sets in response to site‐specific boundary conditions (Gee et al., 1995, 1996; Hoitink
et al., 2005; Rickard & Vaughan, 1988; Zhang, 2015, 2016). We simulated responses to the measured initial
and boundary conditions reported in Zhang (2015, 2016) for wet and typical conditions; however, additional
simulations could have considered precipitation uncertainty as well. For both wet and typical conditions, we
considered a range of five soil textures (including silt, loam, sand, and two others; see Table 1) to form an
ensemble of 10 models. We primarily consider uncertainty in boundary conditions and soil hydraulic para-
meters. However, if we had considered more sources of uncertainty (e.g., climate, barrier thickness, and
vegetation parameters), the model ensemble would have been larger, but the general procedure would not
have differed.

For down‐sampling, we found an observation set that performed acceptably well (R2 > 0.90) for 12 different
stations using uMLR‐RDM. In a post‐audit sense, this identified a network that can be expected to perform
acceptably well over the range of hydrogeologic conditions at the 12 stations. For the predictive design case,

we limited HYDRUS to a design for one station, but subjected themodel to
a wider range of soil hydraulic parameters. In the RDM context, this repre-
sents consideration of the effects of differences in hydraulic properties
among well locations, while still assuming that the medium is locally
homogeneous. Candidate observations were located every 0.15 m
throughout the 2‐m column depth. Monthly water content values were
simulated at the candidate depths (Figure 4 and Figure 5), and the total
water storage value was calculated every month (Figure 6). Lastly, we used
the uMLR‐RDM results to identify acceptable observation depth ranges
for more practical field implementation.

We conducted this analysis for both wet and typical conditions and
then selected a design that would be acceptable for each condition.

Table 1
The van Genuchten soil parameters for the five soil types used in the study:
residual water content (θr), saturated water content (θs), alpha (α), n, and
saturated hydraulic conductivity (Ks)

Soil parameters

Soil Type θr (‐) θs (‐) α (1/mm) n (‐) Ks (mm/year)
Silt 0.034 0.46 1.60E‐03 1.37 2.19E + 04
Loam 0.078 0.43 3.50E‐03 1.56 9.11E + 04
Given 0.068 0.344 5.00E‐03 1.51 4.49E + 04
Best 0.068 0.25 5.00E‐03 1.51 2.00E + 05
Sand 0.045 0.43 1.45E‐02 2.68 2.60E + 06

Figure 3. Northern stations (Figure 1, Stations 1–6) experience both wet and typical precipitation conditions (see Figure 2). The measured water content versus
depth for Station 1 for wet years (WY95–WY97) and typical years (WY01–WY03) are shown in (a) and (b), respectively; we only show Station 1 because the
profiles vary only slightly across stations. Each line represents a different time at which the neutron profile was logged; data were collected more frequently during
wet years. (c) shows the total water stored for northern Stations 1–6 during wet years (blue) and typical years (yellow).
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Additionally, we looked at designs that would be acceptable across all precipitation conditions. Note that this
approach can easily be extended to consider other sources of uncertainty including model structure, soil
layering, or plant root water uptake. We limited our analyses so that we could assess how well the pre‐
screened network would have performed based on the measured data set.

The HYDRUS model (with dynamic time stepping and an initial and minimum time step of 0.0001 years)
was used to simulate water flow for 4 wet years and 15 typical years in a 2‐m soil column. The top boundary
condition was set to be constant flux, equal to the precipitation (mm/month) values reported by Zhang,
(2016; Figure 2). The bottom boundary condition was set to zero flux (Zhang, 2016); however, uncertainty
regarding this boundary condition also could have been examined as part of the model ensemble. The initial
conditions were designed to minimize the spin‐up time of the model by setting a pressure head that differed
for the environmental conditions considered (−10 m for wet and −60 m for typical). For typical conditions,
6 years of average annual precipitation was used as spin up to minimize impacts of the initial conditions; for
wet conditions, only 1 year of spin up was simulated and appeared to be sufficient.

The potential evapotranspiration rate was set to 500 mm/year during an average precipitation year and
600 mm/year during the 1000‐year precipitation events. Using a built‐in HYDRUS capability, the ET
was set to be a constant value equal to 1% of the total daily value between 0–6 a.m. and 6 p.m.–12 a.m. and
followed a sinusoidal pattern (with a maximum at 12 noon) during the rest of the day. Root water uptake

Figure 4. Simulated water content versus depth for all five soil types (Table 1) in the HYDRUSmodel ensemble during wet
conditions (WY95–WY97). Each line represents monthly data.
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was computed using the Feddes et al. (1976) model, and the following parameters/conditions are selected to
be representative of typical desert shrubs (Kurc & Small, 2004; Sela et al., 2015): anaeobiosis pressure head
(ψm) of −54 mm and optimal uptake ψm between −224 mm and −326 mm; the water uptake decreases

Figure 5. Simulated water content versus depth for all five soil types (Table 1) in the HYDRUS model ensemble during a
typical precipitation year (WY01–WY03). Each line represents monthly data.

Figure 6. Simulated water content versus depth for five simulated soils (see Table 1) in the HYDRUS model ensemble
during (a) wet precipitation conditions (WY95–WY97) and (b) typical precipitation conditions (WY01–WY03; bold lines).
For comparison, the measured storage values (dotted lines) are also included for the monitoring stations at the PHB
(see Figure 1).
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linearly between ψm of −326 mm, and −8000 mm, and uptake is equal to zero for ψm less than the wilting
point of −15574 mm.

Five homogeneous soils were analyzed. The range of soils included was coarser and finer than the values
reported in Zhang (2015) providing a range of plausible conditions; the soils that were too coarse or too fine
to effectively store‐and‐release (as designed) were not considered. The hydraulic properties are described
using the van Genuchten (1980) functions (Table 1). Default HYDRUS 1D soil hydraulic parameter values
were used for three soils silt, loam, and sand. The other two soils types considered were 1) the local soil type
at PHB, represented usingmanually calibrated parameters based on PHB storage values (labelled “Best”) and
2) the soil type represented using parameters reported by Zhang, 2015; labeled “Given”; Figures 4–6).

From Figures 4–6, we can see that the water content profiles and total water stored are quite different among
the soil types considered in the ensemble. The water content profiles for wet conditions have variations
throughout the profile (Figure 4), while typical conditions have shallower variations (Figure 5). For both
conditions, the ranges of water contents in the profile depend on the soil hydraulic properties of the soil
(Table 1), and soils with similar soil hydraulic properties have comparable profiles. Generally, the volume
of water stored‐and‐released is similar across soils, but the maximum/minimum volumes of water stored dif-
fers with soil type (Figure 6). For sand under wet conditions (Figure 4e and Figure 6a, blue), water builds up
at 2 m and is not fully released via ET; we consider this a non‐behavioral case according to the PHB engineer-
ing design and therefore did not use the sand results (under wet conditions) in our uMLR study.

3. Results and Discussion
3.1. uMLR and RDM: Down‐Sampling of Existing PHB Data

The water content shows measurable changes with depth and time (Figures 3a and 3b). However, water con-
tents are also linked across space and time through infiltration and redistribution processes. Depending on
the precipitation regime and soil type, the depth interval within with conditions are dynamic will differ.
Optimal designs will require that sensors be placed at depths that show the highest temporal variability,
and that sensors be located in such a way as to minimize redundant information.

Following these simple guidelines, based on the HYDRUS simulation results, we can expect that probes
would need to be spaced throughout the 180‐cm profile during wet years to capture all areas experiencing
water content variation (Figure 3a). Meanwhile, during typical precipitation years, probes could be restricted
to the shallowest 100 cm (Figure 3b); the exact sensor locations will vary slightly between soil types. To max-
imize sensor separation, observations could be focused in a) shallower regions that are dominated by
dynamic infiltration, drainage, and ET, and b) deeper regions that show slower, less extreme water content
variations with time. Using this informal data worth analysis, we can develop a generic measurement design
based on capturing the greatest variability for each individual condition. However, it is more difficult to
understand how we might design a measurement scheme that would be effective across a range of precipita-
tion regimes and soil textures. Therefore, we apply uMLR to develop an objective set of recommendations for
both the number and depths of sensors for all uncertain conditions.

The results of an uMLR contain information about many observations sets. Figure 7 (left panel) shows the R2

achieved for every possible set composed of a given number of sensors. The best performing sets (highest R2)
are shown as black points, and the very high R2 values indicate that the linear assumption underlying uMLR
seems justified for this application. The large spread of R2 values among sets for any given set size indicates
that there is considerable value in carefully selecting the probe placement—in all cases shown, the choice of
which depths to observe has a strong influence on the information content of the observations. Finally, the
very minimal improvement (<0.01) achieved in the highest R2 by considering more than three observations
indicate that an acceptable network can be constructed with only three measurement depths. There is some
level of user preference in the decision of acceptable improvement with added observations. Note, a more
formal, cost‐based decision could be applied to determine the maximum number of sensors that could be jus-
tified to meet budgetary restrictions. The number of sensors will always represent a cost‐benefit trade off and
will differ among users.

Total water stored can be calculated with acceptable accuracy using the best set of 3 observations (Figure 7).
For example, for station 1 the regression coefficients a0 through a3 are 5.68, 523.22, 589.26, and 661.86,
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respectively, for the best three at depths 30, 90, and 150 cm (wet) and are 7.87, 273.72, 504.01, and 945.75 for
the best three depths at 15, 60, and 120 cm (typical). When uMLR is applied to an individual site, it returns
the optimal sensor depths and the weight that should be applied to each to infer the length of water stored
through time using equation (2). The weights for all stations are included in Table 1 of the Supporting
Information. Figure 8 shows the actual storage calculations using all 13 measurements (measured) and
the storage calculated using only 3 observations (uMLR). The average water stored during wet years is
234 mm and 131 mm during typical years. The difference between the two storage values using the best
set for station 1 is shown in black (measured—uMLR). The average absolute error is 2.85 mm, maximum
absolute error 13.97 mm, and the RMSE is 3.86 mm during wet years; typical years are 6.86, 1.67, and 2.38
mm, respectively. The error values for all stations and conditions are given in Table S1.

In addition to revealing the performance achievable using different observations sets, uMLR also retains the
composition of each set. From this, a researcher can identify which sensors to include in a network as a func-
tion of the number of sensors included. As shown in Figure 7b, if only a single observation is to be selected, it
will be at a depth where there is very high temporal variation of water content (as shown by Figure 7c). If two
sensors are chosen, one should be near the bottom of the domain, to quantify the constant, deep water con-
tent, and the other at a shallow depth that shows high temporal variation. When a third sensor is added, a
shallow sensor should be included to capture near surface water content variation. Interestingly, no single
sensor depth is included in all three of these optimal measurement sets. In other words, uMLR identifies
the set of observations that maximizes the total information that is relevant to the objective. Similar results
are found for the wet conditions (Figures 7d–7f), but now the sensor placement is deeper because the water
content varies to greater depth under wetter conditions. (Note: for wet conditions, only the northern stations
are analyzed (Stations 1–6); during typical conditions all stations are analyzed.)

The analysis of uMLR results (Figure 7) indicates minimal improvement in optimal set performance for more
than three sensors. For clarity of presentation, the remainder of the study focuses on “best‐three” sets. The
compositions of the best set for each location, and for the RDM set across all locations, are shown in
Figure 9. Although a common set of observations is identified, the weights that should be applied for these
depths are still site specific (Table S2). The RDM best sets (Figures 9a and 9b; RDM) for the different

Figure 7. The uMLR approach for Station 1 during typical (a,b,c) and wet conditions (d,e,f). The left panel (a,d) shows the
R2 for every combination of observation for sets of up to 5 sensors. The middle panel (b,e) shows the depths for the best sets
of observations for set sizes 1–5. The right panel (c, f) shows the water content profile.
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precipitation regimes reflect the differences in water content variability for each condition (Figure 4 and
Figure 5). For most access tube locations, during typical years, there are two observations located at
depths <75 cm plus one deeper observation (Figure 9a; 1–12). The middle observations are closer to the
surface and capture shallow changes in storage (Figure 5). During wet conditions (Figure 9b; 1–6), sets
with the highest R2 are evenly spaced because water content varies throughout the entire depth interval
(Figure 4). The RDM best set for typical conditions is at depths 15, 60, and 165 cm (Figure 9a; RDM;
R2 ≥ 0.97) and for wet conditions is at depths 30, 75, and 135 cm (Figure 9b; RDM; R2 ≥ 0.98).

Importantly, robust measurement designs are not necessarily limited to the single best set from RDM
(Figures 9a and 9b; RDM). Using uMLR, for both wet and typical conditions, we find ~100 combinations
of observations that give an R2 > 0.90 across all stations. Using these results, we can 1) implement RDM

Figure 9. Each subplot shows the individual observation sets with the highest R2 for each North and South station, and for
the best RDM set across all stations for the down‐sampling of existing data. Subplot a) is for typical conditions and
b) for wet conditions. On the far‐right side of each subplot the ranges of observation depths for which RDM R2 > 0.92
are zshown.

Figure 8. The storage through time using all measurements (red) and the best three observations were appropriately
weighted using equation (2) (blue) for Station 1. The difference between the two is shown at the bottom in black.
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to find observations that perform well across a range of precipitation conditions and 2) identify a range of
observation depths that give an acceptably high R2 for each individual precipitation regime.

For the best set of observations that would work well for the entire range of precipitation conditions consid-
ered, we use the uMLR results from each individual condition (typical and wet) and then use RDM to find
that observations that give an acceptably high R2. The RDM best set (at depths 30, 90, and 150 cm) gives
an R2 of at least 0.90 for all stations and precipitation years. This measurement design is similar to the
RDM design for wet years and could be used for uncertain precipitation conditions.

For a fuzzy design, we choose theminimum interval that wewould want to consider for practical guidance on
sensor placement, the minimum separation between the bottom of one measurement interval and the top of
the next interval, and a threshold of acceptable R2. Setting these to 15, 30, and 0.92 cm, respectively, we obtain
the results shown in Figure 9. Therefore, using the RDM approach, we can identify depth intervals in which
any combination of three sensors that are installed within the specified depth intervals will have an accepta-
bly high R2. Our results indicated seven combinations of three depth intervals that satisfy these conditions.
From these, we selected the set covering the largest range of depths, but other researchers may choose their
preferred intervals for other practical reasons. The depth intervals for the wet and typical conditions are
shown (Figure 9) as vertical colored bars spanning the three observation depth ranges. The two shallowest
recommended observation ranges are narrower and shallower for the typical conditions, reflecting the
restriction of water content changes to the near surface for typical conditions. Simultaneously, the deep obser-
vation is broader reflecting the near‐constant water content with depth.

3.2. uMLR and RDM: Predictive Approach Using Simulated Data

Using uMLR, the analysis of model simulated data for all five soil types identified recommended best sets
primarily at depths ≤120 cm for typical conditions (Figure 10a, Silt‐Best) where the greatest variation in
water content occurs (Figures 5a–5d). The exception to this general finding is for sand, where the water con-
tent variations are deeper (Figure 5e) and the observations extend to 150 cm (Figure 10a, Sand). During wet
conditions, the water content varies up to depths of 200 cm for all soils (Figure 4). Therefore, the best sets of
observations are deeper and more widely spaced (Figure 10b). Coefficients for the individual soils and con-
ditions are given in Supplemental Information Table S3. Note that the identified RDM best set (Figures 10a–
10b, RDM) is not best for any particular soil, but represents an acceptable compromise across all of the soil
types considered.

The analysis revealed 75 to 100 combinations of observations that give an R2 > 0.92 across all soil types. For
typical conditions, the model‐based depth interval recommendations (Figure 10a, vertical bars) are almost
identical to the down‐sampling recommendations (Figure 9a, vertical bars), except that the model‐based
ranges have smaller maximum depth for the deepest observation (Figure 9a and Figure 10a, purple vertical
bar). For the wet conditions (Figure 10b, vertical bars), the model‐based recommendations are considerably

Figure 10. The individual observation sets with the highest R2 for each soil and the best RDM set across all HYDRUS soils
for (a) typical and (b) wet conditions. On the far‐right side of the graphs the range of observation depths with an RDM R2 >
0.92 (a) and R2 > 0.94 (b) are shown.
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deeper and narrower than the down‐sampling recommendations (Figure 9b). The RDM set that is best across
all precipitation regimes in the HYDRUS model is at 30, 75, and 135 cm with an R2 of at least 0.90.

3.3. Application of the Predictive Approach

These differences in the model‐based and down‐sampled observation ranges are to be expected, given that
the range of conditions examined with the model is intended to be wider than the actual range of conditions
in the field. One strength of the uMLR approach is that it not only provides the correlation to the prediction
of interest (R2) for the single best set of three observations but also for every possible combination of three
observations (equation (3)). Therefore, we can determine how well the model‐based recommendations per-
formed based on the existing field data. First, we determine how well the RDM best set from the simulated
data (Figure 10) performed by ranking it among all of the uMLR results from the down‐sampled data
(Figure 9). Figure 11 shows the normalized cumulative frequency distribution of the minimum R2 for the
RDM down‐sampling sets for the (a) typical and (b) wet cases; the simulated results are referred to as
“HYDRUS Best.” The coefficients for the HYDRUS best set, based on down‐sampled results for all stations,
are included in Table S4.

The cumulative frequency curves (black lines, Figure 11) show significantly different minimum R2 values for
wet and typical cases; that is, a higher proportion of the data sets have high R2 for the typical conditions. By
definition, the RDM set identified by down‐sampling is the highest possible minimum R2. The R2 for the
HYDRUS RDM best set for typical conditions (30, 60, and 105 cm) was 0.97 (blue vertical line, Figure 11a).
During wet conditions, the HYDRUS best set (45, 90, and 150 cm) gives an R2 of 0.97 (blue vertical line,
Figure 11b). The relatively small separation of the blue dashed line and the maximum R2 of the black line
gives a visual indication of the excellent performance achieved in this case by use of predictive uMLR‐RDM.

We can assess the quality of the recommended depth intervals based on predictive uMLR‐RDM. To illus-
trate this, we examined all combinations of observations sets within the model‐based recommended obser-
vation ranges and found that they all had R2 values between 0.92 and 0.97 for typical conditions and
between 0.92 and 0.98 for wet conditions (gray shaded regions, Figure 11). For typical conditions, 25%
of the total number of possible observation sets fell in this R2 range (Figure 11a); for wet conditions
50% (Figure 11b). Additionally, the HYDRUS best set across all precipitation conditions (30, 75, and
135 cm) gives a minimum R2 of 0.93 across all stations. This recommended set gives an R2 that is lower
than the recommended set for each individual condition (wet and typical years), but is still acceptably
high across all precipitation conditions.

4. Conclusion

Limited budgets often restrict monitoring networks. As a result, researchers are required to install fewer sen-
sors than they would like, forcing them to conduct measurement design optimization prior to installation.

Figure 11. The normalized cumulative frequency of occurrence of minimum R2 values for the (a) typical and (b) wet conditions. The RDM best set from the
simulated data and its equivalent R2 during down‐sampling is shown in blue. The depth intervals found using HYDRUS (Figure 10) and the number of sets
that fulfill this (and their equivalent R2 values) during down‐sampling are shown in gray.
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However, even in the case of a simple system like the PHB study site, there are a range of uncertain condi-
tions that can complicate network design. At the PHB site, neutron probes were used to monitor store‐and‐
release processes at 156 points throughout the surface barrier (13 depths and 12 locations). The monitoring
was intentionally overdesigned to capture all changes in water content that might occur during both wet and
dry years, and the researchers aimed to install sensors that would redundantly capture the dynamic processes
that could occur anywhere between 0 and 200 cm. However, for a more practical application, with the same
goal of monitoring water storage for all precipitation regimes (and a range of soil types), the uMLR‐RDM
approach suggests that only 25% of these observations are needed (three depths at each location) without
sacrificing data worth considerably; a maximum RMSE across all stations of 6.94 mm during the 18‐year
study period (Table S4). Additionally, because uMLR considers all possible observation sets, the results could
be expressed as a fuzzy design within which the three observations could be installed to meet any user‐
selected performance criteria. Note that there is a risk of sensors failing which could sacrifice data worth
when installing less sensors.

The recommendations included in this paper are only applicable for the range of uncertain conditions con-
sidered (soil types in Table 1 and precipitation years in Figure 2). But, a similar uMLR‐RDM analysis could be
performed to consider other sources of uncertainty including changes in barrier thickness; different vegeta-
tion; or geostatistical or layered material distributions with depth. The method reported cannot determine
the depth of the wetting front, which can be decided based on the water content profile.
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