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ABSTRACT

Data collection is an integral part of hydrologic investigations; yet, hydrologic data
collection is costly, particularly in subsurface environments. Consequently, it is critical to target
data collection efforts toward prospective data sets that will best address the questions at hand, in
the context of the study. Experimental and monitoring network designs that have been carefully
planned with a specific objective in mind are likely to yield information-rich data that can
address critical questions of concern. Conversely, data collection undertaken without careful
planning may yield datasets that contain little information relevant to the questions of concern.
This dissertation research develops and presents approaches that can be used to support
careful planning of hydrologic experiments and monitoring networks. Specifically, three general
types of problems are considered. Under the first problem type, the objective of the hydrologic
investigation is to discriminate among rival conceptual models, or among rival predictive
groupings. A Bayesian methodology is presented that can be used to rank prospective datasets
during the planning phases of a hydrologic investigation. Under the second problem type, the
objective is to quantify the impact of existing data on reductions in parameter uncertainty. An
inverse modeling approach is presented to quantify the impact of existing data on parameter
uncertainty when the hydrogeologic conceptual model is uncertain. The third and final problem
type focuses on data collection in a water resource management context, with the specific goal to
maximize profits without imposing adverse environmental impacts. A risk-based decision
support framework is developed using detailed hydrologic simulation to evaluate probabilistic
constraints. This enables direct calculation of the profit gains associated with prospective
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reductions in system parameter uncertainty, and the possible environmental impacts of unknown
bias in the system parameters.
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INTRODUCTION

Research Motivation

For many hydrologic settings, data are sparse and typically expensive to collect. Numerous
methods have been proposed over the last fifty years to quantify the worth of hydrologic data,
each reflecting different objectives and site characteristics. The intent of these efforts has been to
focus efforts on the collection of data best suited to achieve the objectives of current and future
hydrologic investigations. However, the applicability of these data worth analyses is strongly
context-dependent, in that the most appropriate strategy to assess existing data or target future
data collection efforts depends greatly on the objectives of the hydrologic investigation and the
current state of knowledge regarding the site.

Previously developed analytical techniques to assess hydrologic data worth may be classified
based on three primary characteristics. The first is the temporal dimension: whether the analysis
is in a post-audit sense of evaluating an existing dataset (e.g. Vrugt et al., 2002; Hill et al., 2013),
or looking ahead to guide future sampling efforts or monitoring network design (e.g. James and
Gorelick, 1994; Reed and Minsker, 2004; Kollat et al., 2011; Leube et al., 2012;). The second
characteristic is the objective of the investigation. Typical objectives include the identification of
system parameters (e.g. Cleveland et al., 1990; Vrugt et al., 2002) reduction of prediction
uncertainty (e.g. Herrera and Pinder, 2005; Neuman et al., 2012; Leube et al., 2012), or optimal
management of an environmental system (e.g. Feyen and Gorelick, 2005; Liu et al., 2012;
Yenigül et al., 2013). The final consideration is the types of data that may possibly be collected –
these include state variables, system parameters, or system boundary conditions.

In general, methods to quantify data worth are developed in the context of using a hydrologic
model to simulate future conditions. There is growing consensus that using a single conceptual
model in this predictive context may lead to gross under-representation of the range of possible
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future conditions. Yet, only a handful of the methods currently available to quantify data worth
explicitly handle conceptual model uncertainty (e.g. Lu et al., 2012; Leube et al., 2012; Wöhling
et al., 2015). Of those methods currently available, the focus has been on predictive uncertainty,
primarily in the context of managing groundwater contaminated sites.

Research Questions
This research focuses on the use of data-worth analyses in the context of hydrologic modeling
efforts addresses three critical questions. First, how can the design of experiments and
monitoring networks target the prospective datasets most capable to discriminate among rival
conceptual models? Second, how can the worth of existing data be quantified in a multiplemodel context? Finally, how can probabilistic management models be used to identify those
datasets best suited to improve the management of an environmental system? This dissertation
addresses these three questions in the specific context of several synthetic and real-world basinscale groundwater supply and groundwater-surface water interaction studies.

Dissertation Structure
This dissertation consists of three original research papers – one of which has been published,
and two of which are in preparation. In addition to the three research papers that form the
primary basis of this dissertation research, a brief analysis has been prepared in conference paper
format as an extension to the second paper listed below, “Analysis of subsurface temperature
data to quantify groundwater recharge rates in a closed Altiplanic basin, northern Chile.” The
four manuscripts have been included in Appendices A, B, C, and D of this dissertation. The
bibliographic information and status for each of the manuscripts are as follows:

Kikuchi, C.P., T.P.A. Ferré, and J.A. Vrugt (2015), On the optimal design of experiments for
conceptual and predictive discrimination of hydrologic system models, Water Resources
Research, 51, doi:10.1002/2014WR016795.
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Kikuchi, C.P., and T.PA. Ferré (2015), Analysis of subsurface temperature data to quantify
groundwater recharge rates in a closed Altiplano basin, northern Chile, in preparation for
submission to Hydrogeology Journal

Kikuchi, C.P., and T.P.A. Ferré (2015), Multiple Model Uncertainty Assessment of Groundwater
Recharge: An Applied Case Study, in preparation

Kikuchi, C.P., T.P.A. Ferré, and B. Colby (2015), Quantifying the cost of parameter bias and
uncertainty: application to cropping decisions in a multiple-use basin, in preparation for
submission to Journal of Water Resources Planning and Management
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PRESENT STUDY

The methods, results, and conclusions of this study are presented in three original research
papers appended to this dissertation. The following is a summary of the candidate’s contribution
to the papers, and the most important findings of the research papers.
Statement of candidate’s contribution to manuscripts
The research and writing of the first manuscript were guided and reviewed by the
candidate’s primary academic advisor Dr. Ferré, and by Dr. Vrugt. The ideas for the first
manuscript were developed in a collaborative process between the candidate, Dr. Ferré, and Dr.
Vrugt. The modeling, interpretation, and analysis was the work of the candidate, and the
manuscripts were written by the candidate with editorial input from co-authors.
Research and writing of the second and third manuscripts, discussing field and inverse
modeling studies of groundwater recharge, were guided and reviewed by the candidate’s primary
academic advisor Dr. Ferré. Planning and field instrumentation was undertaken by the candidate
with supervision and guidance from Dr. Ferré, and logistical assistance from field personnel with
Montgomery and Associates Ltda. Interpretation and analysis of the field data was undertaken by
the candidate with input and suggestions from Dr. Ferré. The manuscipts were written by the
candidate with editorial input from co-authors.
Research and writing of the fourth manuscript was guided and reviewed by the
candidate’s primary academic advisor Dr. Ferré. Implementation of modeling analyses, and
manuscript preparation was undertaken by the candidate with supervision and guidance from Dr.
Ferré.
Summary of “On the Optimal Design of Experiments for Conceptual and Predictive
Discrimination of Hydrologic System Models”

Arguably the most challenging type of data worth analysis involves predicting the worth
of different candidate datasets during the experimental or monitoring design phase (“look-ahead”
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analysis) of a hydrologic investigation. This study addresses the question of experimental design
to target discrimination among rival conceptual models, in such a “look-ahead” context. A
Discrimination-Inference (DI) framework is proposed wherein the Kullback-Leibler (KL)
divergence is used to quantify the worth of data in two specific contexts. The first is
discrimination among multiple conceptual models (conceptual discrimination), and the second is
discrimination among predictive groupings (predictive discrimination). Both cases explicitly
account for multiple models; model probabilities are calculated using marginal likelihoods
approximated by the Laplace-Metropolis estimator based on Markov Chain Monte Carlo
(MCMC) simulation. In the case of predictive discrimination, the predictive distributions are
then calculated using Bayesian Model Averaging (BMA). The expected discriminatory
capability of prospective datasets is then assessed by preposterior estimation – that is,
conditioning the conceptual model probabilities on many realizations of the prospective data, and
evaluating the expected value of the KL divergence between prior and posterior model
probabilities.
Two synthetic case studies of increasing complexity are presented to demonstrate the
implementation of the DI framework. The first case study evaluates the prospective worth of
paired water content and pressure head measurements discriminate among rival soil hydraulic
models. The second case study evaluates the prospective worth of hydraulic head, recharge, and
spring discharge measurements to discriminate among competing predictions of how
groundwater pumping will affect spring discharge in the long-term.
The conclusions of this study are as follows:
1. Highly informative measurement sets for the purpose of conceptual discrimination can be
explained on the of basis two factors:
a. The ratio of the between-model to within-model predictive variance quantifies
whether differences among conceptual models are of sufficient magnitude to
overcome the predictive uncertainty of each model due to uncertain model
parameters. Informative datasets for model discrimination are those which
maximize this ratio.
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b. The mutual information between existing data and proposed datasets, and the
mutual information among members of a proposed dataset quantify the extent to
which a new dataset contains any redundant information. Informative datasets for
model discrimination in general, but for many other objectives as well, will
minimize the mutual information, thereby targeting prospective measurements
capable of contributing novel insights regarding the system.
Preposterior analysis demonstrates that the relative importance of these two factors may
not be known a priori, but can be approximated through preposterior analysis.

2. Predictive discrimination may serve as a useful complement to predictive variance in data
worth analyses. The identification of highly informative datasets may differ depending on
whether conceptual or predictive discrimination is identified as an objective. Finally,
preposterior analysis for a synthetic basin-scale groundwater model shows that a
combination of strategically placed head and outflow (spring discharge) measurements is
better suited to achieve predictive discrimination of post-development spring discharge
rates than direct measurements of groundwater recharge.
3. The use of preposterior estimation can be very computationally demanding; thus,
implementation of this method raises the important question of how many data
realizations are required to obtain stable estimates of the measurement objective function.
Systematic variation of the number of data realizations as part of the case study revealed
that setting the number of data realizations on the order of 500 yields stable estimates of
the measurement objective function and therefore the “optimal” measurement sets. For
problems with higher parameter or measurement dimensionality, additional data
realizations may be required. This is an important question to be addressed in future
studies.
Summary of “Analysis of subsurface temperature data to quantify groundwater recharge rates
in a closed Altiplanic basin, northern Chile”
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The objective of this study was to quantify groundwater recharge rates in an arid, closed
hydrologic basin in northern Chile, focusing on two recharge mechanisms: diffuse, in-place
recharge, and recharge from focused channel infiltration. Both recharge mechanisms were
quantified by analysis of subsurface temperature data – specifically, estimating the advective
component of heat transport based on thermograph analysis. In-place recharge was estimated by
analysis of borehole thermographs collected in the air column of existing boreholes. Focused
channel infiltration was estimated by analysis of streambed thermographs installed in perennial
and ephemeral stream channels exhibiting variation in topographic and geomorphic
characteristics.
Thermograph analysis is used to infer the advective component of heat transport due to
water flow in the subsurface. Different analytical techniques were implemented for the two types
of data. The analytical technique of Stallman (1965) was used to estimate vertical water fluid
velocities due to in-place recharge. This technique assumes time-invariant fluid velocity – an
assumption which is supported by borehole thermograph characteristics. Channel infiltration
rates exhibit substantial temporal variability due in part to the presence of numerous ephemeral
channels in the basin. Consequently, a different approach was required to analyze streambed
temperature data. First, a moving standard deviation technique (Blasch et al., 2004) was used to
identify the presence of streamflow at different depths in the channel, based on variability in the
observed thermograph. During those periods of streamflow, thermograph pairs were analyzed
according to the technique of Luce et al. (2013) estimating fluid velocities based on amplitude
ratio and phase shift in filtered streambed thermographs.
To provide volumetric recharge estimates, the fluid velocities calculated as described
above were assigned to representative areas based on inspection of satellite imagery collected
during wet and dry weather conditions. Upscaling from point to areal recharge estimates
introduces numerous uncertainties into the analysis, associated in large part with the spatial and
temporal extent of streamflow, within channel heterogeneities, and uncertain streambed porosity.
Given these uncertainties, it is more realistic to calculate ranges of feasible volumetric rates,
rather than individual values. In accordance with this philosophy, a range of feasible volumetric
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channel infiltration and diffuse recharge rates was determined; the ranges are then summed to
provide a basin-scale range of annual recharge. The conclusions of this study are as follows:
1. This study was, to our knowledge, the first study of groundwater recharge in the Chilean
altiplano to make use of thermograph analysis. The relatively high diurnal and annual
temperature variability in this environment makes thermograph analysis especially
suitable. One advantage offered by this technique is the ability to study temporal
variability in channel infiltration. On the other hand, temperature data are inherently point
measurements, and consequently upscaling infiltration rates poses a challenge to the use
of these data in basin-scale recharge investigations. Providing minimum and maximum
bounds, as was done in this study, is an accurate and responsible way to portray what the
data can and cannot tell us.
2. Focused channel infiltration was determined to be substantially more important than inplace recharge. This is consistent with previous studies in arid and semi-arid
environments. For this particular basin, focused channel infiltration is dominated by a
single perennial, snowmelt dominated stream, the Río Llacho. These results suggest that
recharge uncertainty could be reduced even further through more detailed study along
this particular stream channel.
3. Two streambed monitoring stations indicated the presence of upwelling groundwater
through the streambed. These stations are located on the upthrown side of a basinbounding normal fault. This finding, combined with qualitative observations of spring
discharge from fractured bedrock in a different part of the basin, suggests that a portion
of channel infiltration is associated with water flow through the mountain block.
Mountain block recharge itself was not addressed in this study, and future efforts to better
characterize the water balance of this basin should be incorporated into future studies.
4. While focused channel infiltration has been deemed the more important of the two
recharge mechanisms, this analysis demonstrates that diffuse recharge cannot be
neglected. This finding is consistent with lumped-parameter modeling of land-surface
water partitioning for altiplanic environments (Houston, 2009).
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Summary of “Multiple Model Uncertainty Assessment of Groundwater Recharge: An Applied
Case Study”

One of the classic approaches to assessing the worth of hydrologic data is in a post-audit
sense. Such an assessment consists of quantifying the contribution of data towards the
achievement of a given objective, such as parameter identification or reduced predictive
uncertainty. This study accompanies the field investigation of groundwater recharge described
above. Specifically, a post-audit analysis was undertaken to estimate the contribution of the
recharge data towards the reducing the uncertainty on model-based estimates of total basin
recharge.
An inverse modeling approach was used to quantify uncertainty on total-basin recharge.
Specifically, a calibrated steady-state groundwater flow model is available for the basin,
describing pre-development groundwater conditions. A Null-Space Monte Carlo (NSMC)
analysis was undertaken for this model, including as parameters zonal recharge rates, zonal
horizontal and vertical hydraulic conductivities, and maximum soil evaporation. It should be
noted that simultaneous estimation of these quantities as parameters is inherently ill-posed;
however, the objective of the analysis was not to obtain a single solution in parameter space, but
rather multiple parameter sets, each of which may be deemed reasonable given prior information
on system properties and fluxes, and predevelopment observations of system state.
In addition to the existing groundwater flow model of the basin, two alternate conceptual
models were proposed on the basis of previous hydraulic and geophysical investigations. NSMC
analyses, as described above, were similarly conducted for each of the alternate conceptual
models. Together, the first step of the analysis yielded a group of feasible parameter sets under
each of the three conceptual models. Taken, together, the volumetric recharge rates associated
with all of the parameter realizations approximates the uncertainty on total basin recharge,
considering prior knowledge of system properties and historic observations of system state.
The results of this initial analysis constitute the initial uncertainty on total basin recharge.
The objective of the post-audit analysis, however, was to quantify the impact of in-channel and
diffuse recharge measurements on the total basin recharge uncertainty. This was accomplished
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by conducting a second set of NSMC analyses incorporating data on recharge fluxes. Zonal
recharge rates were calculated from field investigations of diffuse recharge and focused channel
infiltration described above. The zonal recharge rates were then provided to the NSMC analyses
are prior information, with weights calculated on the basis of the relative credibility of each
zonal recharge estimate. Adding prior information acts in effect as a regularization constraint
influencing the composition of updated parameter sets obtained from the NSMC process.
Empirical distribution functions were formed from the simulation results to provide
approximate confidence intervals on total basin recharge, considering the analyses before and
after the addition of field-based recharge estimates. The updated recharge distribution exhibited
tigher confidence intervals than the initial recharge distribution, as was expected. Specific
conclusions from this study included the following:
1. The incorporation of field-based recharge estimates as prior information in the NSMC
analyses was shown to reduce the width of the 90% confidence interval on total basin
recharge by approximately one-third.
2. The assignment of appropriate weights when incorporating prior information is critical in
this and other forms of regularization; however, this issue is rarely discussed in the
hydrology literature. A systematic analysis of the prior weights showed that the prior
weights influenced width of the recharge distributions obtained by NSMC analysis.
3. Three techniques for combining NSMC parameter samples were tested; the results from
this particular study were insensitive to the choice of technique used. However, this stems
from the fact that the conceptual models were not “too different”.
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Summary of “Quantifying the cost of parameter bias and uncertainty: application to cropping
decisions in a multiple-use basin”
Considering the water management context of hydrologic analyses, data worth analyses
may be developed that provide specific, monetized estimates of the value of hydrologic data [e.g.
James and Gorelick 1995, Feyen and Gorelick 2005]. This study presents a “look-ahead” data
worth analysis in the context of irrigated agriculture, developed for a synthetic groundwatersurface water basin representative in general of conditions in the southwestern United States. The
specific water management objective is farm profit maximization, subject to probabilistic
resource constraints, specifically focusing on capture of riparian evapotranspiration (ET) and
surface water outflow due to groundwater pumping. The farm profits are calculated as a function
of the cultivated acreage and crop type.
The scenario considered in this problem is such that the most profitable crop – alfalfa – is
also the crop with the highest consumptive water use. This invokes a tradeoff between profit
maximization and hydrologic impacts associated with crop cultivation. For a given crop mix
scenario, predictive distributions on the quantities of interest – specifically monthly ET and
annual basin outflow – must be calculated and compared against the risk tolerance of the water
manager. If the probability of one of the quantities of interest falling below a given threshold is
unacceptably high under a particular crop mix scenario, then that scenario cannot be
implemented.
These threshold probabilities are calculated from predictive distributions on the capture
of riparian ET and annual surface water outflow, which in turn are derived from a detailed
groundwater-surface water model that explicitly simulates conjunctive use of groundwater and
surface water. The simulated capture of ET and annual outflow is uncertain due to uncertainty on
parameters of the coupled groundwater-surface water system. Two possible approaches – linear
predictive uncertainty analysis and Monte Carlo simulation – are investigated to calculate the
threshold probabilities.
This study first presents results of a base case crop mix selection to demonstrate the use
of probabilistic constraints in the water management problem. Then, the possible effects of
parameter uncertainty and (unknown) bias on the space of admissible crop mixes and the
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environmental consequences of a given crop mix scenario are investigated. Specifically, the
effect of an 80% reduction in parameter uncertainty is simulated. The probabilistic nature of the
resource constraints means that relaxing system uncertainty should expand the range of crop
mixes still in compliance with the probabilistic constraints, and indeed our findings are
consistent with this expectation.
The effects of parameter bias are investigated by assuming that there exists a bias in the
assumed parameter distribution, but that crop mix decisions have been made without knowledge
of the bias. The results show that parameter bias may in fact lead to undesirable environmental
consequences. One practical implication of this result is that both parameter bias and uncertainty
should be considered when designing future hydrologic investigations in this kind of water
management context.
To summarize, the most important conclusions of this study are as follows:
1. Addressing irrigation water management problems with chance-constrained optimization
provides a means to handle system uncertainty in cropping and water management
decisions.
2. Evaluating threshold probabilities – that is, the probability that a quantity of interest will
exceed or fall below a certain threshold – is accomplished in practice using either linear
uncertainty propogation or Monte Carlo simulation. The results of this study, however,
demonstrate that predictions of riparian ET are sufficiently nonlinear that linear
uncertainty propogation cannot provide accurate results.
3. Management models such as the one considered here can be used to provide information
regarding which system properties, should be investigated in order to achieve increased
profitability through reduced uncertainty. A relatively simple approach is to decompose
predictive uncertainty into parameter realizations in compliance and out of compliance
with the threshold on the quantity of interest, to identify critically uncertain parameters
that are constraining the admissible decision variable space. Implementation of this
screening-level approach for the irrigation water management problem presented here
demonstrates that reducing the uncertainty of critical parameters identified in this way
leads to substantial increases in profitability.
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APPENDIX A. ON THE OPTIMAL DESIGN OF EXPERIMENTS FOR CONCEPTUAL AND
PREDICTIVE DISCRIMINATION OF HYDROLOGIC SYSTEM MODELS
Kikuchi, C.P., T.P.A. Ferré, and J.A. Vrugt (2015), On the optimal design of experiments for
conceptual and predictive discrimination of hydrologic system models, Water Resources
Research, 51, doi:10.1002/2014WR016795.
ABSTRACT
Experimental design and data collection constitute two main steps of the iterative research cycle
(aka the scientific method). To help evaluate competing hypotheses, it is critical to ensure that
the experimental design is appropriate and maximizes information retrieval from the system of
interest. Scientific hypothesis testing is implemented by comparing plausible model structures
(conceptual discrimination) and sets of predictions (predictive discrimination). This research
presents a new Discrimination-Inference (DI) methodology to identify prospective datasets
highly suitable for either conceptual or predictive discrimination. The DI methodology uses
preposterior estimation techniques to evaluate the expected change in the conceptual or
predictive probabilities, as measured by the Kullback-Leibler divergence. We present two case
studies with increasing complexity to illustrate implementation of the DI for maximizing
information withdrawal from a system of interest. The case studies show that highly informative
datasets for conceptual discrimination are in general those for which between-model
(conceptual) uncertainty is large relative to the within-model (parameter) uncertainty, and the
redundancy between individual measurements in the set is minimized. The optimal dataset
differs if predictive, rather than conceptual, discrimination is the experimental design objective.
Our results show that DI analyses highlight measurements that can be used to address critical
uncertainties related to the prediction of interest. Finally, we find that the optimal dataset for
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predictive discrimination is sensitive to the predictive grouping definition in ways that are not
immediately apparent from inspection of the model structure and parameter values.
1. INTRODUCTION
To balance the many conflicting uses of water by society and the environment, hydrologists are
called upon to make specific predictions about future hydrologic conditions that will form the
basis for water management decisions. Frequently, these hydrologic predictions are guided by
the outcome of hydrologic models. It is increasingly recognized, however, that multiple models
often provide acceptable agreement with existing observations [e.g. Neuman, 2003; Refsgaard,
2006; Tsai and Li, 2008; Foglia et al., 2013; Wöhling et al., 2014], and hence both model
conceptualization itself is often uncertain.
Conceptual uncertainty and predictive uncertainty [Ye et al., 2010; Wöhling et al., 2014], greatly
complicate science-based decision making. Related to the problem of poor model identifiability
is the problem of multi-modal predictive distributions [e.g. D’Odorico et al., 2000; Milly, 2001;
Ajami et al., 2008; Wöhling and Vrugt, 2008] for which probability mass may concentrate in
multiple areas of the prediction space. To resolve the stated problems of conceptual and
predictive identification requires an experimental design suited to achieving discrimination –
among competing conceptualizations or competing prediction groups. Indeed, what is needed is
an experimental design that identifies optimally informative data to be collected from complex
hydrologic system of interest in order to address the related problems of conceptual and
predictive discrimination.
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This research introduces a novel approach to the identification of highly informative hydrologic
data, which we refer to as Discrimination-Inference (DI). The DI methodology provides an
information theoretic basis for experimental design with the objective of discriminating among
competing system conceptualizations or prediction modes. This paper is organized as follows.
Section 1 places DI in the context of previously published experimental design studies in
hydrology. Section 2 develops key theoretical bases of DI; these include the derivation of the
proposed discrimination metric based on Bayesian model averaging (BMA) theory and the
principle of predictive grouping. Section 3 presents two case studies demonstrating the use of DI.
Section 3 also examines the characteristics of optimal designs as selected by different data utility
functions. The paper concludes with a summary of findings in section 4.
1.1. OPTIMAL DESIGN OF MONITORING NETWORKS
Optimal design (OD) studies attempt to identify optimal or near-optimal measurement sets to
maximize some data utility function [Chaloner and Verdinelli, 1995]. The first phase of an OD
study is to define the physical situation and the experimental design objective. Objectives
typically fall into one of three categories. The first category of studies focuses on reducing
prediction uncertainty as the experimental design objective. These include, for example,
uncertainty in model-predicted concentration [Herrera and Pinder, 2005], advective transport
[Hill et al., 2013], contaminant arrival time [Nowak et.al., 2010], or other environmental
performance metrics [de Barros et al., 2012]. The second category of studies focuses on system
parameter identification [e.g. Vrugt et al., 2002] and uncertainty reduction. Examples include
identification of transport parameters [Cleveland and Yeh, 1990], reducing the uncertainty in
log-permeability [Lu et al., 2012], and geostatistical parameter estimation [Sun and Yeh, 2007;
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Nowak, 2010; Neuman et al., 2012]. The third category of studies focuses on minimizing costs
associated with management of a natural system. For example, the classic study of James and
Gorelick [1994] considered the selection of monitoring locations to minimize expected costs of
both contaminant remediation and data collection. More recently, Liu et al. [2012] presented a
framework to determine the value of improved parameter information on expected contaminant
remediation costs.
The majority of optimal design studies in subsurface hydrology have been developed in the
context of groundwater contamination problems. Two additional objectives specific to this
context are minimizing the probability of contaminant detection failure [Dokou and Pinder,
2009] and estimating the spatial and/or temporal moments of a contaminant plume [Kollat et al.,
2008]. Conceptual model discrimination as a design objective has in general received less
attention, and is further reviewed in section 1.2. Finally, it should be recognized that the data
utility function need not be limited to a single design objective [Kollat et al., 2011]; indeed,
multi-objective formulation will provide insight into trade-offs between different design
objectives.
The second phase of OD studies entails the mathematical formulation of a data utility function
used to quantify data worth. In general, the data utility function reflects the intended use of
prospective hydrologic data toward one of the three categories listed above: reduced prediction
uncertainty, parameter identification, or cost-based management. Herrera and Pinder [2005] used
the trace of the concentration error covariance matrix as the data utility function; similarly, Lu
et al. [2012] used the trace of the predicted permeability covariance matrix. The total variance
approach used in these two studies considers uncertainty lumped across a spatial domain. A more
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common approach is to consider prediction uncertainty at one particular target location. For
example, Zhang et al. [2005] used the coefficient of variation (CV) of contaminant concentration
at a sensitive location as the data utility function, with the intent of reducing the prediction CV.
A related statistic to the prediction CV is the entropy in risk as considered by de Barros and
Rubin [2008]. It is also possible to evaluate the uncertainty associated with a binary prediction or
indicator variable [Nowak et al., 2012] such as the exceedance of a legal concentration limit in
groundwater. Alternately, some OD studies quantify the anticipated change in prediction
uncertainty associated with one or more potential measurements, and then proceed with
measurement selection to maximize this quantity [e.g. de Barros et al., 2012], yielding a unit
value of uncertainty reduction associated with the hydrologic data. Some approaches translate
the reduction in prediction uncertainty directly into monetary terms [e.g. James and Gorelick,
1994; Feyen and Gorelick, 2005], allowing for cost-benefit analysis of hydrologic data; this
approach is more representative of problems aimed at minimizing expected cost.
The third phase of OD studies forecasts how currently unknown hydrologic data will impact the
data utility function. Many studies that are focused on reducing prediction uncertainty linearize
the error propogation between proposed candidate measurements and predictions at sensitive
target locations through first-order, second moment (FOSM) approaches [Glasgow et al., 2003]
such as the ensemble Kalman filter [e.g. Herrera and Pinder, 2005; Nowak et al., 2010] and
OPR-PPR statistics [Tonkin et al., 2007]. These techniques provide a computationally-efficient
means of undertaking the preposterior analysis for linear or nearly linear problems, but lead to
less suitable monitoring network design for nonlinear problems [Leube et al., 2012]. The primary
OD approach for nonlinear problems has been to condition the prediction variance upon a
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number of randomly sampled realizations of the unknown data values for candidate
measurements [Neuman et al., 2012; Leube et al., 2012]; this is known as preposterior
estimation. The drawback of this approach is that it is very computationally expensive. To reduce
computational costs of the preposterior analysis for nonlinear problems, Lu et al. [2012]
introduced three possible approximations. The approximations are based upon disregarding:
parameter uncertainty; data uncertainty; or both. It has been recognized that of these three
approximations, disregarding data uncertainty in particular may introduce large errors into
preposterior estimates of prediction variance reduction [Lu et al., 2012].
The fourth and final phase of OD studies is to select optimal or near optimal measurement sets;
that is, those measurement sets that maximize the data utility function. Measurement
optimization algorithms that have been used in OD studies include the sequential exchange
algorithm [e.g. Nowak et al., 2010; Leube et al., 2012], genetic algorithm [Zhang et al., 2005],
and simulated annealing [Nowak et al., 2012]. Consideration of the number, timing, spatial
coordinates, and type of candidate measurements as free design variables to be optimized leads
to a very challenging problem in combinatorial optimization. This problem is compounded by
the high dimensionality and computationally demanding nature of many hydrologic models. As a
result, most OD studies reduce the degrees of freedom in candidate measurement selection. This
may include, for example, limiting the number of measurement locations and times under
consideration.
1.2. MODEL DISCRIMINATION CRITERIA AND DATA UTILITY FUNCTIONS
The OD studies discussed above focus primarily on identifying optimal designs related to
reducing either prediction or parameter uncertainty. Model discrimination – in other words,
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critically testing individual models, or sets of models – is another experimental design objective.
In comparison with OD for reducing prediction uncertainty, however, OD for the objective of
model discrimination has received relatively little attention in the hydrologic sciences literature.
The idea of model discrimination as an experimental design objective was first introduced by
Hunter and Reiner [1965]. They defined model discrimination as testing rival conceptual models
against each other using a likelihood ratio to quantify discrimination between two rival models.
In this framework, discrimination is achieved by finding experimental conditions under which
the models – each using respective maximum likelihood parameter estimates – differ to the
greatest extent. Hunter and Reiner [1965] proposed a data utility function, the 𝑆-index, based on
differences in measureable, model-predicted quantities.
Following this benchmark study, Buzzi-Ferraris and Forzatti [1983] proposed a modified data
utility function, the T-index, also capable of accounting for estimated variance of the
measurement errors, and variance of the predicted response. In contrast to the likelihood ratio
advocated by Hunter and Reiner [1965], Buzzi-Ferraris and Forzatti [1983] recommended
quantifying model discrimination as the rejection of poor models subsequent to performing
classical statistical tests such as the F-test on the residuals from each model under consideration.
Box and Hill [1967] took a fundamentally different approach, defining model discrimination as
the expected change in Shannon entropy before and after additional data collection. The
Bayesian approach of Box and Hill [1967] makes explicit use of prior probabilities on the
models. They developed a data utility function, the D-index, to quantify the maximum possible
change in entropy due to the addition of a new experiment or data point.
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Applications of discrimination criteria in hydrologic experimental and monitoring network
design are presented by Knopman and Voss [1988] and Usunoff et al. [1992]. Knopman and
Voss [1988] proposed four discrimination criteria as a basis for accepting or rejecting rival
models: the magnitude of prediction errors; the presence of systematic error; changes in
maximum likelihood parameter estimates; and measures of model fit before and after data
collection. It should be noted that systematic errors consist of all sources of error, and are in
practice difficult to disentangle. The proposed discrimination criteria were applied to determine
the locations and times of groundwater sampling to identify boundary conditions and aquifer
layering for a solute transport problem. This application is representative of field-scale
hydrologic monitoring, for which sampling locations are the design variables to be optimized.
In contrast, Usunoff et al. [1992] investigated whether proposed column transport experiments –
considering hydraulic boundary conditions and tracer pulse duration as the design variables –
could discriminate among competing conceptual models. Usunoff et al. [1992] quantified model
discrimination as the difference in predicted values between model pairs for which the second of
the two models had been calibrated to simulated concentration values of the first model.
Mathematically this procedure consists of quantifying pairwise minimum differences over many
possible model pairings. Discrimination is achieved when the minimum difference is sufficiently
large; for example, greater than some threshold such as the level of experimental error.
The idea of conceptual discrimination, as discussed above, has been applied to testing system
conceptual models against each other, with the ultimate goal of selecting a subset of more
probable models. The fundamental idea underlying conceptual discrimination can be logically
extended to the idea of predictive discrimination – that we may wish to test two or more
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predictions of future conditions against each other. This idea has received attention in the
medical field [e.g. Hanley and McNeil, 1982; Steyerberg et al., 2010], in particular when the
prediction of interest is a binary or indicator variable such as the presence or absence of an
illness. We are aware of only one study [Nowak et al., 2012] that considers the question of
predictive discrimination for water resources applications; that is, examining how data will
change prediction probabilities. Nowak et al. [2012] evaluated the prospective impact of data on
the probabilities of committing type I or type II errors in hypothesis testing, requiring that
predictions be embedded in a binary or indicator variable.
The research presented here develops a DI framework for evaluating the suitability of
prospective datasets for conceptual and predictive discrimination, which we refer to as
Discimination-Inference (DI). The worth of potential datasets to achieve conceptual or predictive
discrimination is evaluated as the expected Kullback-Leibler (KL) divergence between prior and
posterior probability distributions, of either the conceptual models, or the predictive groups. We
use numerical preposterior techniques to evaluate the data utility function for various prospective
datasets. Finally, the preposterior analysis is embedded within a discrete optimization
framework, thereby addressing measurement selection as an OD problem. The DI framework
facilitates the comparison of optimal designs for both conceptual and predictive discrimination,
providing a solid basis for analysis of water resources in the face of uncertainty.
2. METHODS
The DI methodology quantifies the expected discrimination due to additional data collection as
the distance between prior and posterior probability distributions. This metric can be applied to
either conceptual (model) discrimination or predictive discrimination. The starting point for our
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analysis is a collection of simulations capable of predicting past, current, and future hydrologic
conditions. Each simulation is based on a unique combination of underlying concept,
mathematical formulation, system property parameters, and boundary conditions. We refer to the
collection of simulations as the simulation ensemble, and to each individual simulation as an
ensemble member.
2.1. DISCRIMINATION METRIC
In the context of experimental and monitoring network design, we define discrimination as the
extent to which the acquisition of a new dataset causes a change in the ensemble member
probabilities. Let us consider a simulation ensemble with N members comprising diverse
conceptual-mathematical models, parameterizations, and boundary conditions. For notational
convenience, boundary condition variability is included in the model conceptualization and
parameterization. Let piu 1 denote the prior probability of the ith ensemble member, with
i={1,…,N} conditioned on the existing dataset du1 . Similarly, let piu denote the posterior
probability of the ith ensemble member after acquiring the additional measurements to form the
uth dataset, d u . We now collect the prior and posterior probabilities into two N×1vectors pu1 and

p u . We wish to quantify the distance between pu1 and p u .
A natural choice is the Kullback-Leibler divergence, DKL [Kullback and Leibler, 1951] which is
used to measure the distance between two probability distributions. For notational convenience,
we hereafter use the variable Φ to represent DKL:

 pu 
Φ  DKL    ui1  piu
i  pi


(1)
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We adopt equation (1) to define discrimination; in other words, the value of Φ quantifies the
extent to which the ensemble probabilities have changed due to the acquisition of new data d u .
The KL-divergence is one member from the family of f-divergences [Ali and Silvey, 1966] that
quantifies differences between two probability distributions. The KL-divergence has traditionally
been used as the data utility function in Bayesian experimental design [Chaloner and Verdinelli,
1995], and is used in this study to quantify discrimination achieved by collection of new data.
However, the framework presented here is entirely general and readily accomodates alternate
summary statistics including other f-divergences.
2.1.1. SIMULATION GROUPING SCHEMES
The focus of this work is to quantify the degree of change among conceptual model structures or
predictive groups. To achieve this, we introduce a scheme to calculate the probabilities of
different ensemble groupings, defined specifically to accommodate different experimental design
objectives. Conceptual discrimination is targeted by grouping simulations sharing the same
underlying conceptual-mathematical representation of the system of interest. Suppose that the
ensemble has been generated from 𝐾 underlying conceptual-mathematical models. Then, the
KL-divergence for the conceptual models, Φcm , is evaluated over pku 1 and pku , k={1,…,K}:

 pu 
Φcm   ln  uk1  pku
k
 pk 
Equation (2) quantifies the conceptual discrimination that can be attributed to the uth dataset.
This definition differs substantially from discrimination metrics used by previous studies [e.g.
Box and Hill, 1967; Buzzi-Ferraris and Forzatti, 1983; Knopman and Voss, 1988; Usunoff,

(2)
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1992] and to our knowledge has not previously been used as a data utility function for optimal
design studies.
Predictive discrimination is targeted by grouping simulations that produce similar predictions of
interest for water management decisions. Figure 1 illustrates an example distribution on the
prediction  ; the solid line represents the weighted average of predictive distributions over
three conceptual models (CM-01, CM-02, CM-03). A predictive group consists of a set of
simulations yielding values of future predicted quantities that fall within a specified range. In
figure 1, the vertical dashed line represents a threshold delineating the predictive groups, 1 and

 2 . The boundary between these groups is user-defined and reflects the intended application of
the predictions. Each predictive group will typically comprise ensemble members from more
than one conceptual model. Consequently, predictive discrimination is distinct from conceptual
discrimination.
Once the predictive groups are defined, the analysis is similar to that described for conceptual
discrimination. First, W predictive groups are defined. Figure 1 illustrates W=2 predictive
groups; however, there are no restrictions on the number of predictive groups. The KLdivergence for discriminating among predictive groups is now evaluated over pwu 1 and pwu ,
w={1,…,W}:

 pu 
 pr   ln  uw1  pwu
w
 pw 
Equation (3) quantifies the predictive discrimination that can be attributed to the uth dataset.
2.1.2. GROUPWISE PROBABILITIES

(3)
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To calculate the conceptual and predictive discrimination metrics, Φcm and Φ pr , requires
evaluation of the posterior groupwise conceptual and predictive probabilities. The posterior
probabilities p  M k | du  of the K discrete conceptual models, conditioned on data d u , follow
Hoeting et al. [1999]:

pMk | d

u



p  du | M k  p  M k 

 p d
K

j 1

u

| M j  p M j 

p  du | M k    p  du | βk , M k  p  βk | M k  dβk

(4)

(5)

In equation (5) β k denotes the parameters of the kth model; the integral is referred to as the
Bayesian model evidence (BME). The first probability under the integral in equation (5) is the
likelihood function, which quantifies in probabilistic terms the size of the model-data mismatch,
including bias, uncertainty, correlation, etc. The second probability under the integral is the prior
on the parameters for the kth conceptual model.
Evaluating equation (5) is quite challenging in practice, especially if the parameter
dimensionality is large. The use of Markov Chain Monte Carlo (MCMC) simulation (section
2.2), renders equation (5) more tractable. Specialized estimators have been developed to
calculate the BME from MCMC sampling of the posterior distribution; we adopt the use of a
Laplace-Metropolis estimator of the BME [Lewis and Raftery, 1997]:

BME   2  k

n /2

Σk

1/2

p  β*k  p  du 1 | β*k 

(6)
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In equation (6), nk is the number of parameters in the kth conceptual model,  is the determinant
operator, Σ k is the covariance matrix of posterior MCMC samples from the kth conceptual model,
and β*k is the maximum likelihood parameter set corresponding to the kth conceptual model.
The groupwise predictive probabilities, p   w  , are defined as the probability that the predicted
quantity of interest,  , lies in the region between a, b. Mathematically, this is expressed as

p   w   p   a, b . The value of p   w  is evaluated by integrating over the region between
a, b:
b

p  w    p    d 

(7)

a

In equation (7), p     p   | du  , and
p   | du    p   | M k , du  p  M k | du 
K

(8)

k 1

Equation (8) follows Hoeting et al. [1999], and the model probabilities p  M k | du  can be
calculated with equations (4-5).

2.2. SAMPLING THE FEASIBLE MODEL SPACE
We consider N ensemble members, developed to explain and make predictions related to a
hydrologic system and based on a broad range of K plausible model conceptualizations (based on
variable geologic structures, choice of governing equations, boundary and initial conditions,
etc.), and parameterizations β . Let k represent the K×1 vector of discrete conceptual models. We
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then populate a vector of simulation inputs s of size N, with the ith entry, si, drawn at random
from the joint pdf of 𝐤, β conditioned upon existing data du1 :

si

pu 1  k , β | du 1  p  du 1 

(9)

The ensemble inputs corresponding to the kth conceptual model are propogated through the
corresponding model operator, fk, to populate a matrix of predictions, Y  f k  s  , with
dimensions N × R, where R is the number of predictions. Prospective candidate measurements
u

d such as groundwater levels or streamflow, and future predicted quantities relevant to
decision-making Δ , such as contaminant fluxes or streamflow depletion, may be included in the
list of predictions.
The distribution of Y depends directly on the distribution of s; consequently, the accuracy of the
predictive moments depends on the degree to which the posterior density on s has been sampled.
MCMC sampling is the most reliable and efficient approach for populating the input vector s; the
analyses presented here use MCMC to sample the posterior parameter densities on β k . MCMC
fully samples the posterior density on β k , revisiting with high frequency regions of the parameter
space leading to more probable model simulations, while still retaining less probable realizations.
Upon convergence, the input sample produced by MCMC simulation can be used directly to
populate the model inputs s.
The development of efficient and accurate MCMC algorithms for hydrologic problems has been
the topic of extensive research. The DiffeRential Evolution Adaptive Metropolis [Vrugt et al.,
2009] (DREAM) algorithm represents the state of the art in MCMC sampling, and is used in this
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study. Briefly, DREAM runs multiple Markov Chains concurrently, and multivariate proposals
are created on the fly using differential evolution [Storn and Price, 1997], each of which moves
through the parameter space, converging on those regions associated with higher density. This
methodology is easy to implement in practice and exhibits a high sampling efficiency. For the DI
methodology considered here, ensembles based on more than one underlying conceptualization
require that MCMC sampling be conducted for each different conceptualization.
2.3. PREPOSTERIOR ESTIMATION OF THE DISCRIMINATION METRIC
Given the values of two datasets, du1 and d u , the conceptual or predictive discrimination can be
calculated using equations (2) and (3), respectively. Our objective in this work, however, is to
determine the suitability of prospective datasets for which d u is unknown. That is, we aim to
predict the discriminatory capabilities of data before they are collected. To solve this problem,
we turn to preposterior estimation techniques [e.g. Reichard and Evans, 1989; James and
Gorelick, 1994; Feyen and Gorelick, 2005; Leube et al., 2012; Neuman et al., 2012], which
estimate the expected value of some data utility function by calculating the average over many
ensemble-generated realizations of the prospective dataset.
The preposterior estimation procedure used in this study consists of four steps. First, we generate
a set of M data realizations. To accomplish this, we independently populate the M×1 vector of
model inputs to be used for data realizations, s drz from the model input space according to
equation (9). Then, we pass those inputs through the model operator to predict the numerical
u

values corresponding to the uth prospective dataset, d drz . We then conduct a Bayesian updating
procedure for each of the M data realizations. For each data realization, the prospective dataset
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u

u

values d drz are then compared to the ensemble-predicted equivalents, d ens . The difference
u

between the predicted measurement values under the ith ensemble member d i and the jth data
u

realization d j is used to evaluate the likelihood function. The case studies considered in this
paper use a Gaussian likelihood function:



u

u



p di | d j 

1
1/2

 2 nu 2Σ 



1 
 1
exp   eT  2Σ  e 
 2


(10)

In equation (10), nu is the size of the uth dataset, Σ is the error covariance matrix, and e is the
u

u

difference between d i and d j . This formulation uses noise-free ensemble members and data
realizations, but doubles the error covariance matrix, according to the marginalization derived by
Leube et al. [2012]. Equation (10) is substituted directly into equation (5), from which the
conceptual and predictive probabilities are calculated. It should be noted that although Gaussian
likelihood functions are shown in the following examples, the DI framework can handle nonGaussian likelihood functions.
Having calculated the posterior probabilities, we now evaluate the discrimination metric (  cm
j or

 prj ) for the jth realization using equation (2) or (3). For each realization, the values of the
discrimination metric are stored in the M×1 vector Φ . In the final step, we calculate the expected
value of the discrimination metric for each proposed set of observations by averaging over the
data realizations:
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1
M
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j 1

j

(11)
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The preposterior estimation procedure described above may be sensitive to both the ensemble
u

size, N, and the number of data realizations M. For small values of N, conditioning on d may
concentrate the probability mass in a relatively small number of ensemble members. This
problem is known as filter degeneracy [Doucet and Johansen, 2008], and may introduce error
into the calculation of the groupwise posterior probabilities. Selecting an adequately large value
for N is problem-specific, and can be guided by recording and evaluating the effective sample
size (ESS) [Liu, 2008], which measures sample diversity.

 N

ESS    pi2 
 i 1 

1

(12)

Averaging the ESS over the M data realizations provides an average effective sample size
(AESS) [Leube et al., 2012]. The ESS quantifies the approximate number of perfect samples
drawn from the distribution of interest [Doucet and Johansen, 2008]. The required ESS for
inference is application dependent. Previous studies of preposterior data worth estimation [e.g.
Leube et al., 2012] determined that ESS values of 500 were adequate for the purposes of
evaluating the worth of prospective data.
Obtaining a representative value of E    requires a sufficiently large number of data
realizations, M, to smooth out the variability in the conditioning data due to model input
uncertainty. To evaluate the reliability of the preposterior discrimination metric for each case
study, we conduct benchmark calculations to determine the sensitivity of E    to M, enabling
selection of sufficiently large M. Similarly, we determine appropriate values of N applicable to
problems of varying complexity. These results are presented in section 3.1.4.
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2.4. OPTIMIZATION ALGORITHM
The DI procedure, as detailed above, may be used to estimate the ability of candidate datasets to
achieve conceptual or predictive discrimination between ensemble members. Specifically, we
wish to maximize E    ; formally, this can be written:


1
uopt  max E    
uD
M


M


j 1

j





(13)

In equation (13), D is the space containing all admissible experimental designs satisfying
logistical constraints (e.g. total cost, available observations). The vector u is a subset of D
representing experimental design settings such as measurement types, times, and locations. Highdimensional D renders infeasible the exhaustive evaluation and comparison of all prospective
datasets. Therefore, it will generally be necessary to solve equation (13) using optimization
techniques. The prospective dataset is based on design variables, which may be either discrete or
continuous. The optimization algorithm must be capable of handling both variable types. This
research uses the Nonlinear Mesh Adaptive Direct search (NOMAD) algorithm [Le Digabel,
2011], as implemented in the OPTimization Interface (OPTI) toolbox [Industrial Information and
Control Centre, 2014] for MATLAB software.
2.5. COMPUTATIONAL IMPLEMENTATION
The Discrimination-Inference (DI) method is illustrated schematically in figure 2, and is
implemented as described by the following steps:
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1.

Propose and implement a set of K conceptual-mathematical models to describe the
hydrologic system of interest. For each conceptual model, describe quantitatively the
distribution of the model parameters, based on field samples, existing databases, etc.

2.

If data suitable for model calibration are available, use those existing data to derive
posterior parameter densities under each conceptual model. If data are not available, then
parameter densities must be estimated on the basis of qualitative data, literature values, etc.

3.

Based on the outcome of steps (1-2), use equation (9) to generate the N×1 vector s ens
containing ensemble inputs. Then, propogate the simulation inputs through the model
operator fk to produce the N×R array of ensemble predictions. Repeat this procedure
independently for each data realization, to generate the M×1 vector s drz containing inputs
for generating the data realizations. Then, populate the M×R array of data realizations via
the same model operator fk.

4.

Determine the admissible space, D, of measurement sets as dictated by logistical, time, and
fiscal constraints, and subject to expert judgment, where possible.

5.

Implement a discrete optimization algorithm to maximize the data utility function E   
subject to the constraints identified in step 4; each evaluation of the data utility function
entails the following:
i.Loop through the M data realizations; for the jth realization, evaluate the Bayesian model
evidence (equation 5).
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ii.Compute p j M k | d



for each group; then, compute either  cm
or  prj , using equation
j

(2) or (3), depending on the objective of the investigation (conceptual vs. predictive
discrimination).
pr
iii.Store the data utility function of the jth realization - either  cm
j or  j - in the vector Φ .

Once all of the data realizations have been processed, calculate E    using equation
(11).
Steps 5(i-iii) are repeated within the optimization algorithm until the convergence criterion
for globally optimally E    has been satisfied.
3. CASE STUDIES
We present two case studies to illustrate the DI procedure for optimal selection of hydrologic
measurements. The first case study concerns the selection of paired pressure head and water
content measurements in soils, with the objective to discriminate among multiple soil hydraulic
models. The second case study considers the long-term effects of groundwater pumping on
spring discharge in a closed hydrologic basin. The objective in the second case study is to select
a set of pre-development measurements best suited to discriminate among predictions of spring
depletion under post-development conditions.
3.1. CASE STUDY 1: SOIL WATER CHARACTERISTIC CURVE
The soil water characteristic (SWC) curve relates pressure head and water content in a porous
medium. This relation is central to modeling processes such as infiltration, soil evaporation, root
water uptake, groundwater recharge, and water redistribution. Several different models have
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been proposed that describe this relationship. As their application often involves important
differences in the simulated soil moisture regime and associated hydrologic processes, it is
important to select the most appropriate hydraulic model for a given soil and experimental data.
The objective of the first case study is to identify two sets of paired measurements of water
content,  , and pressure head,  , that are optimally suited to discriminate among soil hydraulic
models. The analysis presented here considers three soil hydraulic models: Mualem-van
Genuchten [van Genuchten, 1980], Brooks-Corey [Brooks and Corey, 1964], and Kosugi
[Kosugi, 1996] models. Each of the three conceptual models described above contains four
fitting parameters whose values are typically estimated from in-situ (field) or laboratory  
data using nonlinear least-squares. The Mualem-van Genuchten (MVG) model of the SWC is
given by:

     r   s   r  1   




n 1/ n 1




(14)

The MVG model contains four fitting parameters whose values are soil dependent; 𝜃𝑠 is the
saturated water content,  r is the residual water content,  is related to the inverse of the airentry pressure, and n is related to the pore-size distribution. The Brooks-Corey (BC) model of
the SWC is given by:

 
     r   s   r   b 
 



(15)

In addition to  r and  s , the BC model contains two parameters - the bubbling capillary pressure,

 b , and the pore-size index,  , that are related to the parameters of the MVG model by

48

 b   1 and   n  1 [Rawls et al. 1993]. Finally, the Kosugi (KM) model of the SWC is
given by:

1
2


 ln  / a   


2n  



     r   s   r   erfc 

(16)

The KM fitting parameters are 𝑎 and 𝑛, in addition to  r and  s . The KM parameters a and n are
not related the the MVG or BC parameters.
3.1.1. GENERATION OF SIMULATION ENSEMBLE AND DATA REALIZATIONS
Following the procedure outlined in section 2.5, we first populate a simulation ensemble
comprising parameter realizations from each of the three conceptual models. The prior
distributions on the parameters of the MVG and BC model are derived from calibrated MVG
parameter values in the ROSETTA database [Schaap et al., 2001]. Specifically, for a given soil
texture – in this case, a sandy loam soil – we extract all corresponding MVG parameter estimates
(481 total soil samples), and compute a sample mean and covariance over the set of parameter
estimates. The sample mean and covariance of the KM parameters are not included in the
ROSETTA database. Rather, we calculated them as follows: for each of the sandy loam soils for
which paired   are listed, the KM parameters were estimated to minimize the model-data
residuals over available soils from the ROSETTA database, producing a set of KM parameter
estimates. Then, the sample mean and covariance were calculated over all the parameter sets.
For each conceptual model, the corresponding parameter mean and covariance matrix were used
to construct a Gaussian prior. We evaluated the posterior probability density over each of the
three conceptual models, and then calculated the conceptual model probabilities according to
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equation (4). We used the DREAM algorithm [Vrugt et al., 2009] to derive the posterior
parameter distribution using a total of 100,000 function evaluations per conceptual model. The
observational data du1 consist of six paired   measurements for a sandy loam soil, taken
from the ROSETTA database [Schaap et al., 2001]. We used a Gaussian likelihood function as
described by equation (9), with parameters based on the assumed distribution of measurement
errors. For this case, we assume uncorrelated measurement errors; the diagonal entries of Σ
contain the constant measurement error variance of 0.0001 (m3 m-3) associated with a water
content measurement error (treated as 95% confidence interval) of 0.02 (m3 m-3). These values
are typical for time-domain reflectrometry measurement of soil water content [Topp, 1980].
We monitored the convergence of each DREAM run based on the R -statistic of Gelman and
Rubin [1992]. Inspection of DREAM output showed that the R -statistic typically dropped below
1.2 within the first 10,000 function evaluations for each chain. It was therefore determined that
the algorithm had converged to the posterior density after this point. That is, parameter samples
drawn from each chain after the first 10,000 function evaluations represent a full sample of the
posterior parameter space. We extracted the last 50,000 parameter samples and associated loglikelihood function values for each conceptual model, and used the samples to evaluate equation
(4) for each conceptual model, assuming equal (uniform) prior probabilities for each conceptual
model. The posterior probabilities of the MVG, BC, and KM conceptual models after
conditioning on du1 were 0.237, 0.233, and 0.530, respectively. The distribution on conceptual
model probabilities exhibits a preference for the KM; however, the other two models are still
plausible.
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Populating both the simulation ensemble and the set of data realizations for preposterior analysis
requires drawing two independent sets of model inputs, s ens and s drz . For this example, the model
inputs consist of parameter realizations under each conceptual model, and are readily available as
the parameter output samples from the DREAM algorithm. We populated s ens directly from the
DREAM parameter sampling outputs, and populated s drz from a second, independent DREAM
run with 50,000 maximum function evaluations per conceptual model. Our preliminary analysis
used N = 150,000 ensemble members divided equally among the conceptual models, and with M
= 1,500 data realizations. We also conducted benchmark runs to evaluate the effect of N and M
on the results of the DI procedure.
3.1.2. SIMULATION ENSEMBLE CHARACTERISTICS
The effect of data on the distribution of model predictions can be evaluated through BMA
statistics – specifically, the decomposition of prediction variance to within-model variance and
between-model variance [Hoeting, 1999]:

EK  var         | d  p  M k | d 

(17)

varK  E       E   | d, M k   E   | d  p  M k | d 

(18)

k

2

k

Equation (17) defines the within-model variance as the expectation of the variance over the
conceptual models, and quantifies prediction uncertainty associated with factors such as
parameter variability and forcing data. Equation (18) defines the between model variance as the
variance of expectation over the conceptual models, and quantifies prediction uncertainty due to
conceptual, or model structural variability. The total prediction variance is equal to the sum of
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the within- and between-model variance. Conditioning the parameters of each conceptual model
on the initial dataset du1 of six   measurement points substantially reduced both withinmodel and between-model prediction variance in the pressure range corresponding to the existing
data. Figure 3(a) compares the expectation of the predicted water content E k | M k  , under
each of the three conceptual models. The expectation of the predicted water content, E k | M k  ,
calculated over all ensemble members under each of the soil hydraulic models, are represented
by blue (MVG), red (BC), and green (KM) lines. The dark gray area in figures 3(a-c) represents
the prediction uncertainty, as represented by the posterior BMA standard deviation of the
predicted water content. The predictions diverge to the greatest extent at pressure heads closest
to zero. Figures 3(b-c) illustrate the posterior weighted expectation over all three conceptual
models underlain by the standard deviation of the predicted water content, representing
prediction uncertainty. The light gray area in figure 3(b) shows the within-model component of
the total predictive uncertainty, and the light gray area in figure 3(c) shows the between-model
component of the total predictive uncertainty. To generalize, the prediction standard deviations
are relatively tight in the vicinity of measurements corresponding to du1 , but relatively wide at
very low and very high  values. However, most of the uncertainty is attributed to within-model
variations rather than between-model variations.
3.1.3. IMPLEMENTATION OF DI ANALYSIS
Having generated the simulation ensemble and the data realizations, we now compute the data
utility function, E  cm  , over the space of possible measurements. For this problem we
consider the selection of two additional   pairs, with  104 , 103 [m]. We discretized
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 75 
the log-transformed pressure heads into 75 equally spaced points, resulting in   =2,775 pairs
2
of  coordinates. We augmented this candidate measurement set with 75 additional points, each
constituting a single  coordinate, resulting in a total of 2,850 possible candidate measurement
sets. For this particular example, the relatively small number of candidate measurement sets,
coupled with the fast simulation time associated with equations (14-16) made possible a
complete, exhaustive exploration of the entire candidate measurement space. In other words, we
evaluated equation (11) a total of 2,850 times.
3.1.4. RESULTS OF DI ANALYSIS
The horizontal dashed lines in figures 3 and 4 depict the pressure heads of the optimal
measurement set for the purposes of conceptual model identification, as determined by the DI
procedure described above. In other words, the pair of measurements identified by pressure
heads of  1 = -10-1.6 and  2 = -10-0.95 m are those for which the value of E  cm  was largest. The
optimal  -coordinates are surprising on first inspection, as figure 3(c) indicates that the largest
between model variation is associated with  = -10-2 m. This result suggests that  
measurements in this area would support conceptual model discrimination. However, the optimal
measurements are instead located at slightly more negative pressure heads. The somewhat
counterintuitive selection of optimal observations can be explained by two key characteristics of
optimal measurement set selection for conceptual model discrimination: the selected
observations must target differences among the conceptual models in excess of the within-model
uncertainty, and they must minimize the collection of redundant information.
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The large within-model uncertainty - due exclusively to parameter uncertainty in this case - for
pressure heads greater than  = -10-1 m greatly diminishes the worth of water content
measurements at pressures between 0 and -10-1 for conceptual discrimination. Figure 4(a) shows
the ratio of the between-model variance to within-model variance, varK  E   : EK  var   ;
this is effectively a signal-to-noise ratio, where model variability is the signal and parameter
variability constitutes the noise. In other words, this ratio quantifies the extent to which betweenmodel differences can be discerned given the degree of within-model variability. This ratio is
highest in the pressure range of  = -10-0.8 to  = -10-1.8 m. The selected measurements,  1 and

 2 , lie within this range.
If we had been seeking one, rather than two, additional   measurements, the data pair
corresponding to the maximum value of varK  E   : EK  var   would have been selected.
The optimal pressures for a set of two candidate measurements, however, must balance high
discriminatory power - as represented by the between- to within-model uncertainty - with the
requirement to minimize the collection of redundant information. We use the mutual information
to quantify the degree of redundancy of individual candidate measurements with the existing
dataset and with other individual measurements in the candidate measurement set. Briefly,
MI(X,Y) describes how much information X contains regarding Y, and is suitable for measuring
non-linear relations among random variables. A relatively high MI value indicates a high degree
of measurement information redundancy. We use the k-nearest neighbor estimator of Kraskov
et al. [2005] to conduct two sets of MI calculations, populating the variables X and Y with
ensemble-predicted water content values over all conceptual models and parameterizations.
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Figure 4(b) shows the MI between existing data du1 and each possible   pair. The highest
values are found in the vicinity of the existing data, as expected. This result suggests that 
measurements in the range -10-0.5 <  < -100.2 m are redundant with the existing data. Figure 4(c)
shows the MI calculated between possible pairs of candidate measurements a and b over all

 a , b   D . The highest MI values are found for pairs comprising identical  -coordinates, as
expected. The white circle in figure 4(c) shows the optimal measurements set as identified by the
DI analysis. The MI value for the optimal  -coordinates is relatively small at these coordinates,
indicating substantially lower redundancy than for other possible measurement pairs. To
summarize, figure 4 illustrates that a good measurement set for conceptual discrimination is one
that maximizes between-model versus within-model prediction uncertainty and minimizes both
the redundancy of the measurement set with existing data, and the internal redundancy of the
measurement set. The relative importance for each of these three qualities cannot be known a
priori, but the contribution of both is implicit in the preposterior estimation procedure.
Figure 5 illustrates the distribution of E  cm  over the feasible measurement space. It is worth
noting that the E  cm  surface is symmetric; this is because the  measurements are
simultaneously, rather than sequentially, assimilated and processed. The surface is bisected by a
1:1 line that reflects measurement sets consisting of a single   measurement pair; this line
can be used to identify instances for which a single measurement may be just as informative or
even more informative than two measurements for the purpose of conceptual discrimination. For
example, a single   measurement in the vicinity of  = -10-1.5 m (coordinates of  = -10-1.5
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m for both  1 and 2 ) has a larger value of E  cm  than any pair of measurements for which
both values of  lie between -10-1 and -104 m. Note that the selected observations (shown as the
white circle) are in an area of very high E  cm  .
3.1.5. RELIABILITY OF THE PREPOSTERIOR ESTIMATES
The reliability of the results shown in figures 3-5 is contingent upon two important factors. First,
the extent to which filter degeneracy was encountered during the preposterior updating of the
simulation ensemble probabilities, and second, the convergence of E  cm  during the
preposterior estimation procedure. We evaluate the magnitude of filter degeneracy by calculating
the minimum, maximum, and median AESS over all 2,850 possible measurement sets. For the
benchmark DI run with N=120,000, M=1,200, AESS values ranged from approximately 30,000
to 40,000. A generally accepted rule-of-thumb in particle filtering for state estimation is that
ESS>N/2 is adequate to characterize the distribution of interest [Doucet and Johansen, 2008];
however, a similar rule of thumb has not been established for data worth applications. Therefore,
we conducted benchmarking analyses to study the effect of the simulation ensemble size, N, on
both the AESS and value of E  cm  . Specifically, we repeated the DI analysis with a range of
values for N, compiling the results in table 1. We also conducted DI calculation runs for several
values of M to provide preliminary guidance on the minimum value of M to ensure convergence
of E  cm  .
The optimal  coordinates do not appear to be any more sensitive to the ensemble size N than to
M, over the range of values explored. We therefore conclude that the AESS was acceptably
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large. This result suggests that at least for low-dimensional problems such as this case study, a
smaller ensemble size on the order of 30,000 ensemble members may be suitable. Increasing the
ensemble size shifts upward the AESS range at the cost of additional computational time.
Finally, the coordinates of the optimal measurement set are remarkably consistent over the range
of N and M explored for this analysis. Increasing the number of data realizations averages out the
effects of the underlying structural and parameter uncertainties. The results shown here suggest
that setting M on the order of 500 is adequate for problems similar in complexity to the one
considered here. Overall, the benchmarking runs summarized by table 1 suggest that the
preposterior estimation procedure yields reliable estimates of E  cm  .
3.2. CASE STUDY 2: CLOSED GROUNDWATER BASIN
The second case study considers groundwater development in a closed, or endorheic,
groundwater basin. Groundwater discharge from a closed basin may occur as spring discharge or
direct evaporation from saturated soil. Groundwater development in a closed basin will
ultimately reduce the magnitude of the fluxes corresponding to both outflow mechanisms. The
potential ecological consequences of reductions of spring discharge may be of great importance
for the sustainable long-term management of closed groundwater basins. The objective of this
case study is to identify measurements capable of predictive discrimination, where the prediction
of interest is the long-term reduction in spring discharge rate due to groundwater pumping. The
measurements are to be identified and conducted prior to groundwater development, and then
used to inform ensemble predictions of long-term, post-development changes in spring
discharge.
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A synthetic, closed basin is used in this case study; table 2 presents relevant characteristics of the
basin. The hydrogeologic structure of the basin is intended to reflect horst and graben geologic
environments, for which down-dropped basin fill sediments constitute a productive unconfined
aquifer bounded by largely impermeable bedrock. The hydraulic properties of the hydrogeologic
units are assumed to be unknown, but internally homogeneous; this assumption is frequently
employed for the purposes of basin-scale groundwater modeling applications. Figure 6 illustrates
the hydrogeologic structure of the basin in plan-view and cross-section, including unit
boundaries and the location of pertinent hydrologic features. Inflows to the basin consist of
distributed in-place recharge applied over the entire basin area, and three distinct zones of
mountain front recharge. Outflows to the basin consist of spring discharge at two locations, and
soil evapotranspiration in the basin center. The locations of available hydraulic head
observations and proposed pumping wells are shown in figure 6. Both of the pumping wells are
screened between -100 to -150 m below land surface, and are each assumed to pump at 500 m3 d1

under post-development conditions.
3.2.1. ALTERNATE HYDROGEOLOGIC CONCEPTUAL MODELS

We assume that initial characterization of the basin has led to a set of four alternate conceptual
models in addition to the conceptual model described above. The alternate conceptual models are
based on plausible hydrogeologic structural uncertainties encountered in basin-scale groundwater
investigations. Figure 7 illustrates the distinctive conceptual model characteristics. Conceptual
model #1 (CM-01) consists of the basin as described in section 3.2, above. Conceptual model #2
(CM-02) includes the presence of two lenses, for which the hydraulic properties are considered
be substantially different from adjacent aquifer units. Figure 7(a) illustrates the areal extent of
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the lenses; the minimum and maximum elevations of lens material are 0 and -50 m for lens A,
and -25 and -100m for lens B. Conceptual model #3 (CM-03) includes an extensive lens to the
west and northwest of the soil evaporation zone, as illustrated in figure 7(b). Conceptual model
#4 (CM-04) represents mountain front recharge as occurring through discrete stream features
rather than as a continuous line parallel to the mountain front. Finally, conceptual model #5
(CM-05) considers the possibility of subsurface zone in the northern portion of the basin,
through which water may be transmitted as underflow to an adjacent basin.
3.2.2. GROUNDWATER SIMULATION APPROACH
Our objective is to identify sets of measurements – including hydraulic heads, spring discharge,
and recharge flux – that are optimal for predictive discrimination. We therefore require for each
ensemble member a list of predictions for the candidate measurements under pre-development
conditions. We also need a list of the predicted spring discharge values under post-development
conditions. We are specifically interested in the long-term changes to spring discharge under
post-development conditions. The required predictions can be calculated by solving the steadystate groundwater flow equation first under pre-development, then under post-development
conditions:
  h    h    h 
K y    Kx   S  0
 Kx  
x  x  y 
y  z 
z 

(19)

In equation (19), h and K are the hydraulic head and hydraulic conductivity, respectively. The S
term in equation (19) represents internal sources and sinks to the aquifer. For pre-development
conditions, this term includes recharge, soil evaporation, and spring discharge. For postdevelopment conditions, this term includes the mechanisms listed above and groundwater
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pumping. Equation (19) is solved numerically for each of the five conceptual models using
MODFLOW-NWT [Niswonger et al., 2011]. The model grid is rectilinear, consisting of three
layers; each layer includes 75 rows and 50 columns. Constant saturated thickness is specified for
layers 2-3, and the saturated thickness in layer 1 is allowed to vary as a function of hydraulic
head, representing an unconfined aquifer. Cell sizes are uniform – 100×100 m – in the
horizontal, and of variable thickness in the vertical, as shown in figures 6(b-c). Predicted values
of the prospective candidate measurements, d , are calculated by evaluating equation (19) under
pre-development conditions. On the other hand, predicted values of the spring-flows are
calculated by evaluating equation (19) under both pre- and post-development conditions to
determine spring depletion due to groundwater pumping. Consequently, equation (19) is
evaluated twice for each ensemble member.
3.2.3. GENERATION OF SIMULATION ENSEMBLE AND DATA REALIZATIONS
The simulation ensemble for this case study is populated using parameter realizations from each
of the five conceptual models described above. The uncertain parameters of each conceptual
model are summarized in table 3, and consist of both hydraulic conductivity and recharge
parameters. We used the DREAM [Vrugt et al., 2009] algorithm with 150,000 total function
evaluations per conceptual model to evaluate the posterior density under each conceptual model
for pre-development conditions. The observational data du1 consist of seven hydraulic head
measurements generated using a randomly selected conceptual model and parameterization that
were not contained within the simulation ensemble. The simulated data were then contaminated
with random measurement noise following the error distribution described in section 3.2.5. We
adopt a perfectly uninformative prior, with equal probability weights assigned to the conceptual

60

models, and uniform distribution on the parameters for each conceptual model. The multi-normal
log-likelihood function described by equation (10) was used together with the prior to calculate
the posterior density.
3.2.4. SIMULATION ENSEMBLE CHARACTERISTICS
Inspection of the Gelman and Rubin [1992] R -statistic showed that for each conceptual model,
the DREAM algorithm converged after approximately 25,000 function evaluations. To ensure
the use of post-convergence samples, we extracted from each conceptual model all samples
generated by DREAM after 50,000 function evaluations. We split the resulting parameter
samples into two groups: the simulation ensemble inputs sens , and the data realization inputs sdrz .
We used 30,000 and 10,000 realizations per conceptual model, respectively, resulting in 150,000
total ensemble members, and 50,000 data realizations.
Figure 8 shows BMA statistics for the simulated hydraulic heads in model layer 1. Figure 8(a)
illustrates the BMA expectation of the predicted heads; the direction of groundwater flow is
generally from the recharge zones and basin boundaries towards the spring and soil evaporation
zones. Figures 8(b-c) illustrate the within- and between-model variance, respectively. The
within-model variance is pronounced in the vicinity of mountain-front recharge zone A; this
result reflects the fact that specified recharge rates were included as uncertain parameters within
each conceptual model. The between-model variance is largest near recharge zones A-B; this
result can be attributed to different spatial distributions of mountain front recharge between CM04 and the other conceptual models. The relatively large values of varK  E  h   in the vicinity of
recharge zone B obscure the spatial patterns over most of the domain. Figure 8d illustrates the
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ratio of the between-model to within-model variance, varK  E  h  : EK  var  h  , of ensemble
predicted hydraulic heads. The spatial patterns of higher values in figure 8d correspond to areas
of the model domain where conceptual model uncertainty is particularly pronounced. For
example, high values of varK  E  h  : EK  var  h  are observed in the central part of the model
domain, likely resulting from the different locations of lenses under CM-02 and CM-03.
Figures 9(a-c) summarize the predicted effects of groundwater pumping on discharge from
spring #2; results for spring #1 (not shown here) were very similar. Figure 9(a) shows the
distribution of pre-development spring discharge at spring #2; a relatively small number of
ensemble members predict zero pre-development spring flows, and the expected value of the predevelopment spring flow is approximately 350 m3 d-1. Figure 9(b) shows the distribution of postdevelopment spring discharge at spring #2. Under post-development conditions, a greater
number of ensemble members predict the elimination of spring flows; overall, the histogram
indicates a shift towards reduced spring flows. Figure 9(c) shows the distribution of the spring
depletion, calculated as the difference between pre- and post-development spring flows over all
of the ensemble members. The distribution in figure 9(c) is distinctly bimodal, with modes
centered on -100 m3 d-1 and -250 m3 d-1, representing 10% and 25% of the total groundwater
pumping, respectively. We illustrate the selection of meauresments that could discriminate
predictions of critical spring flow depletion (between -300 and -150 m3 d-1) from less dramatic
reductions (between 0 and -150 m3 d-1).
3.2.5. IMPLEMENTATION OF DI ANALYSIS
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For this case study, prospective datasets are ranked by the expected KL-divergence of predictive
groups, E  pr  , before and after data collection. Our initial analyses (sections 3.2.6 and 3.2.7)
explore the prospective worth of individual measurements, within each measurement type; in
other words, we consider a single head, or spring flow measurement. For these initial analyses,
we evaluate E  pr  for simulated heads at each node in the model domain, for springs #1 and
#2, and recharge zones A-C. Following this preliminary assessment, we evaluate E  pr  over
groups of prospective measurements, considering simultaneously all of the measurement types.
This second analysis (section 3.2.8) requires the use of optimization, as it is infeasible to evaluate
all possible combination of measurements. Based on practical considerations of the
computational burden imposed by the number of possible measurement combinations, for the
second analysis we use a subset of the candidate head measurements, imposing 500 m spacing in
the y-direction between candidate measurements; this reduces the number of possible head
measurements from 11,250 to 2,250. Both analyses use M= 500 realizations of the candidate
measurements.
One of the measurement types – mountain front recharge – is also a model parameter; therefore,
measured values cannot enter directly into the likelihood function in equation (10), as is done
with heads and spring discharge predicted by the ensemble members. Instead, realizations of the
mountain front recharge measurements are used to update the parameter prior. Specifically, the
zonal mountain front recharge parameter of interest for the jth data realization is treated as a
candidate measurement, with measurement error variance assigned as discussed below. Then, the
parameter prior over the simulation ensemble for the mountain front recharge parameter of
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interest is re-centered on the measured value, with variance defined by the measurement error
variance, and the prior probabilities of the ensemble members are updated accordingly. The
ultimate effect on the predictive groupwise probabilities is similar to the effect of recalculating
the likelihood function based on model predicted values, but the Bayesian updating mechanism
is fundamentally different.
Measurement errors for hydraulic heads are assumed to be homoscedastic, with errors of +0.1
m; treating the errors as the 95% confidence interval, this corresponds to a measurement error
standard deviation of approximately 0.05 m. Measurement errors for spring flows are assumed to
be heteroscedastic, as is typical of surface water discharge measurement. We assume that the
measurement error equals 2% of the measured value. Consequently, the measurement error
standard deviation is described as a linear function of the measured flow,    0.0102Qspring ,
where Qspring is the spring discharge.
Measurement techniques for the above-mentioned prospective measurements are standard, with
well characterized error models. In contrast, direct measurement of mountain front recharge is
much more challenging, and the uncertainty on such direct measurements is in general poorly
constrained. Of the many techniques available for quantifying mountain front recharge [Wilson
et al., 2004], one of the most widely accepted is the chloride mass balance technique [Dettinger,
1989]. We are unaware of any proposed measurement error model for the chloride mass balance
technique – or indeed, for any measurement of mountain front recharge. However, the
measurement error can be quantified given the assumed error on the data inputs required for a
chloride mass balance calculation – namely, the annual precipitation and basin yield, and mean
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chloride concentration in precipitation, runoff, and groundwater. We adopt conservative error
estimates of 20% on precipitation and basin yield, and 5% on chloride concentration, as was
done by Aishlin and McNamara [2011]. Treating these error levels as 95% confidence intervals,
the variance on the recharge flux is equal to approximately 0.005 m d-1. We assume
homoscedastic measurement error on the recharge measurement. Finally, we assume
uncorrelated measurement errors among the prospective measurements.
3.2.6. RESULTS OF DI ANALYSIS FOR INDIVIDUAL HEAD MEASUREMENTS
Initially, we evaluated E  pr  over individual measurements within each measurement type. It
is important to recognize that changes in groupwise probabilities depend in large part on the
threshold delineating predictive groups, which we hereafter refer to as the predictive grouping
threshold (PGT). Predictive histograms (figure 9) suggest that a logical threshold between
predictive groups would be located between -150 and -200 m3 d-1. However, we wish to explore
the effect of threshold choice on the value of E  pr  . Specifically we evaluate the effect on the
distribution of E  pr  within each measurement type by systematically varying the PGT. This
analysis demonstrates the impact of user-defined PGT on the selection of optimal measurements,
and furthermore provides an initial comparison of data worth among the three measurement
types considered.
We first consider E  pr  for individual hydraulic head measurements. Maps of E  pr  over the
nodes in layer 1 of the groundwater model with PGT set at -100, -150, and -200 m3 d-1 are shown
in figure 10, panels (a), (b), and (c), respectively. A common color scale has been adopted across
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these three panels to facilitate intercomparison. The magnitudes of E  pr  calculated for head
measurements in layer 1 differ with changes in the PGT value. For example, the maximum value
of E  pr  is much higher in panel (a) than in panels (b-c). This result may suggest that head
measurements have higher value value for predictive discrimination if the probability mass
between the predictive groups is more equally distributed. Such diagnostic exercises can be used
to guide general inferences regarding data worth for a specific application.
A striking difference between panels (a-b) is the location of the most informative head
measurements. These measurements are located in and surrounding recharge zone A for the
lower PGT, emphasizing basin inflows. In contrast, optimal single head measurements located in
and surrounding the soil evaporation zone are more important for higher PGT values, balancing
improved quantification of basin inflows and outflows, respectively. The relatively high value of
head measurements in the soil evaporation zone for figure 10(b) likely reflects differences
among ensemble members predicting moderate spring depletion in the range of -150 m3 d-1. For
ensemble members in this predictive range, predictive discrimination can be achieved by more
accurately partitioning the outflows between soil evaporation and spring discharge. It is also
worth noting the distinctive appearance of the soil evaporation zone across all predictive
threshold values in figures 10(a-c). We evaluated the mutual information between heads in the
upper aquifer (model layer 1) and the post-development spring depletion; the results showed that
the mutual information between layer 1 heads and spring depletion is strongest in the vicinity of
the soil evaporation zone; this result is independent of the PGT and instead reflects the
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dependence of springflow response to groundwater pumping on the partitioning of basin
outflows.
For comparison, we show in figure 10d the distribution of the expected conceptual model
discrimination, E  cm  , based on individual head measurements in model layer 1. The E  pr 
surface is strikingly different from the E  pr  surfaces; conceptual model discrimination
emphasizes head measurements in the vicinity of recharge zone B to a much greater extent. Even
more pronounced is the importance of head measurements in the west-southwestern quadrant
between recharge zones A and B at approximately x, y  1,5 km. In contrast to the result
from case study #1, the E  cm  surface for the present case study is not closely related to the
ratio of between-model to within-model uncertainty (figure 10d).
To investigate this result, we evaluated the contribution of each conceptual model to the KLdivergence (equation 2), and consequently, E  cm  . Under the prior distribution (updated
following MCMC sampling), CM-02 is assigned approximately 93% of the probability mass,
whereas CM-01 is assigned only 0.1% of the probability mass. Decomposition of the KLdivergence – not shown here in the interest of brevity – reveals that the conceptual
discrimination E  cm  , as shown in figure 9d is dominated by changes to the probability of CM01. Specifically, conceptual discrimination from a single head measurement occurs primarily
through redistributing probability mass to CM-01, which had been strongly discredited following
the first round of data collection. Head measurements in the west-southwestern quadrant of the
basin have a very high potential to test the viability of CM-01 and are therefore expected to

67

provide the greatest degree of conceptual discrimination. Comparison among the alternate
conceptual models (figure 7) supports this conclusion, as several of the hydrogeologic lenses
considered under CM-02, CM-03, and CM-05 terminate in the west-southwestern quadrant. The
results of this analysis show broadly the importance of measuring heads in areas for which
hydrogeologic structures vary among the conceptual models. An important distinction, however,
is that important measurements cannot be identified from decomposition of the BMA variance
alone. Instead, there are additional interactions within the simulation ensemble that can be
captured only through the preposterior analysis. Furthermore, it should be stressed that the
results of preposterior analysis may vary depending on the definition of the experimental design
objective (e.g. conceptual or predictive discrimination). In fact, the ability to analyze both
objectives with the same suite of simulations is one of the strengths of the DI methodology for
experimental design.
3.2.7. RESULTS OF DI ANALYSIS FOR INDIVIDUAL SPRING FLOW AND
RECHARGE MEASUREMENTS
We conducted similar sensitivity analyses between E  pr  and the predictive threshold for both
pre-development spring discharge and mountain front recharge measurements. Figure 11
illustrates the results of the sensitivity analysis for spring discharge measurements. The
numerical value of E  pr  is much greater for spring discharge measurements than for hydraulic
head measurements. This result is consistent with intuition, because the magnitude of postdevelopment spring depletion depends directly on the pre-development spring discharge. The
distribution of E  pr  diverges most noticeably for springs #1 and #2 for predictive threshold
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values between -50 to -150 m3 d-1; within this range, the value of E  pr  for spring #2 greatly
surpasses E  pr  for spring #1.
The values of E  pr  for recharge measurements are roughly two orders of magnitude lower
than the values E  pr  for spring discharge measurements (figure 12). Furthermore, the PGT
value has a consistent impact on the discriminatory value of data in all of the recharge zones.
This result suggests that there is no clear reason to select observations in a specific recharge
zone; this is a somewhat surprising finding given the clear preference for measuring heads near
recharge zone A (figure 10). For all three recharge zones, the highest predictive discrimination
for recharge measurement is achieved when the PGT is -220 m3 d-1. This reflects the
characteristics of ensemble members predicting relatively high rates of spring depletion due to
groundwater development. These ensemble members are associated with values of mountain
front recharge toward the lower end of the feasible parameter space. It therefore stands to reason
that identifying ensemble members associated with especially low recharge values would
critically test this predictive group, resulting in high predictive discrimination.
3.2.8. RESULTS OF DI ANALYSIS OVER PROSPECTIVE MEASUREMENT SETS
Having examined the distribution of E  pr  for individual measurements within a given
measurement type, we now turn our attention to a more practical, and substantially more
complex question. Given a fixed number of possible measurements, which collection of
measurement types, and locations within each given type, are best suited to acheive predictive
discrimination? This presents a nontrivial problem in combinatorial optimization. As a starting
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point for our analysis, we consider the space of admissible design variables, D, to consist of
2,250 possible head measurements, 2 spring discharge measurements, and 3 mountain front
recharge measurements. Considering combination with repetition, we now have 2.5 million
possible combinations for a set of 2 measurements, and 1.9 billion possible combinations for a
set of 3 measurements. Even for a reduced number of measurements, design optimization is
clearly needed.
We used the NOMAD algorithm [Le Digabel, 2011] to solve equation (13), thereby selecting the
optimal measurement set for predictive discrimination given a fixed number of measurements. In
general, discrete optimization routines such as NOMAD require selecting the best of several suboptimal solutions [Christakos, 1992]. We found that optimal solutions would vary among
NOMAD runs; therefore, we used multiple starting points in the parameter space for NOMAD
runs, then selected the design associated with the highest value of E  pr  in order to derive a
robust estimate of the globally optimal measurement set. Finally, we repeated the multi-try
NOMAD optimization runs while systematically varying the number of measurements from 1 to
5. The goal of this procedure was to determine the relation between the size of the candidate
measurement set and E  pr  , to evaluate the marginal information gain associated with adding
to the number of candidate measurements. Table 4 displays the results of the analysis including
the values of E  pr  , measurement coordinates, and computational time.
The results of the optimization analysis show that the value of E  pr  continues to rise with the
number of measurements in the candidate dataset, demonstrating that even the fifth measurement
contributes unique information. However, the marginal information gain associated with adding
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measurement points decreases with the number of measurements. That is, increasing the size of
the dataset exhibits diminishing marginal changes in predictive discrimination. For example, the
value of E  pr  increases by 0.119 when considering two, rather than one candidate
measurements, but only by 0.018 when considering five, rather than four candidate
measurements. Evaluating the marginal information gain with size of the candidate measurement
set provides an opportunity to weigh the expected information benefits from additional data
points against the cost of additional data collection.
All of the measurement sets include measurement of pre-development discharge from spring #2.
Intuitively, this is a logical result, as the experimental design objective is to discriminate between
predictive groups of flow depletion at spring #2; this result is furthermore consistent with the
preliminary sensitivity analyses (figure 11). Flow measurements at spring #1 are included for
sets comprising at least two candidate measurements. Coupled measurements of flow at spring
#1 and #2 greatly constrain the partitioning of basin outflows between springs and soil
evaporation, as discussed in greater detail below.
The highest value of E  pr  was obtained for a set of five prospective measurements; figure 13
shows the locations of the measurements in the optimal set. None of the optimal measurement
sets includes recharge measurements, which we found to be surprising and counterintuitive given
the great efforts typically made to quantify recharge. From a water balance perspective, recharge
is the only inflow to the basin, and should therefore dictate to a large extent the expected severity
of spring depletions due to groundwater pumping. However, basin outflow is divided (with the
exception of CM-05) between two outflow mechanisms: spring discharge, and soil evaporation
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from the basin center. The simulated basin outflow from soil evaporation is, on average, five
times larger than the simulated outflow from springs. Therefore, the partitioning of basin
outflows between soil evaporation and spring discharge is also an important consideration in
predicting post-development spring depletion. This is complicated by the fact that the
evaporation flux is defined as a function of head in the soil evaporation zone. Therefore, one
could imagine a situation in which groundwater pumping might lower the head in the soil
evaporation zone, reducing the evaporation outflows and therefore reducing the magnitude of
post-development spring depletion. These dynamics cannot be assessed based solely on water
budget considerations, as is discussed more generally by Bredehoft [2002].
Set against this backdrop, the selected optimal measurement set is quite informative. The
partitioning of basin outflows between spring discharge and soil evaporation under postdevelopment conditions strongly controls the predicted spring depletion. Therefore, predevelopment measurements of groundwater flow patterns related to the outflow partitioning, and
possibly influenced by groundwater development, should be particularly informative. Direct
measurement of mountain front recharge may constrain the magnitude of inflows to the
groundwater basin, but not the outflow partitioning. In contrast, hydraulic head measurements
along flow paths from the recharge area to the soil evaporation zone provide important insight
into outflow partitioning. This case study demonstrates the importance of experimental design
analysis before collecting data and beyond its specific use in identifying measurement points.
Indeed, improved understanding of which data achieve highest discrimination provides insight
into the hydrologic function of the system in the context of a specific question (e.g. predicted
spring depletion).
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All three of the hydraulic head measurements in the optimal set of five candidate measurements
are located in the lower aquifer unit (model layer 3). These head measurements contain
information about the magnitude of the flux along a regional flow path to the basin outflow
areas, for which a large quantity would potentially be intercepted by the pumping wells. One of
the head measurements is directly beneath recharge zone A; it should be noted that the expected
value of recharge flux in zone A is the highest of the three mountain front zones. This result is
consistent with the PGT sensitivity analysis (figure 10), which identified head measurements
near recharge zone A as especially informative. The remaining two head measurements are
located in the vicinity of recharge zone B. These measurements provide information about the
magnitude of the regional flux toward the basin outflows (springs and soil evaporation zone)
through the lower aquifer unit.
For this case study, the selection of hydraulic head measurements is related to information
redundancy among data points, as shown for case study #1. In a separate analysis not shown
here, we evaluated the mutual information between head measurements and pre-development
spring flow measurements. The head measurements in model layer 3, in the southern part of the
basin, exhibit relatively minor mutual information with the pre-development spring flows. Head
measurements in the southern part of the basin quantify the deeper groundwater flux to the basin
outflows, which is potentially subject to capture by the pumping wells. Furthermore, these head
measurements share minimal information with other data points in the optimal measurement set.
Based on these considerations, the selected head measurements have clear value for predictive
discrimination, yet are somewhat counterintuitive and could easily be overlooked in the absence
of a systematic analysis during the planning stages of a field investigation.
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4. DISCUSSION AND CONCLUSIONS
To date, efforts to guide optimally-informative experimental and monitoring network designs in
hydrology have focused primarily on objectives relating to parameter identification or prediction
uncertainty reduction. State-of-the-art experimental design approaches - namely Monte Carlo
simulation [e.g. Leube et al., 2012] and data assimilation [Kollat et al., 2011] - have generally
been adapted to target these particular kinds of objectives. This research proposes a novel
objective driving the collection of new datasets to be the discrimination acheived among
competing model structures and predictive groupings. The DI methodology presented here uses a
data utility function based on the distance between prior and posterior probability distributions to
assess the discriminatory capabilities of candidate datasets. The probability distributions can
either consist of conceptual probabilities in the case of conceptual discrimination, or predictive
probabilities in the case of predictive discrimination.
From a practical standpoint, implementation of the DI methodology requires that the user specify
the simulation ensemble size, N, and the number of data realizations, M. As part of this research,
we evaluated for case study #1 the effect of changing both the ensemble size and number of data
realizations on the convergence of the preposterior metric. We found that, in general, a relatively
small number of data realizations may be suitable to obtain robust estimates of the optimal
measurement set. However, this should be reconsidered for more complex problems. The choice
of likelihood function is another key consideration, and should reflect any correlation or
heteroscedasticity present in model and measurement errors [Schoups and Vrugt, 2010]. Finally,
the BMA statistics are implicitly conditional on the set of conceptual models used in the analysis
[Hoeting et al., 1999]. Therefore, the potential for conceptual discrimination depends directly on
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the choice of the K conceptual models and indeed, the DI framework will be most informative
when a comprehensive set of conceptual models is considered.
The composition of optimal measurement sets for conceptual and predictive discrimination can
be explained in part by characteristics of the underlying simulation ensemble. Case study #1
demonstrates that the ratio of between-model to within-model variance is one such important
characteristic. Another key aspect, when multiple measurements are considered, is the
minimization of redundant information. These general rules of thumb are useful as an initial
screening for evaluating candidate datasets during the planning stages of a hydrologic
investigation. However, the results of this study show that additional interaction among the
processes of measurement selection, Bayesian updating, and discrimination, are best handled in a
preposterior framework.
We also investigated the sensitivity of expected predictive discrimination, E  pr  , to the
specification of predictive groups. This kind of analysis demonstrates that the selection of
predictive grouping threshold may strongly influence the relative importance of different
measurements. On the other hand, certain measurement types - such as spring flow
measurements in case study #2 - are substantially more informative than other measurement
types, regardless of the predictive grouping threshold. We did not undertake a systematic
comparison of optimal datasets for conceptual vs. predictive discrimination in this study;
however, initial analyses, shown in figure 10, indicate that the composition of the optimal
measurement set differs between conceptual and predictive discrimination. In fact, it is likely
that the optimal data set will be unique for each prediction or set of predictions of interest,
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underlining the importance of experimental design analyses that are tailored to each
investigation.
The optimization algorithm as implemented here requires a fixed number of measurements to be
specified. A logical next step would be to extend the optimization procedure to include the
number of measurements as one of the decision variables, thereby allowing for an assessment of
diminishing returns in additional data collection. Alternately, cost minimization may be specified
as one of the objectives addressed by optimization. Numerous techniques previously developed
for optimal design of experiments in hydrology specify multiple objectives driving data
collection. Expanding the preposterior framework to jointly consider multiple objectives
including discrimination, parameter identification, predictive uncertainty reduction, and cost
minimization will provide further insight into the characteristics of optimally informative
hydrologic datasets.
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FIGURES
Figure 1: Illustrative example showing predictive distributions for three conceptual models
(colored symbols), the expected value over the three models (solid black line), the predictive
grouping threshold (at approximately 15 here), and the definition of two predictive groups.
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Figure 2: Schematic diagram showing workflow of the Discrimination-Inference framework,
including optimal design analysis (within dashed line).
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Figure 3. Posterior expectation and uncertainty of predicted volumetric water content based on
three conceptual models. For all panels, the dark grey area represents total posterior standard
deviation of the predicted water content. (a) Posterior expectation, E k | M k , d for each
conceptual model, (b) Posterior expectation, E  | d , over all three conceptual models; light
grey area represents within-model standard deviation, (c) Posterior expectation, E  | d over all
three conceptual models; light grey area represents between-model standard deviation.
Horizontal dashed lines indicate the optimal set of two   measurement pairs that maximize
conceptual model discrimination.

84

Figure 4: (a) The ratio of between-model to within-model variance, varK  E   : EK  var  
evaluated over the range of feasible candidate pressure heads; dashed horizontal lines show the
coordinates of the optimal measurement pair, 1 and  2 . (b) Mutual information (MI) between
possible candidate measurements and the set of existing   measurement pairs. (c) Surface
showing the MI evaluated for each possible candidate measurement pair; white circle identifies
the location of  1 and  2 .

85

Figure 5: Two-dimensional map of E  cm  derived from preposterior estimation using all
possible sets of of two   measurement pairings. The white circle indicates the optimal
measurement pair, associated with the highest possible value of E  cm  .
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Figure 6: Hydrogeologic structure and hydrologic features of closed basin; grey and white areas
represent hydraulic conductivity zones 1 and 2, respectively. Depth of the bottom of model layer
1 is variable. Depths of the bottoms of model layers 2 and 3 are at -100 and -150 m below land
surface, respectively.

87

Figure 7: Differences in hydraulic property zonation and locations of hydrologic features
between (a) CM-01, (b) CM-02, (c) CM-03, (d) CM-04. Dashed outline for hydraulic property
zones indicates buried features.
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Figure 8: Bayesian model average statistics computed for ensemble-predicted pre-development
heads, in meters, in model layer 1. (a) Posterior expectation, (b) within-model variance, (c)
between-model variance, and (d) ratio of between- to within-model variance.
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Figure 9: Histograms showing ensemble-predicted discharge at spring #2 under (a) predevelopment conditions, (b) post-development conditions. (c) Spring depletion, equal to the
change in discharge between pre-development and post-development conditions. Vertical dashed
line in (c) represents the predictive grouping threshold used for optimal design analyses in
section 3.2.8
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Figure 10: Expectation of the KL-divergence between predictive groups, E  pr  , computed
based on the hypothetical addition of candidate head measurements from model layer 1. Panels
show changes in the distribution of E  pr  under different predictive group thresholds; (a) -100
m3 d-1, (b) -150 m3 d-1, (c) -200 m3 d-1. Panel (d) shows the expected conceptual discrimination,

E  cm  , associated with the hypothetical addition of a single head measurement in model layer
1.
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Figure 11: Expected value of the KL-divergence between predictive groups, E  pr  , computed
based on the hypothetical addition of candidate spring discharge measurements, evaluated over a
range of predictive group thresholds between predictive groups.
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Figure 12: Bayesian model average expectation of the hydraulic heads, and existing proposed
measurements in (a) model layer 1, (b) model layer 2, (c) model layer 3. Circles represent
existing head measurements, triangles represent candidate head measurements in the optimal
measurement set, and squares represent spring discharge measurements in the optimal
measurement set.
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TABLES
Table 1: Summary of DI calculation results over a range values for ensemble size, N, and
number of data realizations, M. The benchmarking runs were conducted on a dual-core processor
(2.40 GHz) with 24.0 GB RAM.
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Table 2: Hydrogeologic and numerical model specifications applicable to all five conceptual
models of groundwater flow in the closed hydrologic basin.
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Table 3: Uncertain parameters considered over all conceptual models; units on all parameters are
meters per day.
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Table 4: Results from multi-try NOMAD optimization runs, including the best E  pr 
achieved, and measurements corresponding to the best E  pr  value. Each row is based on the
best E  pr  result from 25 individual NOMAD runs.
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APPENDIX B: ANALYSIS OF SUBSURFACE TEMPERATURE DATA TO
QUANTIFY GROUNDWATER RECHARGE RATES IN A CLOSED ALTIPLANIC
BASIN, NORTHERN CHILE
Kikuchi, C.P., and T.PA. Ferré (2015), Analysis of subsurface temperature data to quantify
groundwater recharge rates in a closed Altiplano basin, northern Chile, in preparation for
submission to Hydrogeology Journal
ABSTRACT
Quantifying groundwater recharge is a fundamental part of groundwater resource assessment and
management, and is requisite to determining the safe yield of an aquifer. Natural groundwater
recharge in arid and semi-arid regions comprises several mechanisms – namely, in-place,
mountain-front, and mountain-block recharge. A field study was undertaken in a high-plain basin
in northern Chile to quantify the magnitude of in-place and mountain-front recharge. Water
fluxes corresponding to both recharge mechanisms were calculated using heat as a natural tracer.
To quantify in-place recharge, time-series temperature data in cased boreholes were collected,
and the annual fluctuation at multiple depths analyzed to infer the water flux through the
unsaturated zone. To quantify mountain-front recharge, time-series temperature data were
collected in perennial and ephemeral stream channels. Streambed thermographs were analyzed to
determine the onset and duration of flow in ephemeral channels, and the vertical water fluxes
into both perennial and ephemeral channels. The point flux estimates in streambeds and the
unsaturated zone were upscaled to channel and basin-floor areas to provide comparative
estimates of the range of volumetric recharge rates corresponding to each recharge mechanism.
The results of this study show that mountain-front recharge is substantially more important than
in-place recharge in this basin. The results further demonstrate the worth of time-series
subsurface temperature data to characterize both in-place and mountain-front recharge processes.
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1. INTRODUCTION
Quantifying groundwater recharge is a fundamental part of groundwater resource assessment
and management. To date, numerous field [Scanlon, 2004; Stonestrom et al., 2007; Ajami et al.,
2011] and modeling [Timlin et al., 2003; Duffy, 2004; Keese et al., 2005] techniques have been
developed to quantify recharge. Groundwater recharge in arid and semi-arid environments poses
unique challenges due to rapid soil water uptake by opportunistic vegetation [Pockman and
Small, 2010], spatial and temporal variability of precipitation patterns [Ajami et al., 2012;
Sapriza-Azuri et al., 2015], and the possible existence of thick vadose zones capable of buffering
soil water fluxes near the land surface [Walvoord et al., 2002].
Natural recharge in arid and semi-arid environments is considered to occur by three principal
mechanisms: diffuse, or in-place recharge [Walvoord et al., 2004; Ng and McLauglin, 2009,
Keese et al., 2005]; mountain-front recharge [Duffy, 2004; Wilson and Guan, 2004]; and
mountain-block recharge [Wilson and Guan, 2004; Ajami et al., 2011]. In-place recharge is
often limited due to the evolution of plant and microbial communities to make use of all
available water. Mountain-front recharge occurs as streamflow generated in mountainous areas,
which later infiltrates in stream channels at the margin between less permeable basement rock
and more permeable basin sediments. Mountain-block recharge is limited unless significant
connected porosity occurs due to fracturing. As a result, in many arid and semi-arid
environments, the bulk of groundwater recharge is thought to occur as mountain-front recharge.
Nonetheless, the relative contributions of these recharge mechanisms and, consequently, the
most suitable approach to quantifying groundwater recharge, depends strongly on the climatic
and hydrogeologic settings.
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Surface water supplies in the Atacama Desert are scarce, and insufficient to meet municipal
and industrial water demands. Consequently, high-plain (altiplano) groundwater basins are the
only reliable water source, and are critical to economic activity in this region. Complex faulting
and uplift in the altiplano have led to the formation of numerous internally-drained basins,
characterized by spring- and seepage-fed lakes underlain by salt-encrusted salar sediments. In
contrast to the extreme aridity of lower elevation zones on the western slope of the Andes
mountains, many basins in the altiplano receive precipitation in excess of 100 millimeters per
year (mm yr-1). Precipitation occurs predominantly during the austral summer and is related to
the westward delivery of moist air from the Amazon rainforest [Garreaud et al., 2003]. This
climate phenomenon is known locally as the Altiplanic Winter. Long-term precipitation data
collected in northern Chile by Dirección General de Aguas (DGA) indicate a positive relation
between altitude and mean annual precipitation [Edwards, 1991].
Previous studies of natural recharge in the altiplano have demonstrated a positive altituderecharge relation [Houston, 2007], largely as a consequence of the positive altitude-precipitation
relation. Several studies used geochemical and isotopic tracers to quantify natural groundwater
recharge in northern Chile. For example, Grilli et al. [1999] used water isotopic ratios to
distinguish among recharge zones at different elevations in the Pampa de Tamarugal area.
Houston [2007] quantified groundwater recharge in the Turi basin using both tritium analysis
and chloride mass balance techniques.
The precipitation regime in altiplanic basins, characterized by episodic flooding, suggests
that mountain front recharge in ephemeral stream channels likely constitutes an important
groundwater recharge mechanism. On the basis of chloride mass balance and groundwater level
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analyses, Houston [2002] calculated groundwater recharge of approximately 25 million cubic
meters (m3) from a 4-year flood in the Chacarilla catchment, Pampa de Tamarugal. Soil water
balance modeling [Houston, 2009] indicates that diffuse, in-place recharge rates may be as high
as 28 mm yr-1. With the exception of the studies referenced above, the relative contributions of
mountain-front channel infiltration and in-place recharge to natural groundwater recharge in
altiplanic basins have not been quantified previously.
During the last two decades, temperature tracer techniques have been used to quantify
recharge rates in arid and semi-arid regions [Constantz et al., 2003; Blasch et al., 2007;
Shanafield and Cook, 2014]. Heat transport in the subsurface is an advective-diffusive process,
such that advective heat transport by moving water is one of the primary factors influencing the
subsurface temperature profile. Consequently, measured subsurface temperature profiles can be
analyzed to infer advective heat transport and, thereby, water flux. These methods are based on
periodic surface temperature fluctuation over daily to decadal scales; the depth beyond which
temperature fluctuation becomes negligible is referred to as the temperature extinction depth.
Analysis of unsaturated zone temperature data both above [Constantz and Thomas, 1996;
Dowman et al., 2003] and below [Shan and Bodvarssen, 2004] the temperature extinction depth
has been shown to provide robust estimates of in-place recharge rates. Similarly, analysis of
streambed temperature data in ephemeral stream channels can provide information on the
duration of flow [Blasch et al., 2004; Gungle, 2006] and can quantify channel infiltration rates
[e.g. Ronan et al., 1998; Constantz et al., 2003; Hoffman et al., 2007]. Rau et al. [2014] provide
an extensive review of the use of temperature as a tracer to characterize groundwater and surface
water interactions.
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Daily and annual temperature fluctuations in altiplanic basins are quite pronounced, due to
dry atmospheric conditions and infrequent cloud cover. These conditions are ideal for the use of
temperature methods to quantify natural recharge rates. This study presents subsurface
temperature data collected in streambeds and cased boreholes in the Lagunillas basin in northern
Chile. To our knowledge, this is the first application of temperature methods to characterize
natural groundwater recharge in an altiplanic basin. Temperature data are analyzed to calculate
channel infiltration rates in perennial and ephemeral streams, and through unsaturated basin-floor
sediments. The results of the analyses quantify the relative importance of mountain-front and inplace recharge in the Lagunillas basin. Furthermore, we evaluate the uncertainty associated with
scaling-up point measurements of water fluxes to the reach- and basin-scale.

2. STUDY AREA DESCRIPTION

2.1. PHYSICAL AND CLIMATE SETTING
The Lagunillas basin (Figure 1) is an internally-drained basin in the Tarapacá region of
northern Chile, located at approximately 20º00’ S. Elevation ranges from 4,000 to 4,800 meters
(m) above mean sea level, and the basin area is 184 square kilometers (km2). Mean daily
temperatures range from -5 to 10 ºC. Daily and annual peak-to-peak temperature amplitudes are
on the order of 25 and 10 ºC respectively, meaning that the magnitude of daily temperature
fluctuation generally exceeds the magnitude of annual temperature fluctuation.
Mean annual rainfall in the Lagunillas basin is approximately 140 mm/yr. Rainfall occurs
predominantly during the austral summer (December-March). Total annual precipitation and
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precipitation intensity are both highly variable. During the last 30 years, total annual
precipitation ranged from 44 to 354 mm in calendar years 1983 and 2001, respectively. Most
rainfall is associated with convective storms. Consequently, years with high rainfall typically
experience many days with high precipitation intensity. During 2001, for instance, daily rainfall
exceeded 5 and 7.5 mm for 23 and 15 days, respectively. Surface water inflows to the basin are
generated by both rainfall and snowmelt from surrounding mountains.
2.2. HYDROGEOLOGIC SETTING
The Lagunillas basin occurs in a structural depression comprising faulted volcanic and
volcaniclastic rocks filled with alluvial basin fill sediments [Sayes, 1978]. The Sillillica
Formation underlies most of the basin, and consists primarily of Quaternary to Tertiary-aged
andesitic ignimbrite. The Late Tertiary-aged Altos de Pica Formation is found in the
southwestern part of the basin and consists of variably welded ignimbrite and weakly cemented
volcanic conglomerate.
Unconsolidated quaternary alluvial basin fill sediments occupy a structural trough caused by
normal faulting in the underlying volcanic rocks, and constitute the most productive aquifer in
the basin. Maximum thickness of the alluvial basin fill sediments is approximately 300 m.
Numerous aquifer tests [Montgomery and Associates, 2007] conducted over the past 30 years
have shown horizontal hydraulic conductivities of the basin fill sediments to range from 0.3 to 30
meters per day (m/d).
Groundwater recharge in the Lagunillas is thought to occur as mountain-front recharge from
channel infiltration, mountain-block recharge through fractures in bounding volcanic rocks, and
as in-place recharge through basin floor sediments. Figure 1 shows the location of perennial and
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ephemeral streams in the Lagunillas basin. Río (river) Llacho is the only perennial stream and
has the largest contributing area of any stream in the basin.
Groundwater development commenced in the basin in the early 1990s, and groundwater
pumping now constitutes an important part of the groundwater budget. Prior to groundwater
development, the basin was in a state of dynamic equilibrium, with groundwater discharge
occurring primarily as open-water evaporation from the Salar de Lagunillas, a large salt-water
lagoon in the southwestern part of the basin (Figure 1). The lagoon is fed by spring discharge,
groundwater upwelling, and direct overland flow during and following convective storms.

3. METHODS

3.1. TEMPERATURE MONITORING STATIONS
Subsurface temperature monitoring stations were installed in the Lagunillas basin during
October and November, 2013. Five stations were established to measure air and water
temperatures in existing monitoring wells; data from these stations provide the basis for
calculating in-place groundwater recharge rates. Twelve stations were established to measure
temperatures in streambed sediments of mountain-front stream channels. Data from the
streambed stations provide the basis for calculating mountain-front recharge rates. Mountainblock recharge is also thought to occur in the Lagunillas basin; however, characterizing
mountain-block recharge was not part of the scope of this study. The locations of borehole and
streambed temperature monitoring stations are shown in Figure 1. Temperature data analyzed in
this study span the period of November 2013 through October 2014.
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3.1.1. BOREHOLE STATIONS
Temperature sensor arrays were installed in five existing monitoring wells during October
2013, and consist of self-logging Onset TidbiT v2 (Bourne, MA) thermistors hung from a cable
at 2 m intervals. Identical sensor spacing was used for each borehole to allow for direct
intercomparison among temperature profiles. The shallowest sensor was placed at ground level,
within the borehole, to monitor the air temperature. Sensor arrays at borehole stations were
programmed to record temperatures at 1-hour intervals.
Temperature measurements in the air column of monitoring wells are assumed to be equal to
temperatures of adjacent near-surface sediments. This inference is supported by data from
controlled experiments conducted by Izbicki and Michel [2002] and Dowman et al. [2003], for
which the air temperature profile in a polyvinyl chloride (PVC) cased borehole was shown to be
virtually identical to adjacent sediment temperatures measured by nearby buried sensors.
All but one of the boreholes is cased through the screened interval with PVC. In contrast, steel
casing material was used for well LA-13. Evaluation of thermographs from LA-13 suggested that
heat conduction down the well casing material affected the recorded thermographs;
consequently, data from LA-13 were excluded from further analysis. The other boreholes (LA06, LA-08, LA-09B, and LA-10) did not indicate down-hole heat conduction, so these
thermographs are considered to be representative of adjacent sediment temperatures.
Three of the boreholes – LA-08, LA-09, and LA-10 – are located either in or near outcrops of
the Altos de Pica Formation in the southern portion of the basin. At first glance, the locations of
these boreholes would suggest that they should be used to observe mountain-front recharge,
rather than in-place recharge. However, the thickness of the unsaturated zone in the vicinity of
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these wells is considerably greater than at other wells in the basin, with depths to water of
approximately 16, 30, and 60 m in LA-09B, LA-10, and LA-08, respectively. In contrast, the
water table lies within several meters of land surface along major stream channels. Furthermore,
the Altos de Pica Formation is very weakly cemented, and for this reason resembles the alluvial
basin fill in terms of hydraulic characteristics. For these reasons, vertical water fluxes based on
temperature data from these borehole stations are considered to be representative of in-place,
rather than mountain-front recharge.

3.1.2. STREAMBED STATIONS
Streambed temperature stations were installed in both perennial and ephemeral stream
channels. Stations consist of cabled thermocouples manufactured by Campbell Scientific (Logan,
UT), connected to dataloggers installed on a nearby streambank. Thermocouple arrays were
programed to record temperatures at 15-minute intervals to capture rapid changes in streambed
temperature profiles associated with infiltration following convective storms.
The locations of streambed temperature monitoring stations were selected based on two
considerations. First, stations were sited to provide coverage of the major drainages in the basin,
which are thought to provide most of the mountain-front recharge. Prior evaluation of satellite
imagery acquired during wet periods indicated that streamflow occurs primarily in Río Llacho,
Quebrada Penjamo, and Quebrada Taipijuano. Figure 1 shows the locations of these stream
channels. Second, stations were selected to span a range of different physiographic and
geomorphic environments within these drainageways to capture the range of channel infiltration
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conditions. For example, the stations along Quebrada Penjamo included a narrow upland channel
(QHR-01), an area where the stream parallels a bedrock outcrop (QP-01), and a broad channel
section (QP-02) with lower channel gradient than the other two sites.
Thermocouples were installed in one of two ways, depending on site conditions. For sites
along perennial streams (RLL-01, RLL-03, and RLL-04), a hollow metal pipe, 5 centimeters
(cm) in diameter, was driven into the streambed to the depth of interest. Thermocouples were
fixed along PVC tubing at intervals of 5 – 25 cm to form a sensor array. The sensor array was
then inserted into the metal pipe, and the pipe withdrawn, allowing the streambed sediments to
collapse around the sensor array. For sites along ephemeral stream channels, boreholes were
augered into the dry streambed to the depth of interest. Thermocouple sensor arrays were
assembled as was done for the perennial sites. Then, the sensor arrays were inserted into the
boreholes, and the boreholes were backfilled with native sediments.
In addition to the buried streambed temperature sensor arrays, one self-logging Tidbit v2
sensor was deployed at the surface for each streambed temperature monitoring station to record
the surface water temperature. The sensor was housed in a section of white PVC pipe to reduce
solar radiation effects from the surface temperature measurements.
3.2. THERMOGRAPH ANALYSIS
Analyses of subsurface temperatures to quantify water flux make use of two thermograph
characteristics: the amplitude ratio and phase lag between temperature measurements made at
two depths. Borehole and streambed temperature data were interpreted using different analytical
approaches; however, both approaches are based on the amplitude ratio and phase shift.
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Both analytical approaches are based on the assumption of one-dimensional heat and fluid
flow through a homogenous medium, subject to sinusoidal surface temperature forcing. The
governing mathematical equation is:

 c T
T
2T
 e 2  v 0 0
t
z
 c z

(1)

In equation (1), T denotes the temperature, and t and z denote time and depth. The effective
thermal diffusivity, e , equals

k
, where k, c, and  denote the thermal conductivity, specific
c

heat capacity, and density of the sediment-fluid complex. The fluid velocity is v, and c0 and 0
denote the specific heat capacity and density of the fluid.

Borehole and streambed thermograph analyses described here are based on exact expressions
for v, in equation (1). Analyses of borehole temperature data were conducted to provide
estimates of in-place recharge. Analyses of streambed temperature data were conducted to
provide estimates of channel infiltration, which was then upscaled to quantify mountain-front
recharge.

3.2.1. BOREHOLE THERMOGRAPHS
Borehole temperature sensors provide data on subsurface temperatures at depths in excess of
2 m. Preliminary evaluation of thermographs showed that subsurface temperatures at these
depths respond primarily to annual, rather than daily temperature fluctuations. Analyses of
borehole thermographs therefore use the amplitude ratio and phase lag estimated over annual
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time scales. Vertical water velocity is calculated according to the analytical solution developed
by Stallman [1965] for equation (1).

v

k  b2  a2 


vc0 0  a 

(2)

In equation (2), the parameters a and b are related to the amplitude ratio and phase lag
between sensor depth pairs. Specifically, a is calculated as the inverse slope of the relation
 T T 
between log  zm A  and the depth z, where Tzm is the maximum temperature at depth z, TA is
 T 

the ambient temperature at the temperature extinction depth, and T is the amplitude of the
temperature variation at the land surface. The parameter b is a function of the phase lag, 
between thermograph pairs, which is calculated by determining the time at which each
thermograph in the pair intersects TA , and then differencing those times. Thus, a single estimate
of b is obtained for each period.
The thermal conductivity, k, is estimated using dimensionless curves relating a/b to
1/2

vc0 0  k 

 , where  is the period of temperature oscillation at the land surface, and c and
k   c 

 represent the specific heat capacity and density of the sediment-fluid complex, respectively.
Calculation of these properties depends directly on the water content in the unsaturated zone.
For this study, thermal conductivity values were obtained using a range of physically reasonable
water content values based on borehole geophysical data from monitoring and exploration wells
[Montgomery and Associates, 2007].
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The Stallman [1965] analytical technique was applied to sinusoids fitted to thermographs
collected at borehole temperature stations. Sinusoids were fitted to daily average temperature
data collected during the study period from the portion of the borehole temperature profile at or
above the temperature extinction depth (approximately 6 m). Then, a and b were calculated
directly from the fitted sinusoids and used together with calculated values of the thermal
conductivity, k, to provide a range of inferred vertical fluid velocities.
Stallman [1965] provides a lower limit for fluid velocities that can be calculated reliably using
equation (2) based on the sensitivity of a to the fluid velocity. This lower limit, which we refer to
as the velocity detection limit, vdl, is given by the following expression:

k
vdl 
10c0 0

1/2

 k 
  c 



(3)

3.2.2. STREAMBED THERMOGRAPHS
For streambed thermographs collected at ephemeral sites, channel infiltration was calculated
by two steps. First, thermographs were analyzed to identify periods during which streamflow
was present. For the periods during which streamflow was present, vertical water fluxes were
calculated using the same thermograph characteristics – amplitude ratio and phase shift – as the
borehole analyses, but over daily, rather than annual time scales. At perennial sites, streambed
thermographs were processed to provide continuous vertical water flux time-series over the study
period.
3.2.2.1.

IDENTIFYING THE PRESENCE OF FLOW
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Streambed thermographs collected at ephemeral sites were analyzed using a Moving Standard
Deviation (MSD) approach as developed by Blasch et al. [2004] to determine periods of time
when water is present in the stream channel and streambed. The MSD technique provides a
quantitative description of temperature variability through the use of the temperature standard
deviation at a given depth within a moving 24-hour window centered on the measurement time.
The presence of streamflow is identified by comparing the calculated MSD to a reference,
threshold value. The threshold value is equal to the long-term average MSD multiplied by a userspecified constant, the flow threshold multiplier. From the land surface to a certain transition
depth in the streambed, streamflow will reduce temperature variability compared to periods with
no infiltration, as quantified by the MSD. This reduction is due to the higher heat capacity of
water compared with air during flow periods and the resulting reduction in variation in the
surface temperature during periods of flow. Over this depth interval, periods of streamflow are
identified when the MSD falls below the threshold value.
Below the transition depth, streamflow will increase temperature variability, as quantified by
the MSD. This increase is due to advective transport of temperature variations to greater depth
during periods of streamflow. The transition depth depends on the relative influence of
conductive versus advective heat transport in the streambed. Previous studies [e.g. Blasch et al.,
2004] calculated a transition depth on the order of 20 cm for a mountain-front ephemeral stream
channel. The primary focus of this study is vertical water flow in the streambed; therefore, we
use thermographs collected below the transition depth to identify the presence of streamflow in
ephemeral channels.
3.2.2.2.

CALCULATING VERTICAL WATER FLUXES
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Vertical water fluxes are calculated using the analytical solutions for e and v in equation (1),
developed by Luce et al. [2013]. The analytical technique of Luce et al. [2013] differs from
Stallman [1965] in two important ways. First, the newer technique is developed to evaluate timevarying, rather than constant, vertical water velocity. Second, the effective thermal diffusivity,

e , is allowed to vary with time, and is calculated directly from thermograph characteristics. In
contrast, the technique of Stallman [1965] assumes constant e based on a known or assumed
specific heat capacity of the sediment-fluid complex.
According to Luce et al. [2013], the quantities of interest – e and v – are calculated by the
following equations:

e 

z2

ln2  Ar   2

c
z
1  2
v
c0 0 ln2  A   2 1/2 1  2 1/2
r


The variables  and  are as previously defined. The variable Ar 

(4)

(5)

A2
is the ratio between
A1

the thermograph amplitudes measured at a deeper (A2) and shallower (A1) depths. The value of



 ln  Ar 
, and z is the spacing between measurement depths, also referred to as the sensor

pair spacing.
The analytical technique of Luce et al. [2013] is implemented in the open-source software
package VFLUX [Gordon et al., 2012]. The VFLUX software uses dynamic harmonic regression
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techniques [Young et al., 2010] to automatically detrend thermographs, effectively isolating the
daily temperature signal, and then calculates e and v between multiple sensor pairings using
equations (4-5).
Filtering the thermographs entails resampling the raw data to a user-specified number of
samples per day. The raw thermographs consist of data collected at 15-minute intervals; we
downsampled the raw data to 2-hour intervals as suggested by Gordon et al. [2012]. Thus, timeseries of e and v are calculated at 2-hour intervals over the entire period of record.
Each pair of streambed thermographs, recorded at different depths, can be used to calculate a
time-series of vertical water fluxes between those depths. As a result, many flux time-series can
be calculated using thermograph data from each station. For example, a station with temperature
sensors buried at three different depths can be used to calculate time-series records of vertical
water flux over three depth intervals. Similarly, a station with four temperature sensors can be
used to calculate six time-series records of vertical water flux over different depth intervals.
3.2.2.3.

SENSOR PAIR SELECTION

The fraction of channel infiltration that ultimately becomes recharge depends on factors such
as uptake by riparian vegetation, shallow soil evaporation, and possible divergence of the flow
field in the streambed [Cuthbert and Mackay, 2013]. Because recharge is defined as the flux
across the water table, the impact of these factors can be minimized by using vertical fluxes
calculated from sensor pairs nearest to the water table to represent groundwater recharge.
Many shallow losing stream channels are associated with a hydraulically connected
groundwater mound [Winter et al., 1998]. In these systems, channel infiltration at the sediment-
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water interface is, by definition, groundwater recharge, and the shallowest sensors are most
representative of fluxes across the water table. Rio Llacho in the Lagunillas basin is a perennial,
hydraulically connected, losing stream. For stations along Rio Llacho, it is therefore most
appropriate to use vertical fluxes calculated from shallow sensor pairings to quantify
groundwater recharge.
In hydraulically disconnected channels, an unsaturated zone separates the streambed from the
water table. Ephemeral stream channels in the Lagunillas basin are hydraulically disconnected.
In these environments, the deepest sensors are nearest to the water table. For stations along
ephemeral stream channels, vertical water fluxes calculated from deeper sensor pairings are
therefore the most representative of groundwater recharge.
In addition to the distance from the sensors to the water table, there are some final practical
considerations when selecting which sensor pairs to use to determine recharge. For the
hydraulically connected case, vertical flux calculations require a measureable difference in the
amplitude and phase of the thermograph. Thus, sensors that are placed too closely together may
not yield reliable flux calculations.

This can require the use of a deeper sensor.

In the

hydraulically disconnected case, the temperature amplitude of thermographs measured from very
deep sensors may be negligible. In this case, shallower sensors may be selected to improve the
signal to noise ratio of the temperature data.
3.3. SPATIAL UPSCALING
Thermograph analyses described in section 3.2 provide point estimates of vertical water
fluxes through the basin floor and beneath stream channels. Multiplying point estimates of in-
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place recharge by the surface area of the basin floor yields an estimate of the basin-wide
volumetric in-place recharge rate.
The procedure for spatial upscaling of channel infiltration rates is somewhat more
complicated, because the wetted area of stream channels varies with time. Field observations and
historical satellite imagery were used to estimate wetted channel areas for the purposes of
upscaling point measurements of channel infiltration rates. Specifically, satellite images of the
Lagunillas basin [DigitalGlobe, 2012] collected during a particularly wet period in March 2012
were examined to identify visibly flowing stream channels. For each visibly flowing channel,
the width of the wetted channel was measured along several sections for each stream, and the
longitudinal extent of streamflow was measured using the ArcGIS software platform. Wetted
channel widths were checked for consistency against field observations of channel widths at the
temperature stations to ensure that these estimates were reasonable.
4. RESULTS

4.1. IN-PLACE RECHARGE

4.1.1. BOREHOLE TEMPERATURE DATA
Figure 2 shows borehole temperature profiles collected from November 2013 through
October 2014, at all five borehole temperature monitoring stations. The profiles shown in this
figure represent daily average values. The upper and lower bounds of the temperature profile
envelopes correspond approximately to February and August temperature profiles, respectively.
The profiles from all stations suggest a temperature extinction depth at approximately 10 m.
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The temperature profile measured in LA-13 shows persistent annual temperature fluctuation
measured as deep as 20 m. Furthermore, the nature of the temperature profiles is unexpected,
showing a near constant offset with depth below 10 m. LA-13 is the only station with steel
casing; we interpret this behavior in the temperature profile as evidence of heat conduction down
the casing. Consequently, we exclude data from LA-13 from further analysis.
4.1.2. THERMAL PROPERTIES OF UNSATURATED SEDIMENTS
Isolating the effect of fluid velocity on the borehole temperatures requires that we specify the
volumetric heat capacity and porosity of the unsaturated zone. The volumetric heat capacity of
the sediment-fluid system, C, depends on the sediment porosity and volumetric water content. C
is calculated as a volume-weighted average of the soil component volumetric heat capacities,
C  i ci i , where i denotes the soil component (grains, water, air) and ci, i, and i are the
i

specific heat capacity, density, and volumetric fraction of component i.
Typical values [Farouki, 1981] of 0.187 calories per gram (cal g-1) and 2.67 grams per cubic
centimeter (g cm-3) are assumed for the specific heat capacity and density of the grains,
respectively. Borehole geophysical logging of exploration wells in the Lagunillas basin
[Montgomery and Associates, 2007] indicate that the porosity of basin fill sediments is
approximately 0.35 cm3 cm-3. Initially, we assume the volumetric water content of the
unsaturated zone to be 0.05 cm3 cm-3, a value commonly associated with residual saturation of
soils [Rawls et al., 1982]. Based on these estimates of porosity and volumetric water content, the
volumetric heat capacity of the unsaturated zone ranges from 0.147 to 0.222 cal cm-3 °C-1.
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It is important to recognize that the volumetric water content,  w , is a key variable in the
Stallman [1965] analyses, and is less well constrained at this site than other properties. To
evaluate the uncertainty in computed fluid velocities due to uncertainty in  w , we calculate
thermal conductivities, fluid velocities, and fluid velocity detection limits over a range of
feasible  w values.
Thermal conductivity of the unsaturated zone was estimated using dimensionless curves
developed by Stallman [1965], as discussed in section 3.2.1. Table 1 lists thermal conductivities
calculated based on thermographs from each of the four wells considered in the analysis. The
thermal conductivity is approximately linear with volumetric water content over the range of
water contents considered. This result is consistent with the commonly used theoretical model of
thermal conductivity in variably saturated soils developed by Johansen [1975].

4.1.3. VELOCITY DETECTION LIMIT
The fluid velocity detection limits, vdl, are calculated based on thermal properties calculated
for Lagunillas basin sediments. These values are interpreted as minimum detectable fluid
velocity; therefore, calculated velocity values below the detectable limited cannot be
distinguished accurately from zero velocity. LA-06 is the only station for which the calculated
velocity falls below the velocity detection limits. For stations LA-08, LA-09B, and LA-10, the
calculated velocities and corresponding fluxes can be calculated reliably from the borehole
thermographs. In determining the uncertainty of recharge rates for LA-06, we assume that the
flux lies somewhere between zero and vdl. The detection limits were evaluated over the same
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range of specified volumetric water contents as those used for the thermal conductivity
calculations, and are reported in Table 1.
4.1.4. CALCULATED RECHARGE RATES
The recharge rates are computed as the product of the fluid velocity and the volumetric water
content of the unsaturated zone. Computed values range from 2.13×10 -6 to 3.35×10-5 m d-1.
Stations LA-08, LA-09B, and LA-10, for which a nonzero recharge flux could be determined,
are clustered in the southern portion of the basin. The fluid velocity calculated at LA-06 falls
below the velocity detection limit. Therefore, the in-place recharge in the northern part of the
basin falls somewhere between zero and 5.97×10-6 m d-1for LA-06. Section 4.2.4.1 presents
upscaling calculations to derive volumetric in-place recharge from the recharge rates.
4.2. MOUNTAIN-FRONT RECHARGE

4.2.1. STREAMBED TEMPERATURE DATA
Streambed thermograph characteristics – in particular, the amplitude of daily fluctuations,
and the presence of long-term trends – are affected both by sensor depth and site-specific
characteristics. Figure 3 compares streambed thermographs collected at stations SB-RLL-04,
SB-ABA-03, and SB-QP-02. Station SB-RLL-04 is in a perennial stream, SB-ABA-03 is located
on an alluvial fan, and SB-QP-02 is located in an ephemeral channel downstream of a bedrock
constriction associated with faulting. Thermographs from all three stations show diminishing
temperature variability with depth. However, daily temperature fluctuations propagate to depth
more consistently at SB-RLL-04 than at the other two stations, which is indicative of advective
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heat transport associated with perennial streamflow and associated continuous channel
infiltration.

4.2.2. PRESENCE OF FLOW
All of the streambed thermographs shown in Figure 3 exhibit a response to storms during
January 2014, one of which produced daily rainfall in excess of 20 mm. Streambed temperatures
at multiple depths dropped quickly by 1-2 °C. In ephemeral channels, these thermograph
responses are used to define periods of streamflow.
Figure 4 illustrates the steps involved in MSD calculations conducted for SB-QP-02, a
streambed temperature station in an ephemeral stream channel. The presence of streamflow is
identified by periods during which the 24-hour MSD of temperatures measured below the
transition depth exceeds a flow threshold equal to the long-term average MSD multiplied by a
user-specified constant [Blasch et al., 2004]. This constant, also known as the flow-threshold
multiplier, is site-specific. In Figure 4c, the flow threshold for each depth is represented by a
dashed horizontal line for each sensor depth, using a value of 3.0 as an example value of the flow
threshold multiplier.
A reasonable range of values for the flow threshold multiplier was selected on the basis of the
thermograph data, and expected stormflow recession characteristics at the site. Given the
hydrologic setting, stormflow recession on the order of days is expected. Therefore, flow
threshold multipliers indicating stormflow recession on the order of weeks were deemed
unreasonable, and used to specify an upper bound on the range of value. The lower bound on the
flow threshold multiplier was evaluated as values below which flow was never indicated in the
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channel, even following large storms, and for periods during which inspection of the raw
thermograph clearly indicated advective heat transport.
A range of values from 2.5 to 3.5 was determined to be reasonable based on inspection of the
calculated flow duration over all of the sites. Presence of flow calculations were conducted using
this range of values for the flow threshold multiplier. The results are summarized in Table 2,
shown as the range of values of total flow duration for each station.
4.2.3. VERTICAL WATER FLUXES
Sensor pairings for vertical water flux calculations were selected based on the considerations
discussed in section 3.2.2.3. Table 2 lists the sensor pairings that were used for flux calculations
at each site. For illustration, we show in Figure 5 the steps comprising the flux calculation at
QP-02s. These include detrending and filtering the streambed thermographs, calculating the
amplitude ratio and phase shift, and calculating the vertical water flux and for periods of flow as
determined by the MSD procedure.
Figure 5 shows a noticeable response to rainfall in January 2014 in the streambed
thermograph; associated with this response are changes in the amplitude ratio and phase lag. In
particular, a phase lag slightly less than zero is calculated from thermographs prior to January
2014, meaning that the thermograph propagation into the streambed is very slow. A gradual
change in the phase lag coincides with the onset of January 2014 convective storms. The
response of the amplitude ratio is somewhat different, and is exhibited as sharp spikes that
correspond to individual storms.
4.2.3.1.

WINTER STREAMFLOW
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The MSD analysis (Figure 4) for QP-02 indicates the presence of flow during the austral
winter, from June through September, 2014, despite the absence of detectable rainfall. Both the
raw and filtered thermographs during this time period show the propagation of surface
temperature fluctuations to depths of 1 m. Based on the results of MSD and the magnitudes of
temperature fluctuations at depth in the streambed, we conclude that streamflow was present
during this time of year at QP-02.
We propose several factors to account for the presence of winter streamflow in Quebrada
Penjamo. First, station QP-02 is located downstream of a groundwater-fed wetlands complex.
The consumptive demands of wetlands vegetation are likely lower during the austral winter than
during the rest of the year. Furthermore, colder air temperatures reduce open-water and soil
evaporation from the wetlands area during this time. During most of the year, streamflow does
not reach QP-02. Reducing the losses from transpiration and soil evaporation are expected to
increase the amount of streamflow leaving the wetland. Snow accumulation and melting during
this time constitute an additional factor explaining the presence of winter streamflow. Peak
surface temperatures up to 10ºC were measured at QP-02 during June and July 2014. Under the
extreme daily temperature fluctuations in the altiplano, it is reasonable that newly fallen snow
would melt relatively quickly. Increased snowmelt, combined with reduced channel losses are
the most probable causes of winter streamflow in the absence of recent rainfall in Quebrada
Penjamo.
4.2.3.2.

FINAL FLUX TIME-SERIES

Calculations similar to those illustrated for QP-02 in Figure 5 were undertaken for all of the
streambed temperature monitoring stations, with the streambed porosity estimated to be 0.3 cm3
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cm-3. Figure 6 shows the flux time-series calculated for each of the streambed temperature
monitoring stations. The stations are grouped by their respective hydrologic and geomorphic
settings into three categories: perennial, ephemeral mountain-front (high channel gradient), and
ephemeral basin-floor (small channel gradient) sites. In Figure 6, positive flux values represent
exfiltration, and negative flux values represent infiltration.
Plots of vertical water flux time-series calculated from thermographs at stations RLL-01 and
RLL-04 (Figure 6a) contain several gaps during which fluxes are not displayed. These gaps do
not reflect periods during which the stream channels went dry. Rather, they reflect conditions
that led to thermograph characteristics that could not be interpreted with the flux calculation
procedure.
For RLL-04, a gap appears during late January and early February, 2014. During this period,
the amplitude of the surface temperature thermograph was less than the amplitude of the
thermograph recorded at 25 cm. This phenomenon occurs only once in the record, and may be
associated with movement of the surface temperature sensor, and possibly brief deposition of
fine sediment above the surface temperature sensor. Because it is possible that channel
infiltration occurred during the data gap, the results shown in Figure 6 constitute a
conservatively low estimate of cumulative flux at RLL-04.
For RLL-01, a gap appears during July and August, 2014. Flux calculations at RLL-01 use
thermographs recorded at the surface, and 45 cm depth; the latter is the shallowest sensor in the
streambed. During July-August 2014, the thermograph amplitude became negligible, rendering
calculation of fluxes unreliable. At other sites, similar problems were addressed by choosing
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sensor pairings sufficiently close to the surface that the thermograph amplitude was always
measureable; however, this option was not available for RLL-01.
The water flux time-series displayed in Figure 6 present some interesting patterns. First, the
upper reaches of Río Llacho – represented by RLL-01 and RLL-03 – show exfiltration, rather
than infiltration. These sites are located in a bedrock canyon and groundwater exfiltration is
thought to be derived from flow in fractured zones of the Sillillica Formation. By contrast, RLL04 is located on the basin floor, and is underlain by alluvial basin fill sediments. These results
show that the Río Llacho changes from a gaining to a losing stream upon crossing the contact
between the Sillillica Formation and the basin fill.
No channel infiltration was calculated from thermographs measured at sites QHR-01 or QCG02. For the remaining ephemeral channel sites, the duration of the flux time-series differs
between the ephemeral mountain-front sites (Figure 6c) and the ephemeral basin floor sites
(Figure 6d). Specifically, the duration of channel infiltration is much shorter for the mountainfront sites. Storms during January 2014 produce periods of channel infiltration less than a day in
duration for the ephemeral mountain-front sites, but lasting multiple days for the ephemeral basin
floor sites. This difference is likely due to the steeper channel gradients and smaller contributing
drainage areas of the mountain-front sites.
For each station, the flow duration and cumulative channel infiltration were calculated over
the range of values thought to be reasonable for the flow threshold multiplier and the streambed
porosity. Table 2 displays these summary statistics. The largest cumulative channel infiltration
occurs at RLL-04. Appreciable channel infiltration also occurs at QP-02 and QT-01. However,
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the recharge rates at these two sites are approximately two orders of magnitude lower than the
rate calculated for RLL-04.
4.2.4. SPATIAL UPSCALING ANALYSIS
Point measurements of vertical water fluxes were multiplied by associated surface areas to
provide estimates of volumetric in-place and mountain-front recharge. For in-place recharge, the
surface area of the alluvial basin floor is used for spatial upscaling. For mountain-front recharge,
the estimated wetted areas of different channels were used for spatial upscaling.
4.2.4.1.

IN-PLACE RECHARGE

The volumetric diffuse, or in-place recharge rate, Rdiff, is calculated as the recharge flux
multiplied by the area, Adiff, over which in-place recharge occurs:
Rdiff  v  w Adiff

(6)

This calculation is consequently affected by uncertainties in both the recharge flux v  w and
the surface area over which in-place recharge occurs. We calculate upper and lower bounds on
Rdiff considering uncertainties both Adiff and  w .
We define the area over which in-place recharge may occur to include quaternary alluvial
basin fill sediments and the Altos de Pica Formation. The Sillillica Formation and the salt-rich
sediments associated with the Salar de Lagunillas were excluded, on the basis of the assumption
that these geologic units are relatively impermeable and thus contribute very little to in-place
recharge. The recharge area was then subdivided into two zones: a northern zone represented by
water fluxes calculated for LA-06, and a southern zone represented by LA-08, LA-09B, and LA10. The surface areas of the northern and southern zones are 34 km2 and 11 km2, respectively.
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Uncertainty in the calculated recharge flux results mainly from uncertainty in the volumetric
water content of the unsaturated zone,  w . LA-06 provides the recharge flux representative of
the northern zone; however, the fluid velocity for LA-06 falls below the velocity detection limit.
The true recharge flux at LA-06 lies somewhere between zero and 5.97×10-6, the flux value
associated with the velocity detection limit at  w =0.1 cm3 cm-3. LA-08, LA-09B, and LA-10
provide the recharge flux representative of the southern zone. We calculate the average of the
fluxes from these three boreholes over a range of  w values. The resulting range of the annual
average basin floor recharge flux in the southern zone is 3.3×10-6 to 2.2×10-5 m d-1.
Based on the range of recharge fluxes described above, the volumetric recharge rate of the
northern zone ranges from zero to 200 m3 d-1. The volumetric recharge rate of the southern zone
ranges from 40 to 250 m3 d-1. Summing these two ranges, the volumetric recharge rate of the
entire Lagunillas basin ranges from 40 to 450 m3 d-1. It is worth noting that the range of values
calculated for the northern zone is similar to the range calculated for the southern zone.
Uncertainty on in-place recharge could therefore be greatly reduced by refining the range of flux
rates in the northern zone.
4.2.4.2.

MOUNTAIN-FRONT RECHARGE

Volumetric recharge rates from channel infiltration were calculated in four mountain-front
recharge zones: Río Llacho, Quebrada Penjamo, Quebrada Cerro Grande and the West
Lagunillas Alluvial Fans area (Figure 1). Río Llacho was further subdivided into two reaches: an
upper perennial reach, and a lower perennial reach. The boundary between the upper and lower
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reaches was determined as the maximum longitudinal extent of the flowing stream, identified in
satellite images acquired during a relatively dry period in 2007.
The volumetric mountain-front recharge rate for each zone is calculated by summing the
volumetric recharge within each 2-hour time interval over the total number of intervals, Nf, for
which the presence of flow has been identified.

1
Rmf 
Nd

Nf

 v  t A
i 1

i

wet

(7)

The summand in equation (7) is the total volumetric recharge calculated during the ith 2-hour
interval. The variable vi is the fluid velocity calculated by equation (4),  is the streambed
porosity, t is the interval length, equal to 2 hours in our analyses, and Awet is the wetted area of
the stream channel. Dividing the total volumetric recharge by the length of the record, Nd, yields
the average mountain-front recharge rate over the period of record.
It should be noted that equation (7) calculates the water flux as the product of the fluid
velocity and streambed porosity, rather than volumetric water content, as in equation (6). This is
based on the assumption that the streambed at the sensor depth is fully saturated during periods
of streamflow – a reasonable assumption given the relatively shallow sensor depths. As in the
case of in-place recharge, uncertainty is introduced to the calculation of mountain-front recharge
volumes due to uncertainty in the number of days of flow Nf, the streambed porosity  , and the
representative area Awet. Furthermore, it is expected that the spatial distribution of vertical water
fluxes across the streambed will be heterogeneous. Additional uncertainty is therefore introduced
due to the fact that it is not known how representative each point flux time-series will be of the
entire stream channel profile.
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To handle this final concern, pertaining to the representativeness of the point flux estimates,
we use a range of flux values calculated from multiple stations within each stream channel.
Table 2 shows the range of cumulative infiltration calculated for each station over a range of
values for streambed porosity. The minimum and maximum cumulative infiltration – considering
variability between sites and over a range of streambed porosity values – were then used to
provide upper and lower bounds on the cumulative infiltration for each of the mountain-front
recharge areas.
The representative area, Awet, is calculated as the product of the wetted length and channel
width. The wetted length and width were determined for ephemeral channels by identifying the
maximum flooded extent of stream channels from satellite imagery collected during a relatively
wet period in 2008. The feasible range of values for wetted channel width differed among the
stream channels studied. For example, in Quebrada Cerro Grande, the widths of wetted crosssections ranged from 5 m to 15 m. In Quebrada Penjamo, on the other hand, the widths of wetted
cross-sections ranged from 1 to 3 m.
Accounting for the ranges of both the measured channel infiltration and the wetted channel
areas, a range of volumetric recharge rates was calculated for each of the mountain-front
recharge zones. Table 3 summarizes the minimum and maximum volumetric recharge rates
calculated for each channel.
It should be noted that numerous smaller stream channels in the Lagunillas basin likely
contribute to mountain-front recharge via channel infiltration, but were not instrumented as part
of this study. Therefore, the total volumetric recharge rates reported in Table 3 are a
conservatively low estimate of total mountain-front recharge in the basin.

127

The range of the calculated total volumetric recharge rates is substantially broader for
mountain-front recharge (1,470 to 5,370 m3 d-1) than for in-place recharge (40 to 450 m3 d-1).
This is due primarily to uncertainty on the volumetric recharge rate for Upper Río Llacho, which
in turn derives from uncertainties in both the recharge flux and in the wetted channel area. Upper
Río Llacho is important in terms of mountain-front recharge because it flows year round, and
consequently, has a relatively long wetted channel length.
Summing the ranges of in-place and mountain-front recharge, we obtain the range of total
natural groundwater recharge in the Lagunillas basin as 1,510 to 5,820 m3 d-1. Dividing through
by the total volumetric precipitation produces an estimate of the fraction of precipitation that
becomes recharge. As a first approximation, applying the mean annual precipitation of 140 mm
measured on the basin floor over the entire basin area (184 km2) produces a maximum recharge
rate of 70,580 m3 d-1. Thus, the groundwater recharge calculated by this investigation is
approximately 2% to 8% of the total annual precipitation.

5. DISCUSSION
Analysis of borehole and streambed thermographs indicates the presence of appreciable
natural groundwater recharge in the Lagunillas basin. The reliability of calculated volumetric
recharge rates depends on the degree to which vertical water fluxes calculated at discrete points
are representative of conditions over a larger distributed area. The results from Quebrada Cerro
Grande were somewhat surprising, in that a greater quantity of channel infiltration was expected
for this stream channel based on field and satellite observations. Section 5.1 discusses results
from Quebrada Cerro Grande in greater detail. Section 5.2 synthesizes the results of this study,
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providing a preliminary assessment on the relative importance of in-place and mountain-front
recharge mechanisms in the Lagunillas basin.
5.1. INTERPRETATION OF RESULTS FROM QUEBRADA CERRO GRANDE
Inspection of the vertical water flux time-series (Figure 6) showed that, in general, the
permanence of fluxes was much greater for basin floor sites than for sites on the alluvial fans.
The data from Quebrada Cerro Grande, indicates the opposite. Fewer days of flow were
calculated for the Quebrada Cerro Grande stations (QCG-01 and QCG-02) than for either of the
alluvial fan stations (ABA-02 and ABA-03), and the range of volumetric recharge rates is lower
than the ranges calculated for Quebrada Penjamo and Río Llacho.
These results are inconsistent with field and satellite observations. Specifically, Quebrada
Cerro Grande is a broad stream with bed material consisting of coarse-grained sand. These
geomorphic characteristics indicate the presence of substantial streamflows and are in agreement
with satellite images acquired during 2001, which show bankfull widths in excess of 10 m in the
vicinity of QCG-01 and QCG-02. We propose several possible explanations for this apparent
inconsistency.
First, the study period coincided with relatively dry conditions in the Lagunillas basin. Daily
rainfall records from the Lagunillas (Pampa Lirima) station, maintained by DGA, were compiled
from 1982 to present. The annual precipitation measured during 2014 was 63.1 mm, well below
the average value of 140 mm over the period of record. We also quantified annual precipitation
intensity over the period of record as the number of days with daily rainfall in excess of 2.5, 5.0,
and 7.5 mm. By all three metrics, the precipitation intensity during 2014 was observed to be
substantially lower than typical values over the period of record. It is possible that Quebrada
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Cerro Grande experiences large streamflows, but only following larger, more intense storm
periods that do not occur every year.
The sensor arrays were installed in areas that appeared to coincide with the channel thalweg.
However, geomorphic controls on the thalweg location at both sites were minimal; thus, a second
possible explanation is that the channel thalweg migrated away from the temperature sensor
arrays at QCG-01 and QCG-02. Thalweg migration, in concert with relatively minor storm
flows, may have greatly reduced streamflows at the temperature monitoring stations, in
comparison with typical conditions. Continued temperature monitoring at QCG-01 and QCG-02
will provide insight into stormflows and channel infiltration in Quebrada Cerro Grande.
5.2. RELATIVE IMPORTANCE OF RECHARGE MECHANISMS
The upper limit on in-place recharge is considerably smaller than the lower limit on
mountain-front recharge, highlighting the importance of mountain-front recharge, at least during
this study year. The results of this study show that in-place and mountain-front recharge
contribute at least 40 and 1,470 m3 d-1, respectively. These recharge estimates are conservatively
low. In particular, the long-term average mountain front recharge is probably greater than 1,470
m3 d-1 for two important reasons. First, the study period coincided with unusually dry weather
conditions. Second, numerous minor stream channels are present in the Lagunillas basin, for
which channel infiltration rates were not measured during this study. Based on these two
considerations, it is reasonable to conclude that the volumetric mountain-front recharge rate in
the Lagunillas basin is probably at least three times greater than the volumetric in-place recharge
rate.
6. CONCLUSION
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This objective of this research was to quantify the contribution of in-place and mountainfront recharge mechanisms to natural recharge in the Lagunillas Basin, Chile. Based on the
dramatic surface temperature fluctuation throughout the year, field investigations of natural
recharge were designed using temperature as a natural tracer to quantify water flux. Subsurface
temperature monitoring stations were established to collect time-series temperature data in both
existing monitoring wells, and both perennial and ephemeral stream channels. The presence of
streamflow was identified based on a Moving Standard Deviation (MSD) [Blasch et al., 2004]
analysis of streambed thermographs. Vertical fluid velocities and associated water fluxes were
calculated using analytical solutions to the heat transport equation [Stallman, 1965; Luce et al.,
2013]. These methods make use of the amplitude diminution and phase lag associated with
thermographs collected at increasing depth in the subsurface.
Results of thermograph analyses indicate that mountain-front recharge is more important than
in-place recharge in the Lagunillas basin. This finding is consistent both with previous studies of
groundwater recharge in arid and semi-arid environments [Wilson and Guan, 2004], and with
previous hydrogeologic conceptual models of the Lagunillas basin [Montgomery and Associates,
2013]. However, analyses of the streambed temperature data led to several unexpected findings.
First, winter streamflow is present in Quebrada Penjamo, an ephemeral stream channel for which
flow was previously thought to occur only in response to convective storms. Second, minimal
streamflow was detected in Quebrada Cerro Grande following storm periods in January 2014,
despite the expectation that substantial streamflow would occur in this ephemeral channel.
Finally, it should be noted that while mountain-front recharge was found to be more important
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than in-place recharge, the latter may contribute as much as one-quarter of the total recharge, and
cannot be neglected as a component of the groundwater budget in the Lagunillas basin.
The findings of this study have several important implications for the conceptualization of
altiplanic groundwater basins. Both mountain-front and in-place recharge rates are measureable;
however, mountain-front recharge may be substantially greater than in-place recharge rates. The
results reported here show that volumetric mountain-front recharge rates in the Lagunillas basin
are at least three times greater than in-place recharge rates. Differences in the magnitude of
recharge by each mechanism are associated with Río Llacho, a perennial stream draining a
snowmelt-fed, mountainous catchment. Thus, better characterizing this drainage could greatly
contribute to improved quantification of mountain-front recharge in the Lagunillas basin.
This study provided approximate upper and lower limits on mountain-front and in-place
recharge mechanisms. Uncertainty in mountain-front recharge estimates could be reduced by
better constraining streambed porosity, channel width and length, and stormflow onset and
duration. Modifying the stations used in this study to include volumetric water content
measurements could provide a second line of evidence with regard to the presence of
streamflow, and furthermore could be used to better constrain the streambed porosity during
periods of flow. The reliability of the spatial upscaling procedure could be addressed by coupling
point flux measurements with reach-integrated measurements such as differential streamgaging
[e.g. McCallum et al., 2014]. Uncertainty in the diffuse, or in-place recharge estimates could be
reduced by better constraining the volumetric water content of the vadose zone.
To our knowledge, this is the first study using temperature methods to characterize
groundwater recharge in altiplanic basins. Results of this study indicate that temperature
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monitoring is suitable to identify the presence of streamflow, and to quantify vertical water
fluxes both in streambeds and in the unsaturated zone. However, the degree of interannual
climate variability suggests that these studies should be continued for several years to determine
sustainable yields for altiplanic basins.
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FIGURES
Figure 1: Surface water features in the Lagunillas basin, and locations of streambed
and borehole temperature monitoring stations
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Figure 2: Temperature profiles collected at borehole temperature stations during 2013-2014.
Solid horizontal line with triangle represents groundwater level in each well. Depth to water
in LA-08 is approximately 60 m. Dashed horizontal lines are drawn at 10 m and represent the
approximate temperature extinction depth
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Figure 3: (a) Daily rainfall and streambed thermographs measured at (b) SB-RLL-04, (c) SBABA-03, and (d) SB-QP-02
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Figure 4: Illustration of steps involved in Moving Standard Deviation (MSD) procedure to
determine the presence of flow based on streambed thermographs recorded at SB-QP-02. (a)
Daily rainfall, (b) 24-hour moving mean temperature, (c) 24-hour moving standard deviation of
temperature, and (d) depth in streambed for which flow was determined to be present. Dashed
horizontal lines in panel (c) represent the flow threshold used to identify the presence of flow
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Figure 5: Illustration of steps involved in calculations of vertical water flux for streambed station
QP-02. (a) Daily rainfall, (b) raw streambed thermograph, (c) filtered streambed thermograph,
(d) calculated amplitude ratio and phase lag from filtered thermograph, and (e) calculated water
flux
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Figure 6: (a) Daily rainfall, and water flux time-series calculated from thermographs
measured at streambed temperature monitoring stations for (b) perennial sites, (c) ephemeral
mountain-front sites, and (d) ephemeral basin floor sites. In Figure 6d, the black horizontal
line is drawn at zero flux to facilitate interpretation of positive (exfiltration) vs. negative
(infiltration) fluxes
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TABLES
Table 1: Thermal conductivity values, fluid velocities, and fluid velocity detection limits
calculated over a range of volumetric water content values, based on thermographs collected at
each borehole temperature station
Volumetric water content,  w [cm3 cm-3]
Volumetric heat capacity, c 
[cal cm-3 ºC-1]
LA-06
Thermal
LA-08
Conductivity, k
LA-09B
[cal sec-1 cm-1 ºC-1]
LA-10
LA-06
LA-08
Fluid velocity, v
[m d-1]
LA-09B
LA-10
LA-06
Fluid velocity
LA-08
detection limit, vdl
LA-09B
[m d-1]
LA-10

 w =0.025

 w =0.05

 w =0.075

 w =0.1

0.147

0.172

0.197

0.222

9.29×10-4
3.24×10-3
2.30×10-3
1.83×10-3
2.11×10-5
8.53×10-5
1.10×10-4
1.97×10-4
4.92×10-5
9.18×10-5
7.73×10-5
6.89×10-5

9.95×10-4
3.47×10-3
2.46×10-3
1.96×10-3
3.16×10-5
1.28×10-4
1.66×10-4
2.95×10-4
5.27×10-5
9.84×10-5
8.28×10-5
7.39×10-5

1.06×10-3
3.70×10-3
2.62×10-3
2.09×10-3
3.37×10-5
1.36×10-4
1.77×10-4
3.15×10-4
5.62×10-5
1.05×10-4
8.84×10-5
7.88×10-5

1.13×10-3
3.93×10-3
2.79×10-3
2.22×10-3
3.58×10-5
1.45×10-4
1.88×10-4
3.35×10-4
5.97×10-5
1.12×10-4
9.39×10-5
8.37×10-5
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Table 2: Summary of flow duration and cumulative infiltration calculated from streambed
thermographs collected in ephemeral and perennial stream channels

Station
SB-ABA-02
SB-ABA-03
SB-QHR-01
SB-QCG-01
SB-QCG-02
SB-QP-01
SB-QP-02
SB-PMPALLO-01
SB-QT-01
SB-RLL-01
SB-RLL-03

Sensor depths,
centimeters
25, 45
60, 80
55, 75
70, 95
70, 95
40, 60
35, 55
55, 75
35, 75
0, 45
0, 60

SB-RLL-04

0, 45

a

Flow duration,
daysa
7.2 - 9.3
5 - 8.3
0.8 - 4.8
0 - 4.7
0.6 - 6.1
8.8 - 14.3
19.8 - 41.6
0.2 - 3
11.6 - 25.8
----

Cumulative infiltration
Reference
Rangeb,
valuec,
meters
meters
0.27 - 0.44
0.34
0.13 - 0.21
0.15
0.0 – 0.0
0
0-0
0
0.01 - 0.17
0.1
0.24 - 0.78
0.48
1.59 - 5.43
2.48
0.01 - 0.2
0.07
1.64 - 5.67
2.99
----104.62 146.46
125.54

Minimum and maximum values correspond to flow threshold multipliers equal to 2.5 and 3.5,
respectively
b
Minimum and maximum values calculated using flow duration range in previous column, and
assumed porosity ranging from 0.25 to 0.35
c
Reference value calculated using flow duration multiplier equal to 3.0, and porosity equal to 0.3
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Table 3: Summary of calculated volumetric recharge rates from infiltration in selected stream
channels, Lagunillas basin
Volumetric recharge rate, in
cubic meters per day

Upper Rio Llacho
Lower Rio Llacho
Quebrada Penjamo
Quebrada Cerro
Grande
West Lagunillas
Alluvial Fans
Total
a

Channel
length, in
meters
2,570
1,080
2,250

Range of channel
widths, in meters
2-5
2-5
1-3

Computed
rangea
1,470 – 5,160
0 - 80
0 - 100

Reference
valueb
3,090
20
20

3,480

5 - 15

0 - 20

10

2,920

1-3

0 - 10
1,470 – 5,370

0
3,140

Computed using minimum and maximum values of channel width and range of cumulative infiltration from
Table 2
b
Computed using average channel width and reference cumulative infiltration from Table 2
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APPENDIX C. MULTIPLE MODEL UNCERTAINTY ASSESSMENT OF GROUNDWATER
RECHARGE: AN APPLIED CASE STUDY
Kikuchi, C.P., and T.P.A. Ferré (2015), Multiple Model Uncertainty Assessment of Groundwater
Recharge: An Applied Case Study, in preparation
ABSTRACT
Sustainable groundwater resource management requires robust estimates of natural groundwater
recharge rates. However, field and modeling techniques for quantifying groundwater recharge
are subject to substantial uncertainty, with corresponding implications for groundwater resource
management. In this study, a modeling-based framework for quantifying groundwater recharge
uncertainty is developed and applied to a case study in the Lagunillas Basin, a closed hydrologic
basin in northern Chile.
In the first phase of this study, the initial groundwater recharge uncertainty was assessed.
Specifically, multiple hydrogeologic conceptual models were developed for the basin, and a
steady-state numerical groundwater flow model was constructed for each conceptual model. The
numerical models included parameterization of groundwater recharge rates in selected model
zones. Next, Null-Space Monte Carlo (NSMC) analyses were undertaken for each model to
estimate the range of feasible zonal recharge rates conditional on non-pumping, baseline
groundwater levels. Finally, the NSMC results for the different conceptual models were
combined, quantifying the effect of both conceptualization and parameter uncertainty on
recharge uncertainty.
In the second phase of the study, recent empirical field measurements of mountain-front recharge
rates were used as prior information to refine the recharge uncertainty distribution obtained
under the first phase of the study. Several schemes for weighting the recharge prior information
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were implemented, each reflecting different levels of confidence on the reliability of direct
recharge measurements.
Novel aspects of this study include the combination of NSMC samples over multiple conceptual
models, and a systematic investigation of how prior weighting schemes affect the updated
parameter distributions. The results of this study provide important guidance for future multiple
model groundwater resource uncertainty assessments, and for incorporating empirical parameter
measurements as prior information in the NSMC procedure.
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1. INTRODUCTION
Groundwater recharge is fundamental to the groundwater balance, and as a boundary condition
for numerical simulation of groundwater flow. However, quantifying recharge in practice
presents many technical difficulties. Field techniques developed to quantify recharge [e.g.
Scanlon, 2004; Stonestrom et al., 2007; Ajami et al., 2011] in arid and semi-arid areas must face
the difficulty of dealing with tremendous spatial and temporal variability for both focused
channel infiltration [Shanafeld and Cook, 2014] and diffuse, in-place recharge [Houston, 2009].
Inverse groundwater modeling is sometimes employed to complement field-based estimates of
groundwater recharge [Sanford, 2002, Dickinson et al., 2004]. Simultaneous estimation of
aquifer hydraulic properties and recharge on the basis of head measurements alone is inherently
an ill-posed problem. Incorporation of groundwater flux data – such and groundwater discharge
to streams [Arnold et al., 2000] or groundwater age data [Reilly et al., 1994; Sheets et al., 1998]
can improve the reliability of inverse groundwater recharge estimation. If such data are not
available, however, application of inverse methods to estimate groundwater recharge yields a set
of non-unique hydraulic conductivity and recharge fields, each of which produces an acceptable
fit to observed groundwater level data.
For applications in which groundwater recharge must be known with certainty, this outcome will
generally be unacceptable. On the other hand, the set of non-unique parameter sets which may be
produced by inverse estimation of recharge, if properly analyzed, can provide an approximation
of the current state of uncertainty on groundwater recharge. Then, as flux or groundwater age
data are acquired, the magnitude of recharge uncertainty should in principle be reduced. The
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extent to which additional data collection can reduce recharge uncertainty is one way by which
the worth of data can be characterized.
In this study, inverse estimation of groundwater recharge as described above is undertaken with
two objectives in mind. The first is to approximate the initial uncertainty on groundwater
recharge using inverse groundwater modeling. The specific technique is known as Null-Space
Monte Carlo (NSMC) [Tonkin and Doherty, 2009], and makes explicit use of the fact that nonunique parameter solutions can be used to quantify model prediction uncertainty. The uncertainty
on recharge is even more robust if the analysis is not restricted to a single conceptual model, but
instead considers alternate conceptual models that are deemed to be reasonable according to the
assessment of expert hydrogeologists.
The second objective of this study is to quantify the worth of field-based estimates of channel
infiltration as the reduction in uncertainty on total basin recharge associated with the acquisition
of those estimates. To summarize, we conduct two uncertainty assessments – one before, and one
after including field-based recharge estimates in the inverse modeling procedure. The difference
between the two uncertainty assessments can be attributed to acquisition of the field data.
We implement this methodology in a real-world case study of groundwater recharge in the
Lagunillas basin, a hydrologically-closed (endorheic) basin in the Atacama Desert, Chile. These
efforts build upon previous hydrogeologic conceptualization and numerical groundwater flow
model development in this basin [M&A, 2007] and field investigations to quantify channel
infiltration rates in both perennial and ephemeral streams [Kikuchi and Ferré, 2015].
2. SITE DESCRIPTION
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The Lagunillas basin (Figure 1) is an internally-drained basin in the Tarapacá region of northern
Chile, located at approximately 20º00’ S. Elevation ranges from 4,000 to 4,800 meters (m) above
mean sea level, and the basin area is 184 square kilometers (km2). Groundwater recharge in the
Lagunillas basin occurs primarily as focused mountain-front recharge along the basin margin,
with a smaller quantity of recharge occurring through the surrounding mountain block and as
diffuse in-place recharge. Groundwater in the Lagunillas basin discharges to the Salar de
Lagunillas as spring discharge at the margins of the relatively impermeable salt-encrusted
sediments underlying the salar.
Alluvial basin fill sediments occupy a structural depression bounded by the volcanic Sillillica
and Altos de Pica formations. The alluvial basin fill sediments are the primary water-bearing unit
in the basin, and are up to 300 m thick. Aquifer properties were initially estimated from
hydraulic testing, and mountain-front recharge rates based on the altitude and drainage area of
tributary sub-basins. The geometry and hydraulic properties of hydrogeologic units in the
Lagunillas basin has been characterized through extensive well drilling and groundwater
exploration, culminating in the development of a detailed hydrogeologic conceptual model and
numerical groundwater flow model of the basin.
Groundwater levels prior to the onset of pumping in the early 1990s are available at 11
monitoring wells. Initial estimates of aquifer hydraulic properties and groundwater recharge were
adjusted as part of the calibration process for the model under steady-state conditions to match
pre-development groundwater levels. The resulting recharge estimates reflect long-term average
recharge conditions. Field investigations of mountain-front and in-place groundwater recharge in
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the Lagunillas basin were initiated in 2013, and are described in greater detail by Kikuchi and
Ferré [2015].
It should be noted that the period of record for estimates of mountain-front recharge coincides
with relatively dry weather conditions. Therefore, field-based estimates mountain-front recharge
rates used in this study are thought to be slightly less in magnitude than the true, long-term,
average mountain-front recharge rates. Figure 2 compares of mountain-front recharge – grouped
by zones from the numerical model – against those previously estimated during model
calibration. Field estimates of mountain-front recharge in zones B-D are rather small in
comparison with previous model-based estimates, whereas the recharge in zone A is much
larger. Zone A is the largest of the mountain-front recharge zones in the model, such that the
estimate of mountain-front recharge in zones A-D derived from 2013-2014 field observation is
actually larger (3,300 cubic meters per day (m3/d)) than the estimate based on the calibrated
groundwater flow model (3,000 m3/d). This difference is attributed to the relative importance of
recharge zone A, which includes a snowmelt-fed perennial stream.
3. METHODS
3.1. NULL-SPACE MONTE CARLO ANALYSIS
Given the complexity of hydrogeologic systems, it is common and indeed expected to find that
multiple parameterizations exist that produce acceptable good fit to observed hydraulic heads,
especially if recharge is estimated simultaneously with the hydraulic conductivity field.
Parameterizations that differ from the calibrated parameter set, but still produce acceptable fit to
data as quantified by the sum of squared weighted residuals (SSWR), can all be considered to be
valid when constrained by the existing data. But, they differ in ways that are not constrained by

154

the data. These unconstrained characteristics are known as the null space [Tonkin and Doherty,
2009]. Recent work has shown that exploration of these characteristics using null space
parameterization [Doherty, 2010a] can be an effective way to quantify the uncertainty of
important model predictions. For each of the three conceptual models considered in this study,
we conducted a Null-Space Monte Carlo (NSMC) analysis by generating a set of null space
parameter sets that are acceptably close to the minimum SSWR. We then examined the longterm in place recharge associated with each of these acceptable parameter sets.
The NSMC procedure as described by Doherty [2010a] consists of three steps. First, random
samples are drawn from the parameter space following the user-specified sampling distribution,
and the parameter sensitivity matrix is calculated in the vicinity of the best-fitting parameters.
Second, those samples are projected into the null space based on the sensitivity matrix calculated
in the first step. Third, the SSWR is calculated based on model predictions corresponding to each
parameter set. If the SSWR is within the acceptable range, the model was accepted without
modification. If the SSWR is too large, parameter values are adjusted by a secondary calibration
step in an attempt to move the model within the acceptable SSWR range and the modified
parameter values were used for analysis. If the SSWR cannot be reduced sufficiently or if the
resulting discrepancy in the volumetric water budget is unacceptably high, the parameter
realization is discarded.
For a model that is linear in the parameters, the parameter sensitivity matrix will be invariant
across the entire parameter space, and the third step in the process described above will be
unnecessary. If the model is nonlinear, the sensitivity matrix at arbitrary locations in the
parameter space may differ from the matrix calculated in the vicinity of the best-fitting
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parameters. For this reason, a secondary re-calibration step is required to move parameter
samples back into agreement with the observed data. Glenz [2013] demonstrated that even under
a very simple nonlinear model structure, the three-step procedure described above may not
produce samples that fully sample the null subset of the parameter space.
As an alternate approach, Glenz [2013] proposed the use of a sequential NSMC procedure,
wherein the sensitivity matrix is evaluated at each sample point. This approach is more
computationally expensive than the traditional NSMC procedure, but is expected to produce
parameter sets that more fully sample the null space. The sequential NSMC modification was
implemented in this study.
The operations in the sequential NSMC procedure were executed using utilities that are
distributed as part of the PEST software [Doherty, 2010b]. Table 1 lists the parameters that were
varied in the analysis, including their upper and lower bounds. For each conceptual model, 500
parameterizations were randomly drawn from the parameter space. The SSWR corresponding to
the existing calibrated model was 7.68. An acceptable range for SSWR of the NSMC samples
was defined as less than 15, approximately twice the initial value.
3.2. ALTERNATE CONCEPTUAL MODELS
Two alternate hydrogeologic conceptual models of the Lagunillas basin were developed as part
of this study. This section describes the implementation of two alternate conceptualizations, CM02 and CM-03. For each conceptual model, the NSMC analysis, as described in section 2.1, was
conducted to evaluate the effect of parameter uncertainty on total basin recharge uncertainty.
3.2.1. CONCEPTUAL MODEL 2 (CM-02): BASIN-FILL SEDIMENT THICKNESS
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A geophysical survey – including transient electromagnetic (TEM) and ground-based gravity
measurements – was conducted in the Lagunillas basin during 2013 [SouthernRock Geophysics,
2013]. This study included interpretation of gravity data to infer basin-fill sediment thickness in
various areas of the Lagunillas basin. Figure 3b shows the locations of gravity survey lines in
relation to groundwater model zones. Revisions to the existing Lagunillas Basin groundwater
flow model under CM-02 are based on modifying the basin-fill sediment thickness in two of the
zones investigated during the gravity survey.
Lithologic samples collected as cuttings while drilling monitoring wells [M&A, 2007] in the
vicinity of the gravity survey lines suggest that basin fill sediment thickness ranges from 120-140
m. The results of the gravity survey and interpretation indicate that basin-fill sediment thickness
ranges from 25-115 m in both the Lirima and Central Lagunillas areas. In both of these areas, the
interpretation of gravity data suggest that the bedrock-sediment interface consists of a rounded
depression with average depth of approximately 100 m below land surface. Thus, CM-02 tests
the hypothesis that the geologic strata encountered while drilling monitoring wells reflect
irregularities in the bedrock-sediment interface rather than a regional-scale structural geologic
trend.
The numerical model was revised according to these data. Specifically, the zonation scheme of
the groundwater model was adjusted to raise the bedrock-sediment interface, as implemented in
the model. Figure 3d illustrates how the zonation scheme was adjusted in the Lirima area. In the
original Lagunillas basin groundwater model, zone 5 in model layer 4 represents the deepest
basin-fill sediments in the Lirima area. The land surface elevation in this area is approximately
4,050 m above mean sea level. The base of model layer 4 is 3,910 m above mean sea level.
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Thickness of the basin-fill sediments in this area is approximately 140 m, as represented in the
original groundwater model. For CM-02, cells in model layer 4 of the Lirima area were
reclassified from zone 5 to zone 1. As a result, for CM-02, zone 5 in layer 3 represents the
deepest basin-fill sediments in this area of the model. The base of model layer 3 is 3,950 m
above mean sea level; therefore, the new zonation scheme imposes basin-fill sediment thickness
of approximately 100 m, in accordance with interpretations of the gravity surveys.
For the South Lagunillas area, the model was adjusted using a procedure similar to the one used
for the Lirima area. Figure 3d illustrates how the zonation scheme was adjusted in the South
Lagunillas area. In the original model, zone 9 in model layer 4 constitutes the deepest basin-fill
sediments in the Lirima area. The land surface elevation in this area is approximately 4,050 m
above mean sea level, and again the base of model layer 4 is 3,910 m above mean sea level. As
for the Lirima area, thickness of basin-fill sediments in the South Lagunillas area is
approximately 140 m, as represented in the original groundwater model. For CM-02, cells in
model layer 4 of the South Lagunillas area were reclassified from zone 9 to zone 1. As a result,
zone 9 in model layer 3 now represents the deepest basin-fill sediments in this area of the model.
3.2.2. CONCEPTUAL MODEL 3 (CM-03): PERMEABLE FRACTURED ZONE OF
THE SILLILLICA FORMATION
The basin-fill basin sediments in Lagunillas basin are surrounded by less permeable volcanic
rocks; in particular, the Sillillica formation surrounds most of the basin-fill basin. Previous
hydrogeologic studies [Hargis and Montgomery, 1982b; M&A, 2007] have suggested zones of
enhanced permeability within the Sillillica formation. The hills to the west of the Lagunillas
basin are primarily of the Sillillica formation, and are separated from the basin-fill sediments by
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a prominent north-northeast trending fault. A third hydrogeologic conceptual model, CM-03,
hypothesizes that this area of the Sillillica formation contains zones of fractured, more permeable
rocks providing additional area for groundwater flow from Pampa Pénjamo to Pampa Lagunillas.
The original Lagunillas groundwater model includes a sharp contrast between the more
permeable basin-fill basin sediments, and less permeable volcanic rocks, represented by zone 1
in the model. CM-03 includes an additional hydraulic conductivity zone – zone 14 – representing
the area of volcanic rocks immediately to the west of the fault at the western boundary of the
basin-fill basin sediments between Pampa Pénjamo and Pampa Lagunillas. Figure 3c shows the
areal extent of zone 14; this zone occupies the same areal extent throughout the top three layers
of the groundwater model domain. Uniform values of horizontal and vertical conductivity are
imposed for zone 14 across the top 3 model layers.
3.3. QUANTIFYING RECHARGE UNCERTAINTY REDUCTION DUE TO FIELDBASED RECHARGE ESTIMATES
The NSMC analyses were undertaken twice for each conceptual model: once using only the
measured pre-development groundwater levels as calibration data (initial), and again using both
the pre-development groundwater levels and recharge measurements (update). Recharge
measurements – upscaled to the spatial scales of interest using procedures described by Kikuchi
and Ferré [2015] – were incorporated as prior information in the secondary NSMC analyses. The
effect of the direct recharge measurements on total basin recharge uncertainty can be evaluated
by comparing the distributions on total basin recharge from the paired NSMC runs with and
without consideration of the recharge measurements.
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3.3.1. INCORPORATING UPSCALED RECHARGE ESTIMATES AS PRIOR
INFORMATION
Calibration of hydrologic models typically entails adjusting model parameters in order to
produce model-simulated equivalents that are in close agreement with observations of system
state and fluxes (e.g. hydraulic heads and base flow to stream or groundwater age). If the sole
objective is to achieve a good model fit to the data, then the residuals used to calculate the
SSWR are based on model-data mismatch. In some cases, prior information on the model
parameters may be available, for example from hydraulic testing. If this prior information is
deemed reliable, then departures of the estimate parameters from prior parameter values may
also be included in the SSWR. This formulation of the SSWR ensures not only that the
parameter solution obtained during calibration provides a good fit to observations of system state
and fluxes, but also adheres to the current state of understanding with regard to system
parameters.
In this analysis, zonal recharge rates are inversely estimated both during the initial calibration
step, and during the secondary calibration step in the NSMC procedure. During the update
NSMC step as described above, estimates of zonal recharge rates as derived by Kikuchi and
Ferré [2015] were incorporated as prior information. In the update step, the inverse modeling
process therefore seeks not only to match pre-development hydraulic heads, but also to provide
zonal recharge rates that are reasonably close to the field-derived values.
Including prior information during inverse modeling requires that appropriate weights be
assigned to the prior. Theoretically, the weights associated with both system state observations
and prior information should be inversely proportional to the measurement error variance [Hill
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and Tiedeman, 2007]. In practice, however, this may either cause prior information to dominate
the SSWR under some circumstances, or have negligible effect under other circumstances. From
a practical standpoint, it will be necessary to iteratively evaluate the relative contribution of the
prior information and system state observations and adjust the prior weights [Doherty, 2010b.
In this study, we developed a preliminary prior weighting scheme based on a qualitative
assessment of potential error in zonal recharge estimates. This assessment included factors such
as the variability in fluxes among points in a given stream channel and the range of calculated
fluxes based on thermograph interpretation at a given point. We then conducted two sets of
NSMC analyses on the three conceptual models, each with a different weight assigned to the
prior. This analysis is intended to determine the sensitivity of the updated recharge uncertainty
distribution to the somewhat subjective choice of prior weighting scheme.
3.3.2. SCHEMES FOR COMBINING PARAMETER SETS FROM MULTIPLE
CONCEPTUAL MODELS
The ultimate goal of this analysis is to provide a single assessment of basin recharge uncertainty
considering both hydrogeological concept and parameter uncertainty. In order to accomplish this
goal, the recharge distributions under each conceptual model need to be combined. Ideally,
distributions should be combined in a way that the more probable hydrogeologic
conceptualizations receive greater representation in the combined samples
We implemented three schemes for combining the NSMC samples from the different conceptual
models: equal weights (EW), pooled best samples (PBS), and approximate Bayesian Model
Evidence (BME). Under the EW scheme, the top 325 parameter realizations were drawn from
each of the conceptual models, resulting in 975 total realizations. Under the PBS schemes, the
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realizations under each conceptual model were pooled, and the top 975 realizations drawn
regardless of the conceptual model from which the realization was drawn. Finally, the
approximate BME scheme calculates the probability of each conceptual model based on the
goodness of fit to data. This approach was developed previously in multiple-model groundwater
studies by Rojas and others [2010].

4. RESULTS
The total basin recharge was extracted from the volumetric water budget of the groundwater
model for each feasible NSMC parameter set under each hydrogeologic conceptual model. By
comparing the updated uncertainty on total basin recharge against the initial uncertainty, we can
determine the overall effectiveness of direct recharge measurements.
4.1. INITIAL AND UPDATED DISTRIBUTIONS OF TOTAL BASIN RECHARGE
Figure 4 displays histograms illustrating the initial and updated distributions of total basin
recharge calculated using different parameter sets under each conceptual model. Hollow bars
represent the initial parameter samples, and colored bars represent the updated parameters
samples, after incorporating recharge measurements as prior information. The maximum
likelihood values on total basin recharge – that is, the values corresponding to the highest density
of NSMC samples – are somewhat lower under all three conceptual models than the previous
estimated recharge value. For all three conceptual models, incorporating the direct recharge
measurements as prior information had the effect of concentrating the density on total basin
recharge, or reducing the overall recharge uncertainty.
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EFFECT OF PRIOR INFORMATION WEIGHTING SCHEME
Figure 4 shows the effect of the two prior weighting schemes on the recharge distributions
derived from NSMC analysis. In general, updating the results with prior information on recharge
has the effect of concentrating the samples at approximately the previous estimated value of total
basin recharge. The relatively long tails exhibited by the initial distribution are reduced under
both prior weighting schemes. Further analysis showed that this is associated with zonal recharge
rates in zones B-D that have been reduced due to prior information in those zones.
Under prior scheme B, each weight is twice the weight under prior scheme A. Prior scheme B
has the effect of concentrating the recharge distribution somewhat more than under prior scheme
A. The larger weights under prior scheme B would reflect a higher degree of confidence in the
field-derived recharge rates. That being said, differences in the recharge distributions between
the two prior weighting schemes are not large. Furthermore, figure 4 shows that the recharge
distributions under each of the three conceptual models are very similar. This result is attributed
to the fact that while three conceptual models are used in this study, the model structures are not
“too different”. Indeed, revisions to alluvial sediment thickness under CM-02 could be
compensated through adjustment of the horizontal hydraulic conductivity. Similarly, the
hypothesized permeable zone of the Sillillica Formation under CM-03 increases the number of
model parameters but will not necessarily impact the groundwater budget.
4.2. EFFECT OF MODEL COMBINATION SCHEME
Figure 5 illustrates histograms on total basin recharge obtained under each of these model
combination schemes. Hollow bars represent the initial recharge distribution, and colored bars
represent the updated recharge distributions. Both initial and updated recharge distributions are
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quite similar over the different schemes for combining the model conceptualizations. This is due
to the similar NSMC samples obtained under each conceptual model, as discussed above.
Empirical distribution functions (EDF) were calculated based on the NSMC results
obtained under each conceptual model. An EDF describes approximately the cumulative
probability that the variable of interest – such as total basin recharge – is less than or equal to a
given value. EDF plots provide a useful way to visualize the probabilities of total basin recharge
values as calculated by groundwater model simulations. Furthermore, these plots can be used to
graphically identify confidence intervals surrounding a variable of interest - in this case, total
recharge. Figure 6 shows the empirical distributions of total basin recharge values calculated by
groundwater model simulations, and their respective posterior probabilities under each of the
three conceptual models. Figure 7 shows the empirical distributions of total recharge values
using the EW, PBS, and AMP schemes described above to combine samples from the different
conceptual models.
In figures 6 and 7, the vertical dashed lines correspond to 90% confidence intervals on total basin
recharge. The preliminary results show that the total basin recharge falls between approximately
2,000 and 17,000 m3 d-1 with 90% confidence. Comparing the results obtained using the different
model combination schemes, the widths of the 90% confidence intervals narrowed by
approximately 6,000 m3 d-1, or by approximately 27%. The combined results shown in figures 6
and 7 provide a final evaluation of the range of possible total basin recharge values, given the
currently available data and the range of plausible hydrogeologic conceptualizations.
5. CONCLUSION
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This research provides an inverse modeling-based analysis of groundwater recharge uncertainty.
Efforts to quantify groundwater recharge uncertainty included evaluating the effects of
uncertainty in both hydrogeologic conceptualization and groundwater model parameterization on
model-calculated recharge. Two alternate hydrogeologic conceptualizations were developed for
the Lagunillas basin, based upon previously conducted hydrogeologic and geophysical studies.
For each model, a Null Space Monte-Carlo analysis was undertaken to evaluate the effects of
parameter uncertainty on calculated recharge. Finally, field-based recharge estimates were
integrated with the model-based uncertainty analyses to quantify the uncertainty reduction that
can be attributed to field data collection and analysis efforts. The results show that incorporating
direct recharge measurements reduced the width of the 90% confidence interval on total basin
recharge by approximately 27%.
The framework for updating the uncertainty distribution on total basin recharge described here is
general, and can be repeated with continued refinements to estimates of both in-place and
mountain-front recharge. For example, continuing to collect data on channel infiltration rates and
in-place recharge will provide more accurate estimates of mountain front recharge, as data are
collected over a broader range of climatic and hydrologic conditions. As additional data are
acquired and processed, the resulting mountain-front recharge rates can be supplied directly to
the NSMC uncertainty quantification framework, and a new uncertainty distribution can be
calculated. Repeating this process over future years will provide estimates of total basin recharge
that are more reliable and have higher confidence levels.
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FIGURES
Figure 1: Map showing location of study area, including areal extent of mountain-front recharge
zones as represented in numerical groundwater flow model.
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Figure 2: Comparison of zonal recharge rates inversely estimated with existing groundwater flow
model [M&A, 2007] and those estimated on the basis of channel infiltration studies [Kikuchi and
Ferré, 2015].
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Figure 3: Numerical model implementation of alternate hydrogeologic conceptual models. (a)
Model layer 1 under conceptual model #1 (CM-01), (b) model layer 4 under CM-01, (c) model
layer 1 under conceptual model #4 (CM-03), and (d) model layer 4 under conceptual model #2
(CM-02).

(a)

(b)

(c)

(d)
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Figure 4: Histograms showing distribution of total basin recharge before (initial) and after
(update) including recharge estimates as prior information, under (a) CM-01, (b) CM-02, and (c)
CM-03. Purple and orange bars represent different prior weighting on zonal recharge estimates
applied during Null-Space Monte Carlo Analysis. Prior weights under prior scheme A are 1.00,
0.75, 0.25, and 0.1 for recharge zones A, B, C, and D respectively. Prior weights under prior
scheme B are 2.00, 1.50, 0.50, and 0.20 for recharge zones A, B, C, and D respectively.
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Figure 5: Histograms showing distribution of total basin recharge before (initial) and after
(update) including recharge estimates as prior information, using (a) Equal Weighting, (b)
Pooled Best Samples, and (c) Approximate Bayesian Model Evidence (BME) to combine
parameter sets derived under each conceptual model. Purple and orange bars represent different
prior weighting on zonal recharge estimates applied during Null-Space Monte Carlo Analysis.
Prior weights under prior scheme A are 1.00, 0.75, 0.25, and 0.1 for recharge zones A, B, C, and
D respectively. Prior weights under prior scheme B are 2.00, 1.50, 0.50, and 0.20 for recharge
zones A, B, C, and D respectively.
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Figure 6: Empirical cumulative distribution functions (ecdf) showing the distribution on total
basin recharge before and after adding recharge estimates as prior information under (a) CM-01,
(b) CM-02, and (c) CM-03. Horizontal black and orange lines depict the width of 90%
confidence intervals calculated for initial and updated ecdf respectively.

Figure 7: Empirical cumulative distribution functions (ecdf) showing the distribution on total
basin recharge before and after adding recharge estimates as prior information, using (a) Equal
Weights, (b) Pooled Best Samples, and (c) Approximate BME to combine parameter sets derived
under each conceptual model. Horizontal black and orange lines depict the width of 90%
confidence intervals calculated for initial and updated ecdf respectively.
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TABLES
Table 1. Summary of uncertain model parameters inversely estimated as part of Null-Space
Monte Carlo analysis.
Model
Description
Calibrated
Feasible range
Parameter
Value
Minimum Maximum
HKZ06
Horizontal hydraulic conductivity in
3
0.0001
100
model zone 6 (m d-1)
HKZ10
Horizontal hydraulic conductivity in
9
0.0001
1,000
model zone 10 (m d-1)
HKZ14
Horizontal hydraulic conductivity in
-0.0001
1,000
model zone 14 (m d-1)
VKZ04
Vertical hydraulic conductivity in model 0.02
0.0001
100
zone 4 (m d-1)
VKZ14
Vertical hydraulic conductivity in model -0.0001
100
zone 14 (m d-1)
EVTRZ
Maximum evapotranspiration rate (m d- 0.004
0.00001
0.01
1
)
RCH_BASE Base in-place recharge rate (m d-1)
0.00001
0.0000001 0.0001
-1
RCHZA
Mountain front recharge, zone A (m d ) 0.000357
0.000001
0.01
RCHZB
Mountain front recharge, zone B (m d-1) 0.000157
0.000001
0.01
-1
RCHZC
Mountain front recharge, zone C (m d ) 0.000932
0.000001
0.01
RCHZD
Mountain front recharge, zone D (m d-1) 0.0005
0.000001
0.01
-1
RCHZE
Mountain front recharge, zone E (m d ) 0.000134
0.000001
0.01
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APPENDIX D: QUANTIFYING THE COSTS OF PARAMETER BIAS AND
UNCERTAINTY: APPLICATION TO CROPPING DECISIONS IN A MULTIPLE-USE
BASIN

ABSTRACT
Irrigation water management is allocated and scheduled in such a way as to maximize farm
profitability subject to institutional and resource constraints. Resource constraints are often
represented deterministically, on the basis of the current state of understanding of dynamics
within a hydrologic basin. We present a framework for farm profit maximization subject to
probabilistic resource constraints, specifically focusing on capture of riparian evapotranspiration
and surface water outflow due to groundwater pumping. These quantities are evaluated using a
detailed hydrologic model that explicitly satisfies water demand through conjunctive use of
groundwater and surface water. Monte Carlo simulation with the hydrologic model provides
estimates of the predictive distributions, which in turn are evaluated against probabilistic
constraints on the quantities of interest. This management framework is analyzed to study the
effects of parameter uncertainty and bias on the farm profits, and the environmental outcomes of
interest. Results show that reductions in the uncertainty of certain critical system parameters acts
to relax the probabilistic constraint, leading to the adoption of more profitable cropping patterns.
On the other hand, unknown bias in the parameter field will not affect crop management, but
may lead to undesired environmental outcomes. In this probabilistic management framework,
both parameter uncertainty and bias should be assessed when deciding which system properties
merit further investigation through field data collection.
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1. INTRODUCTION
Water resources management for multiple user groups poses a substantial challenge in many
parts of the world, especially in arid and semi-arid areas. Conjunctive use of surface water and
groundwater [Bredehoft, 2011; Singh, 2014a] provides flexibility in satisfying water demands by
different user groups such as irrigated agriculture, municipalities, and the environment. The
hydrologic impact of surface water and groundwater diversions must be robustly quantified in
order to achieve efficient and fair allocation of water resources in a conjunctive use framework.
Management models in agricultural water and land use planning [e.g Montazar et al., 2010]
provide a means to rationally determine the optimal allocation of water resources. These kinds of
models identify management strategies best suited to achieve a user-specified objective, while
still complying with physical resource and institutional constraints. In the context of irrigation
water management and planning, profit optimization is most often the objective specified within
the management model. Constraints include environmental considerations such as surface water
inflows to wetlands [Draper et al., 2003], streamflow depletion by groundwater pumping
[Cosgrove and Johnson, 2005; Bredehoft and Kendy, 2007], salt water intrusion [Grundmann et
al., 2012], and waterlogging of arable land [Singh and Panda, 2013].
Management models in irrigated agriculture have traditionally adopted deterministic
constraints. For example, the problem might require that streamflow at a given control point and
time not fall below a given threshold. The assumptions that the hydrologic model accurately
describes the hydrologic system, and that hydrologic forcing (e.g. precipitation, surface water
inflows, etc.) is perfectly known are implicit in the use of deterministic constraints. In reality,
hydrologic models are simplifications of a complex world, and hydrologic forcing is a stochastic
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process. Using probabilistic, rather than deterministic constraints provides a means to handle
these sources of uncertainty within irrigation water management models. The use of probabilistic
constraints is known as chance-constrained programming. Applications of chance-constrained
programming in irrigation and water resources context include land and water resource allocation
[Sethi et al., 2006] land subsidence management [Chang et al., 2007], reservoir operations [Li et
al., 2009], and controlling nitrate pollution [Peña-Haro et al., 2010], among others.
Once the objective(s) and constraints have been specified, mathematical programming
methods are used to solve the optimization problem [Singh, 2014b] with respect to the decision
variables. Practical implementation of management models typically requires the adoption of
simplifying assumptions in order to render the problem amenable to the selected programming
technique. Such assumptions commonly include, for example simplified descriptions of surface
water [Islam et al., 2011] or groundwater dynamics [Montazar et al., 2010; Sreekanth and Datta,
2014], often by linearization or use of surrogate models.
Simplified representation of a complex hydrologic system, while wholly necessary for most
real-world problems may introduce errors into resulting management model solutions. Indeed,
incorporation of detailed simulation models has been identified as a logical next step towards
improving the capabilities of chance-constrained programming [Mo and Guo, 2014].
The objectives of this research are twofold. First, we develop a management framework for
cropping decisions, serving to guide farm profit maximization subject to probabilistic
environmental constraints. We calculate compliance with the constraint through predictive
uncertainty analysis with a detailed hydrologic model that explicitly simulates conjunctive use of
groundwater and surface water. Predictive uncertainty analysis by linearization and Monte Carlo
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simulation are both considered in this work. We compare linear uncertainty analysis for the
purpose of chance-constrained programming against full Monte Carlo simulation for the test
problem. Second, we evaluate the effects of parameter uncertainty and bias on farm profits and
on compliance with the environmental constraints. Finally, the effects of parameter bias and
uncertainty on both management and environmental outcomes are analyzed to identify critical
system properties that are of greatest importance for future field investigations.

2. METHODS
2.1. PROBLEM STATEMENT
The problem considered here involves the conjunctive use of groundwater and surface water
in an alluvial basin with a perennial stream. Three water user groups are considered: irrigated
agriculture, a mid-sized city, and a corridor of riparian vegetation along part of the river channel.
Figure 1 depicts pertinent characteristics of the basin. Basin inflows consist of time-varying
surface water inflows and constant mountain front recharge. Basin outflows consist of
consumptive use by crops, riparian vegetation, and the city, and surface water outflows. We
assume that short-term cropping decisions in the irrigated area are made by a single institution or
entity, which seeks to maximize annual farm profits subject to a set of probabilistic constraints
on capture from the riparian vegetation and surface water. The details of this problem are not
intended to represent any particular basin, but rather to depict general characteristics typical in
the southwestern United States.
2.1.1. FARM PROFITS
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Annual farm profits,  , are defined as the difference between gross farm revenues and
variable operating costs.
   Ai  pi yi  ci 

(1)

i

In equation (1), Ai is the land-area planted with the ith crop, pi is the crop price, yi is the crop
yield per unit land area, and ci denotes the variable operating costs associated with production of
the ith crop such as land preparation and harvest expenses. We use crop price, yield, and variable
operating cost data compiled for Graham County, Arizona [Teegerstrom et al., 1999] (table 1),
which is representative in general of agricultural conditions in the southwestern United States.
We consider two crops: barley and alfalfa. The decision variables are the land-area, Ai , to be
planted with each of the two crops. The problem definition permits that some land be fallowed;
thus, land in the irrigated area may either be planted with alfalfa, barley, or fallowed.
The area under production of each crop dictates the water use for irrigated agriculture in
the basin. Figure 2 shows monthly consumptive use requirements for alfalfa and barley grown in
the southwestern United States [Erie et al., 1981]. For each month, the total consumptive use is
calculated as the sum of the cultivated land area and the consumptive use per land area. The blue
bars in figure 2 represent the monthly volumetric surface water inflow, normalized by the
maximum area of arable land. Dividing the consumptive use by the on-farm efficiency (OFE),
we obtain the total required monthly diversion for irrigated agriculture. If the total monthly
diversion exceeds the available surface water inflow, then additional water supplies (e.g.
groundwater pumping) are needed to satisfy the residual water demand.
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Table 1 lists crop production and consumptive water use data for alfalfa and barley. Alfalfa is the
more profitable crop; however, total annual consumptive water use for alfalfa is approximately
three times greater than for barley. Consequently, alfalfa cultivation – and thereby farm profits –
will be limited to achieve compliance with the probabilistic constraints imposed in this problem.
2.1.2. RULES FOR CONJUNCTIVE WATER USE
We assume in this problem that agricultural and municipal water users in this basin may
use either surface water or groundwater, and that water quality characteristics do not influence
the selection of one water source over the other. It is assumed that over the short-term surface
water deliveries have a lower energy requirement, and are therefore less costly, than groundwater
pumping. Therefore, both agricultural and water users will first try to satisfy their water demands
by surface water diversion from the river. If the surface water supply has been exhausted, the
water users then fulfill the residual demand by groundwater pumping.
The water requirement for irrigated agriculture is dictated by cropping patterns, as
described in section 2.1.1. We assume the water requirement of the city to be approximately 8.5
million liters per day, equivalent to household water use of 570 liters per day for 15,000
households. We further assume that none of the water delivered to the city returns to either
surface or groundwater within the basin. Figure 1 shows that the intake for the city water supply
is located downstream of the intake for irrigation water supply. If irrigation demand equals or
exceeds available surface water supply, the city will therefore rely solely on groundwater
withdrawals from pumping wells shown in figure 1.
2.1.3. PROBABILISTIC CONSTRAINTS
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Groundwater pumped from a well consists of water removed from aquifer storage, and
capture of groundwater discharge to surface water, adjacent aquifers if any, and to groundwaterdependent riparian vegetation. We impose two general capture-related constraints on water
resource allocation in the basin. First, monthly riparian evapotranspiration must not fall below a
specified threshold. Second, annual surface water outflows from the basin must not fall below a
specified threshold. In this problem, we assume that surface water inflows to the basin are known
perfectly. Thus, uncertainty regarding the effects of conjunctive water use on the constraints is
due solely to uncertainty in the groundwater-surface water system
To account for hydrologic uncertainty, the environmental constraints listed above are cast
in probabilistic terms as follows:
p j ( ET j  ET j* )   ET

(2)

*
p(Qann  Qann
)  Q

(3)

In equation (2), ET j is the total riparian evapotranspiration during the jth month, ET j* is the
specified threshold ET during the jth month, and  ET represents risk tolerance with respect to
ET. For example,  ET  0.05 implies that the water manager will accept no more than a 5%
probability of violating the constraint on captured evapotranspiration. Similarly, Qann in equation
*
(3) is the total annual surface water outflow, Qann
is the specified threshold surface water

outflow, and Q represents risk tolerance with respect to surface water outflow.
Using equations (2-3) as probabilistic constraints on water resource allocation accounts for the
effect of cropping decisions on capture in the light of hydrologic system uncertainty. Thus, the
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farm profits that can be realized subject to the probabilistic constraints depend directly on the
magnitude of system uncertainty. Consequently, any reduction in system uncertainty is expected
to translate into increased farm profits. Section 3.4 discusses this issue in greater detail.
2.1.4. CROPPING SCENARIOS AND APPROXIMATE OPTIMIZATION
The problem at hand is to maximize farm profits with respect to crop area decision
variables, subject to the probabilistic constraints defined in section 2.1.3. Mathematically, this
may be represented by the following equations:

max  
A1 , A2

 A p y c 

i 1,2

i

i

i

i

s.t. p j [ ET j ( A1, A2 )  ET j* ]   ET ,

(4)

(5)

*
p[Qann ( A1, A2 )  Qann
]  Q

(6)

A1  A2  Atot

(7)

In principle, solving equation (4-7) will yield an optimal distribution of areas to be cultivated by
different crops. From a practical standpoint, however, the spatial distribution of crop areas
greatly increases the dimensionality of the decision variables with negligible benefit in terms of
gaining insight into the system.
To make the problem more tractable, we constrain the decision variables in two ways. First,
we equally subdivide the total arable land (89 hectares) into 29 strips, each approximately 3
hectares in area, such that cropping decisions will be made on a tract-by-tract basis. Second, we
specify a fixed number of crop mix scenarios spanning all possible combinations of fallow

184

acreage, and division between alfalfa and barley of the cultivated acreage. This results in 496
different crop mix scenarios.
Having simplified the decision variables, the task at hand is now to evaluate equations (5-6).
We use two approaches the evaluate the quantities of interest p j [ ET j ( A1, A2 )  ET j* ] and
*
p[Qann ( A1, A2 )  Qann
] : linear predictive uncertainty analysis and Monte Carlo simulation. Both

approaches require the use of a hydrologic model to calculate the evapotranspiration and surface
water capture associated with conjunctive use of groundwater and surface water in the basin.
2.2. HYDROLOGIC MODEL
To evaluate the effects of different cropping patterns on evapotranspiration and surface water
capture requires two calculations. First, the relative contributions of surface water and
groundwater diversions towards satisfying agricultural and urban water demand must be
determined. Second, the monthly evapotranspiration and annual surface water outflow must be
calculated. Sections 2.2.1 and 2.2.2 describe the mechanics of the hydrologic model. Simulation
results are then applied to evaluate the probabilities of interest in equations (5-6) – section 2.3
describes this process in greater detail.
2.2.1. MODEL STRUCTURE
The basin hydrologic dynamics – including conjunctive water use, farm irrigation processes,
groundwater flow, and groundwater-surface water interaction are simulated using MODFLOWOWHM [Hanson et al., 2014]. The Farm Process [Schmid and Hanson, 2009] is used to
calculate the relative contribution of groundwater and surface water supplies toward satisfying
agricultural and municipal water demand. Given the cultivated areas of alfalfa and barley, A1 and
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A2 , total monthly irrigation water requirement is calculated based on crop consumptive use
curves shown in figure 2. According to the conjunctive use rules described in section 2.1.2,
available surface water supplies are first diverted. The remaining monthly irrigation water
demand, if any, is then satisfied by groundwater pumping from on-farm wells (figure 1). For any
cultivated land areas, incidental recharge associated with deep percolation of applied irrigation
water is then calculated as the difference between the applied irrigation water and the
consumptive water use for a given strip of land.
In the hydrologic model, surface water is routed through the river and agricultural drains
using the Streamflow Routing Package [Niswonger and Prudic, 2005]. Surface water diversions
to the irrigated fields and to satisfy municipal demand are treated as semi-routed deliveries,
meaning that possible conveyance losses are not simulated. Riparian evapotranspiration is
simulated using the RIP-ET package [Maddock et al., 2012]. The RIP-ET package explicitly
calculates water uptake as a function of seasonal variation in canopy cover fraction (figure 2) and
accounts for soil evaporation, and plant transpiration as a function of water table depth via
transpiration flux curves specific to different vegetation functional groups. In this problem, we
assume that the riparian zone of interest consists exclusively of mature, deep-rooted trees (such
as cottonwood or willow trees) with maximum rooting depth of 3 m [Braatne et al., 1996].
Figure 3 is a transpiration flux curve showing the transpiration flux as a function of water table
depth. The volumetric ET for a given model cell is calculated as the product of the cell area, the
canopy fraction (figure 2), and the transpiration flux for a given hydraulic head (figure 3). The
transpiration flux curve used in this example is reproduced from a curve presented by Maddock
et al. [2012].
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Having thus established hydrologic boundary conditions, the monthly evapotranspiration and
annual surface water outflow are calculated after numerically solving the transient groundwater
flow equation:
  h    h    h 
h
 K x    K y    K z   W   Ssb  S y 
x  x  y 
y  z  z 
t

(8)

In equation (8), the state variable h is the hydraulic head, K x and K y are the horizontal hydraulic
conductivities in the x and y directions, W represents internal sinks and sources, and S s and S y are
the specific storage and specific yield. The basin domain shown in figure 1 is represented by a
rectilinear grid consisting of two layers with 30.5 × 30.5 m cells. The top of the first layer
represents the land surface, and slopes from 150 m at the northern extent of the basin to 130 m at
the southern extent of the basin. The bottom elevations of the first and second model layers are
120 m and 90 m respectively. The screened intervals of irrigation and municipal supply wells are
located within the second (lowermost) model layer.
Equation (8) is solved on a daily time step with monthly variation in stresses related to farm
processes and changes in riparian canopy area. The initial conditions are derived from a steady
state simulation with municipal water use but no irrigation, and may be considered to represent a
“base case” prior to irrigation.
2.2.2. UNCERTAIN MODEL PARAMETERS AND FORCING DATA
The simulated effects of different cropping patterns will depend on model parameters and
forcing data, which are typically unknown and estimated on the basis of expert knowledge, field
investigations, and model calibration exercises. We assume that the model parameters and inputs
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have been previously investigated, and that the uncertain model inputs and parameters have been
determined to be independent and log-normally distributed, with mean and variance listed in
table 2. Mountain-front recharge, aquifer and riverbed/drain hydraulic properties, and on-farm
efficiency, are assumed to be internally homogeneous in space.
2.3. UNCERTAINTY PROPOGATION
In order to evaluate equations (5-6), model predictive uncertainty – arising from uncertain
model parameters and inputs (table 2) must be quantified. If the predictions of interest –
specifically, the monthly riparian evapotranspiration and annual surface water outflow – are
linear in the model parameters θ , then the variance of the rth prediction,  r2 may be calculated
as a linear function of the predictive sensitivity vector yr and the parameter covariance matrix,

Σ θ

 r2  y r T Σ  θ  y r

(9)

This approach is popular in practice because it is computationally frugal, and may provide
reasonable estimates of  r2 even if the model is mildly nonlinear.
On the other hand, if the predictions are strongly nonlinear in the parameters, then equation
(9) is not suitable. In this situation, Monte Carlo simulation – that is, propogating random
parameter draws through the hydrologic model – may be used. This approach is more robust in
handling model nonlinearity, but may impose substantial computational burden. We evaluate
both approaches to quantify the predictive uncertainty. Monte Carlo simulations were conducted
in parallel using the High Throughput Computing system at the University of Arizona.
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Once the predictive mean and variance have been estimated, we evaluate the quantities of
*
interest p j [ ET j ( A1, A2 )  ET j* ] and p[Qann ( A1, A2 )  Qann
] either by the exact cumulative

distribution function (cdf) in the linear case, or by the empirical cdf in the nonlinear case.
3. RESULTS
3.1. PREDICTIVE UNCERTAINTY
The starting point for the analysis is to evaluate the reliability of the linear uncertainty analysis in
comparison with Monte Carlo simulation, in order to determine which approach is best suited to
this particular application. We conducted a benchmarking experiment to assess the reliability of
linear uncertainty analysis, in which we derived the analytical pdf based on the assumed
parameter distribution (table 2) and predictive sensitivities calculated by forward difference.
Monte Carlo simulations included 2,500 parameter realizations. This analysis was undertaken for
two crop mix scenarios – scenario 1 and scenario 496 – and two predictions – April and July ET.
Under crop mix scenario 1, the farm area is fallow over the entire year. Under crop mix scenario
496, 89 hectares of alfalfa are cultivated in the farm area.
Figure 4 shows the results of the benchmarking analysis. The histogram represents the results of
Monte Carlo simulation, and the red curve shows the analytical pdf calculated by linear
uncertainty analysis. The blue vertical line represents the specified threshold ET j* for April and
July. The region to the left of the blue bar represents unacceptably low monthly ET, as defined
by the threshold ET j* . The calculated values for the threshold probabilities (pmc and plin) are listed
in each panel of figure 4. The probability of unacceptably high ET loss is higher under crop mix
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scenario 496 than under scenario 1 for July ET, but not for April ET. The monthly variability
reflects the timing of irrigation water use for alfalfa (figure 2).
The true predictive distributions exhibit considerable skewness towards the left-hand side of the
plot, which is not captured by the linearized pdf. Consequently, there exists a striking
*
discrepancy between the two estimates of p j [ ET j ( A1, A2 )  ET j* ] and p[Qann ( A1, A2 )  Qann
].

Specifically, linear uncertainty analysis substantially underestimates the probabilities of interest
for both crop mix scenarios and both predictions. This is due in large part to the nonlinear
transpiration flux curves (figure 3) used to calculate ET rates within the model.
The results of the benchmarking analysis suggested that linear uncertainty analysis would not
provide robust estimates of the threshold probabilities. We therefore turn to Monte Carlo
simulation to evaluate equations (5-6), albeit at substantial computational expense. However, this
raises the important question of how many parameter samples are required in order to obtain
stable estimates of the threshold probabilities. The calculated threshold probabilities are plotted
against the number of parameter realizations in figure 5. The dashed blue and red horizontal lines
show the April and July ET threshold probabilities calculated using the full set of 2,500
realizations. This result indicates that the threshold probabilities have approximately stabilized
after 1,000 realizations. Subsequent analyses use 2,000 parameter realizations per scenario.
3.2. OPTIMAL CROP MIX
We next consider the solution to the problem posed by equation (4): to optimize farm profits
subject to probabilistic constraints calculated as discussed above. Based on the crop production
data shown in table 1, the most profitable arrangement is cultivation of alfalfa over the entire
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farm. However, such a management scenario may lead to the violation of the threshold
probabilities defined by equations (5-6).
For each of the 496 crop mix scenarios, we evaluate the threshold probabilities with capture
thresholds set in a different manner for ET and annual outflow predictions. For ET, the monthly
capture thresholds ET j* are calculated as the monthly ET values for which the probability

p j [ ET j  ET j* ]  0.3 for the base case, under which there is municipal water demand, but no
irrigation water demand. In other words, the ET capture thresholds reflect the value for which
there is a 30% chance that monthly ET will drop below the ET associated with non-irrigation
*
conditions. For annual surface water outflow, the annual outflow threshold Qann
was set to

708,000 m3, or approximately 60% of the baseline surface water outflow.
Figures 6(a-h) show the calculated threshold probabilities corresponding to monthly ET and
annual basin outflow. The area to the left and below of the dashed white diagonal line
encompasses all 496 crop mix scenarios with various combinations of alfalfa cultivation, barley
cultivation, and fallow land. Farm profits increase linearly moving from the lower right-hand
corner towards the upper left-hand corner within the space of possible crop mixes. The colored
surfaces depict the threshold probability – that is, the left hand side of equations (5-6).
During the first four months (figures 6(a-d)), the threshold probabilities are less than 0.3 –
meaning that there is no greater chance of violating the probabilistic ET constraint than there is
under non-irrigation conditions. In fact, the ET threshold probabilities actually decrease moving
toward the lower left-hand quadrant of the crop mix space, corresponding to pure barley
cultivation with no fallow land. This reflects more higher, and slightly more favorable water
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table conditions along the riparian transpiration flux curve (figure 3) associated with the
application of surface water for barley production.
In contrast, the threshold probabilities during July-September increase toward the upper left-hand
area of the crop mix space, representing full cultivation of alfalfa. The relatively high
consumptive water use of alfalfa is expressed by the highest threshold probabilities during
September, for crop mix scenarios with full or nearly full cultivation of alfalfa (figure 6g). The
surface water outflow probabilities are relatively low in the lower right-hand corner of the crop
mix space, reflecting a combination of fallow land and barley cultivation.
In this example, we set the risk tolerances  ET and Q - found on the right-hand side of equations
(5-6) – to 0.3 and 0.25, respectively. Having specified the capture threshold and risk tolerances,
the approximately optimal crop mix within the set of scenarios can be determined. The white star
in figures 6(a-h) identifies most profitable crop mix which satisfied all eight of the probabilistic
constraints. For comparison, the white circles show most profitable crop mix subject to
individual constraints. For example, the circle in figure 6a shows the optimal crop mix if only the
capture probability for March ET is used as a constraint.
Comparing the global and individual crop mix solutions – represented by the stars and circles,
respectively – provides several important insights. First, the optimal solutions using individual
constraints, rather than all of the constraints considered jointly, do not suggest the use of any
fallowing whatsoever. Furthermore, the alfalfa percentage suggested by all of the solutions based
on individual constraints is higher than the alfalfa percentage suggested by the solution based on
the joint imposition of the constraints.
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Finally, the globally optimal crop mix, jointly considering all constraints, depends on AugustSeptember ET and the annual basin outflow – in other words, these are the binding constraints.
Consequently, decreasing the August-September ET threshold probabilities or the annual
outflow capture probability would allow for more profitable farm operations, whereas decreasing
the ET threshold probabilities for March-August would have no effect on the optimal crop mix.
This is a particularly important finding in the context of identifying critical uncertainties
controlling farm profits (section 3.4).
3.3. FARM PROFIT SENSITIVITY TO RISK TOLERANCE
The use of probabilistic constraints in crop mix determination invokes a tradeoff between risk
tolerance and profits. A risk-averse water manager characterized by relatively small  ET and Q ,
will select crop mixes in the lower right-hand corner of the crop mix space (figure 6). In this
framework, increasing the risk tolerances  ET and Q has the effect of relaxing the constraints in
equations (5-6), permitting selection of more profitable crop mixes in the upper left-hand corner
of the crop mix space.
Figure 7 shows the sensitivity of farm profits to the risk tolerances  ET and Q . The sensitivity
differs between the two constraints. In terms of ET risk tolerance, values of  ET <0.3 effectively
preclude any crop production; this is due to the selection of the ET thresholds based on

p j [ ET j  ET j* ]  0.3 , as discussed above. Increasing  ET from 0.3 to 0.5 has the effect of raising
the potential farm profits due to more extensive alfalfa cultivation.
On the other hand, figure 7(b) shows that the outflow risk tolerance Q has negligible effect on
alfalfa cultivation or farm profits. This is due to the fact that the peak of barley cultivation
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coincides with peak surface water inflows to the basin. Therefore, barley irrigation can
exclusively use surface water for irrigation supply, according to the rules of conjunctive water
use described in section 2.1.2. More extensive barley cultivation will therefore increase the
chances of reducing annual surface water outflow below the specified threshold, as shown in
figure 6(h). Therefore, increasing Q permits more barley cultivation. However, the profit
margins of barley are minor in comparison with those of alfalfa (table 1), and increased barley
cultivation therefore has negligible impact on the annual farm profits.
3.4. EFFECT OF PARAMETER UNCERTAINTY ON FARM PROFITS
The distribution of the predicted monthly ET and annual basin outflow depends directly on the
specified parameter distribution. For more uncertain parameter distributions with higher
spreading, the corresponding predictive distributions will also be more uncertain. Conversely,
reducing the parameter uncertainty should reduce the predictive uncertainty. It is expected that
any reduction in predictive uncertainty will have the effect of relaxing the constraints on crop
mix selection, since the threshold probabilities depend directly on the predictive distributions.
The profit dependence on parameter uncertainty has important implications from the perspective
of the hydrologist, as system parameter uncertainty may be reduced by the collection and
analysis of field data. Identifying the contribution of different parameters to the overall
predictive uncertainty can and should therefore be used to guide decisions regarding which data
to collect in hydrologic investigations.
In the context of trying to increase farm profits by adjusting the crop mix, the predictive
uncertainty in the region of the current global optimal solution (white star in figure 6) is the most
important. Furthermore, the analysis of crop mix selection in figure 6 indicates that predicted

194

values of August and September ET constitute the most important binding constraint on farm
profits. To summarize, the profit maximization objective in equation (4) dictates that uncertainty
under specific conditions (in the crop mix space) and for specific predictions (August and
September ET) should be investigated when determining the course of the hydrologic
investigation.
This point may be illustrated by decomposing the MC samples into two groups: those that are out
of compliance (less than) with the ET and basin outflow thresholds, and those that are in
compliance (greater than or equal to) the ET and basin outflow thresholds. Figure 8 shows the
distributions on log-transformed values of two parameters, the horizontal hydraulic conductivity
(HK) and riverbed conductance (RVCND). The gray circles represent all of the MC samples.
The red stars represent samples that are out of compliance with the September ET constraint at
the globally optimal point as depicted in figure 6. Similar decomposition of the MC samples for
other parameters, not shown here, indicated very minor differences between samples that were
and were not in compliance with the ET and basin outflow thresholds, indicating that other
parameters were of less importance in terms of constraining farm profits.
Taken on the whole, these points represent critical parameter uncertainties – that is, uncertainties
that contribute directly towards constraining farm profits. Any efforts to better characterize the
hydrology of this system will be best directed towards targeting those critical uncertainties. In
the specific context of figure 8, reducing the uncertainty on log10(HK) and log10(RVCND) is
expected to increase farm profits, more so than any other parameter. This is because values of
riverbed conductance on the lower end (log10(RVCND) < -0.5) will impose a steeper hydraulic
gradient across the riverbed, which in turn will raise hydraulic heads in the vicinity of the
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riparian area. This implies that reductions in monthly riparian ET in this area of the parameter
space are caused not by capture, but by anoxia due to short-term rise in water table elevation
associated with incidental recharge from the irrigated fields.
On the other hand, both the lower and upper range of log10(HK) are associated with unacceptable
ET declines. The lower range of log10(HK) values will cause a steeper horizontal hydraulic
gradient across the valley, leading to elevated water table elevations in the riparian area and
rendering the riparian vegetation more susceptible to ET reductions at the shallower end of the
transpiration flux curve (figure 3). Conversely, the lower range of log10(HK) values will cause a
more gradual horizontal hydraulic gradient across the valley, thereby lowering the water table
and rendering the riparian vegetation more susceptible to ET reductions at the deeper end of the
transpiration flux curve.
Decomposing the predictive variance, as demonstrated in figure 8, can provide insight into not
only into the hydrologic dynamics of the system, but also into the relative impacts of parameter
uncertainties on the admissible space of water management options. In the context of designing a
hydrologic investigation, therefore, the most valuable data are those best capable of reducing
uncertainty on these key parameters.
We now conduct a numerical experiment to demonstrate and quantify the possible worth of
hydraulic conductivity and riverbed conductance data. We assume that the acquisition of
hydrologic data has led to an 80% reduction in parameter uncertainty, and draw MC samples
from the corresponding updated parameter distribution. By propogating those samples through
the same hydrologic simulation and (approximately) solving equations (4-6), we obtain a new
optimal crop mix and corresponding farm profit. The difference between the original and
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updated farm profit directly quantifies the worth of parameter uncertainty reduction due to
hydrologic data collection. The results of this analysis show that an 80% reduction in uncertainty
on horizontal hydraulic conductivity increases annual farm profits by approximately $12,000
(26% of initial profits). Similarly, an 80% reduction in uncertainty on riverbed conductance
increases annual farm profits by $9,000 (20% of initial profits).
3.5. EFFECT OF PARAMETER BIAS ON CONSTRAINT COMPLIANCE
In the probabilistic management framework presented here, reducing parameter uncertainty will
have the effect of relaxing the constraints, thereby enabling more profitable cropping patterns.
The analysis presented above assumes that while subject to uncertainty, the parameter
distributions are correctly centered on the “true” system values. In practice, however, this may
not always be the case. In the context of this example, the effect of unknown and unrecognized
parameter bias will be quite different from the effect of parameter uncertainty.
Using the procedure described above to determine the optimal crop mix, the monthly ET and
basin outflow will in reality be represented by the corresponding predicted values under the
parameter mean, provided that the assumed parameter distributions are unbiased (and that the
conceptual model adequately represents the system). If the parameter distributions are biased,
then the monthly ET and basin outflow may differ from the predicted values under the parameter
mean. One consequence of this problem is that a water manager – even one that is relatively risk
averse – may make a cropping decision, only to discover later that cropping decision has not
produced the desired result in terms of environmental outcomes (monthly ET and basin outflow).
Thus, unknown parameter bias will not affect the crop pattern precisely because it is unknown,
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but rather may lead to undesirable environmental outcomes, different from those predicted by the
model.
We present here a simple experiment to demonstrate this point. Let us consider that the water
manager has gone the process described above and settled on the optimal crop mix as depicted in
figure 6. We now explore the effects of the resulting water management based on 100% bias in
the log-transformed parameters – that is, the parameters being one order of magnitude too high
or too low. This magnitude of parameter bias is admittedly somewhat extreme, but is adopted
here simply for illustrative purposes.
Calculating the corresponding September ET and annual basin outflow under the “true” system
parameter values provides a measure of the magnitude of deleterious environmental impacts that
might would be incurred by the parameter bias. Table 3 displays the results of this analysis.
Instances of parameter bias for which the selected crop mix would lead to violation of the
specified ET and outflow thresholds are highlighted in red. It is interesting to note that in the
case of horizontal hydraulic conductivity (HK), positive and negative bias both lead to
unacceptable reduction in September ET. This is due to the bell-shaped transpiration flux curve;
specifically, that water table depths greater than or less than the optimal depth will both reduce
the plant transpiration.
Of the remaining parameters, OFE and Sy are consistently important for both predictions. If OFE
is in reality higher than assumed by the predictive model, then water table rise associated with
incidental recharge below agricultural fields will be less than expected, resulting in reduced
riparian ET. If Sy is in reality lower than assumed by the predictive model, then the hydraulic
stresses associated with agricultural groundwater pumping will propogate more quickly than
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expected resulting in more severe drawdowns in the riparian area. On the other hand, if Sy is in
reality higher than assumed by the predictive model, then the incidental recharge below
agricultural fields will primarily enter into groundwater storage, reducing groundwater return
flow to the surface water network, at least within the time scales considered in this example.
4. DISCUSSION
This study developed a computational framework for crop mix optimization based on
probabilistic constraints on hydrologic responses using a detailed, coupled groundwater-surface
water model also incorporating conjunctive use rules. Given the complexity of the hydrologic
model, it was necessary to evaluate whether a relatively simple linear uncertainty propogation
would be suitable to calculate predictive distributions. The results of numerical experiments
discussed in section 3.1 show that for this particular case, linear uncertainty propogation is not
suitable, due in large part to the skewness of the ET predictive distributions. The predictive
skewness in turn is likely associated with the nature of the transpiration response curve –
specifically, that water table depths above and below the vegetation-specific optimal depth cause
declining ET rates.
In cases such as the one considered here in which decisions are made to optimize some quantity
of interest (such as profits) subject to hydrologic constraints, relaxing the constraints will permit
increases in the quantity to be optimized. If the constraints are probabilistic, an equivalent effect
is obtained by reducing prediction uncertainty. Furthermore, the prediction uncertainty can be
decomposed into the relative contribution by different parameters, or factors. More sophisticated
sensitivity analysis techniques can be used to determine the contributions of parameters toward
prediction uncertainty (e.g. Sobol’1990, Rakovec et al., 2014) if so desired. In the context of
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water resource management, decomposition of the predictive variance can be used to target
parameters for which uncertainty reduction will yield tangible gains in the quantity of interest to
be maximized, as demonstrated in this simple example.
This study considers only short-term cropping decisions, such that the profit function (eq. 1)
depends only on variable costs, and considers only different types of field crops for production.
In the long term, the manager may elect to invest in infrastructure to produce higher value crops
such as fruits or nuts. Furthermore, the manager may also invest in water delivery and irrigation
equipment that effectively changes the on-farm efficiency, thereby affecting the water supply
component of the variable cost and also the hydrologic impacts of irrigation. Considering these
kinds of management actions is much more complex than the example considered here, but is
perhaps more relevant for medium to long-range planning for a multiple-use basin.
The constraints considered in this study are assessed over a single year, being the same year for
which the cropping decisions are implemented. It is important to recognize, however, that the
time-scales for groundwater response are longer than those for surface water response. In this
case study, the relatively small scale of the example basin, and the close proximity of irrigation
wells to the stream render the single-year, same-year response a reasonable approximation of the
overall system response. For larger basins, the full hydrologic response of irrigation water
management will require in practice a larger simulation period (Barlow and Leake, 2013). The
time-scale of groundwater response is a factor that must be considered when implementing the
approach proposed here in a real-world setting.
The use of detailed computer simulation to evaluate the effects of cropping decisions against
probabilistic constraints is novel, and represents a rational approach to handle uncertainty in
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water resources planning and management. This study focused on uncertainty due to imperfect
characterization of the hydrologic system, represented by uncertainty in the system parameters.
Uncertainty in the hydrologic response also arises from the stochastic nature of surface water
inflows (e.g. Marques et al., 2005; Brown and Carriquiry, 2007). The framework presented here
is readily modified to include stochastic inflows and indeed, would be a logical next step,
especially when considering multi-year cropping decisions that may be implemented in advance
of any unexpected changes in surface water supply.
5. CONCLUSION
This study presents a framework to support short-term cropping decisions in irrigated agriculture
subject to probabilistic constraints on hydrologic impacts – specifically, monthly riparian
evapotranspiration and annual surface water outflows. This framework evaluates predictive
distributions for these distributions against risk tolerances to identify the most profitable
cropping pattern given the risk tolerance of the water manager. The predictive distributions are
determined through the use of Monte Carlo simulations using a detailed hydrologic model. The
use of this decision-support framework is demonstrated in the context of a synthetic basin,
typical of the southwestern United States, including conjunctive use of groundwater and surface
water both for irrigation and municipal use.
Results of this study show that while multiple quantities of interest are considered, a limited few
– the July and September ET, and annual basin outflow – act as binding constraints on the
problem solution. A simple screening level evaluation of Monte Carlo simulation results shows
that critical predictive uncertainties, defined as those parameter realizations leading to predicted
quantities out of compliance with ET and basin outflow thresholds, can be attributed in turn to a
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limited subset of system parameters – in this case, the horizontal hydraulic conductivity and
riverbed conductance. We find that reducing the uncertainty of these critical parameters
translates into substantial improvements in farm profitability. Identifying the critical
uncertainties of the system can be used to guide future hydrologic data collection in a costeffective manner.
Finally, we investigate the effect of unknown parameter bias on hydrologic outcomes. Results
from simple numerical experiments varying the bias in different parameters demonstrate that
undesirable environmental outcomes can occur even when parameter uncertainty is explicitly
accounted for, if the parameter distributions are not correctly centered. Therefore, both parameter
uncertainty and potential parameter bias must be considered when determining which properties
of a hydrologic system are most important and deserving of future investigation, to support
sustainable water resource management for multiple user groups.
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FIGURES
Figure 1: Schematic map showing pertinent hydrologic features for synthetic groundwatersurface water basin.
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Figure 2: Monthly crop consumptive water use requirements, surface water inflow, and fractional
coverage of riparian canopy. Volumetric surface water inflow has been normalized to the
maximum possible crop cultivated area (89 hectares).
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Figure 3: Transpiration flux curve used to calculate evapotranspiration rates in groundwatersurface water simulation. Data for transpiration flux curve are taken from Maddock et al. [2012].
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Figure 4: Comparison of predictive uncertainties evaluated by Monte Carlo simulation against
those evaluated by linear prediction uncertainty analysis, for two different predictions and two
different crop mix scenarios. Predictive distributions for (a) April evapotranspiration (ET) under
scenario #1, no crop cultivation, (b) July ET under scenario #1, no crop cultivation, (c) April ET
under scenario #496, 100% alfalfa cultivation, and (d) July ET under scenario #496, 100%
alfalfa cultivation. Dashed blue vertical line represents specified threshold for each of the two
predictions; in subpanels, pmc and plin are the calculated probabilities that April or July ET will
fall below the specified threshold.
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Figure 5: Stabilization of April and July ET threshold probabilities with increasing number of
parameter realizations, under (a) scenario #1, and (b) scenario #496.
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Figure 6: Threshold probabilities for (a) March evapotranspiration (ET), (b) April ET, (c) May
ET, (d) June ET, (e) July ET, (f) August ET, (g) September ET, and (h) total annual surface
water outflow, evaluated over different crop mix scenarios representing combinations of fallow
land, alfalfa, and barley cultivation.
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Figure 7: Sensitivity of crop mix and corresponding annual profit to (a) September
evapotranspiration (ET) risk tolerance, and (b) annual surface water outflow risk tolerance.
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Figure 8: Classification of Monte Carlo parameter samples based on compliance with September
evapotranspiration (ET) threshold. Gray circles represent parameter sets in compliance with
September ET threshold, red stars represent parameter sets out of compliance with September ET
threshold.
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TABLES
Table 1: Crop yield, revenue, and variable cost data for alfalfa and barley production in Graham
County, Arizona. Data taken from Teegerstrom et al. [1999].
Gross Revenue

Variable Costs

Net Revenue

Yield

Price

(USD per acre)

(USD per acre)

(USD per acre)

Alfalfa

6.3a

96.7c

$609

$286

$323

Barley

5500b

0.06d

$330

$253

$77

a

Tons per acre

b
c

Pounds per acre

USD per ton

d

USD per pound
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Table 2: Description of uncertain system property parameters, and first and second moments of
log-transformed parameters used in crop mix optimization analyses.
First and Second Moments of LogTransformed Parameters

Parameter
HK
Ss
VANI

Description
Horizontal hydraulic
conductivity
Specific storage
Ratio of horizontal to
vertical anisotropy

Initial

Modified

Standard

Standard

Units

Mean

Deviation

Deviation

m/d

3.0

0.25

0.1

1/m

3.28E-05

0.5

0.1

[--]

10.0

0.25

0.05

RVCND

Riverbed conductance

m2/d

0.9

0.25

0.05

DRNCND

Drain conductance

m2/d

0.9

0.25

0.05

OFE

On-farm efficiency

m/d

3.05E-02

1.00E-03

2.00E-04

[--]

0.5

1.00E-03

2.00E-04

[--]

0.3

1.00E-03

2.00E-04

Sy
RCH

Mountain front recharge
rate
Specific yield
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Table 3: Effect of unknown parameter bias on predicted quantities of interest September
evapotranspiration (ET) and annual surface water outflow. In this table, overestimate means that
the value of the parameter has been overestimated (greater than true value), underestimate means
that value of the parameter has been underestimated (less than true value).

September ET in cubic meters

Annual outflow in cubic meters

Bias

Overestimate

Underestimate

Overestimate

Underestimate

HKa

86.51

79.02

1,222,635

3,161,955

Ssa

101.98

100.88

761,719

811,746

VANIa

101.12

100.28

739,360

770,464

RVCNDa

75.70

100.98

763,702

731,270

DRNCNDa

102.07

100.98

767,366

747,256

OFEb

95.57

65.67

12,606,114

506,800

Syb

82.67

102.71

793,805

673,655

RCHa

99.42

100.97

781,946

713,534

Parameter

Note: baseline values for September ET and annual outflow are 101 and 762630 cubic meters
respectively. Threshold values are 93 and 707,950 cubic meters.

