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Abstract

Assimilating ex-situ and in-situ data for the estimation of spatially-distributed water
exchanges at the stream-aquifer interface

by

Karina Cucchi

Doctor of Philosophy in Engineering - Civil & Environmental Engineering

University of California, Berkeley

Professor Yoram Rubin, Chair

Although central to the sustainable development of human societies, freshwater resources
are threatened globally by combined effects of climate change, population growth and pol-
lution. In the context of increased withdrawals from increasingly scarce resources, the sus-
tainability of water supply relies on the understanding of water distribution between the
different compartments in continental hydrosystems. Located at the intersection between
surface and subsurface compartments, the stream-aquifer interface is therefore of particular
interest for the management of both surface and subsurface water resources.

Within the stream-aquifer interface, the hyporheic zone (HZ), defined as the zone be-
low the streambed where hydrological exchanges are controlled by surface water pressure
gradients as well as subsurface properties, is extremely chemically and biologically active.
While HZ processes are governed by water fluxes at the local scale, they integrate over the
hydrological river network and impact water availability and quality up to the catchment
scale. However, characterized by complex nested spatial and temporal patterns, water fluxes
in the HZ remain poorly understood.

Quantifying water movement in the subsurface relies on the interpretation of collected en-
vironmental data, and is usually hindered by a general lack of information about subsurface
properties due to low data availability as well as spatial and temporal variability. Stochastic
hydrogeology provides a framework for assimilating information contained in sparse environ-
mental data by posing problems in a probabilistic yet physical framework, where physical
properties in the subsurface are considered as random variables defined by their probability
density function (pdf) and are linked to observations by means of physically-based models.

This dissertation aims at assimilating ex-situ and collected in-situ data for estimating
spatially-distributed water exchanges at the stream-aquifer interface. An integrated ap-
proach is proposed, combining experimental monitoring developments, physically-based nu-



2

merical modeling and stochastic hydrogeology concepts. The approach is illustrated on an
agricultural and heavily anthropized sedimentary case study, the Avenelles basin, France.

Foundational aspects related to ex-situ and in-situ data assimilation were investigated.
The issue of in-situ data scarcity and generally sparse, infrequent and expensive measure-
ments was addressed with the development of a low-cost, easy to construct and robust experi-
mental sensor, the LOMOS-mini. Uncertainty-quantified estimation of subsurface properties
from collected in-situ data was addressed by adopting a Bayesian approach, where the iden-
tifiability of each property is studied via the update of a non-informative prior distribution
into a posterior distribution conditioned on measurements. The assimilation of ex-situ data
from similar sites was enabled with the introduction of regionalized priors, defined as infor-
mative pdfs resulting from the assimilation of ex-situ data of possibly multiple types and
recognizing inter-site variability. These developed concepts and tools were then applied to
the Avenelles basin case study, where LOMOS-mini data collected during field campaigns
supported the estimation of local-scale and spatially-distributed hydrogeological properties
and water exchanges in the HZ and the investigation of their spatial distribution.
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Chapter 1

Introduction

This first chapter presents the context and motivations for the study of stream-aquifer
exchanges, and provides brief background on hydrological dynamics at the stream-aquifer
interface and on stochastic hydrogeology theory. Following these presentations, research
questions addressed throughout the dissertation are formulated, and contributions of this
dissertation are summarized.

1.1 The stream-aquifer interface in the water cycle

1.1.1 Water and society

Guaranteeing the availability and the quality of fresh water supply is central to the
survival of our economies and societies. In the United States, the water use in 2010 was
estimated to be 335 billion gallons per day (1.3 ·109m3), corresponding to an average of 1070
gallons per person and per day (4m3) (Maupin et al., 2014). The part of water not withdrawn
from the environment supports ecosystems on which we rely (de Marsily , 2000; Acreman,
2001). Humans have strongly impacted the water cycle, modifying the distribution and
movement of water globally (Vörösmarty et al., 2000). In a recent review on the development
of hydrological sciences, Sivapalan and Blöschl (2017) stated that the human footprint is
becoming the dominant feature in the hydrological cycle, thereby further supporting the
notion of Anthropocene, the geological epoch in which human actions have become the
driving environmental force (Crutzen, 2002; Lewis and Maslin, 2015).

The future sustainability of water resources supply is globally threatened by combined
effect of population growth, pollution and climate change, exacerbating climate extremes and
resulting in increased frequency and magnitude of droughts and floods (Parry et al., 2007).
Water scarcity already affects 40% of the population worldwide, and this number is expected
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to rise (United Nations , 2015); about 450 million people worldwide live under severe water
stress, where water demand exceeds 40% of total available discharge (Vörösmarty et al.,
2000). Last years have shown a worldwide increase of water crises, when a significant decline
in the available quality and quantity of fresh water results in harmful effects on human health
and economic activity. Environment-related crises, and in particular water crises, have been
a consistent central feature of the global risk landscape developed by the World Economic
Forum in the last decade; moreover, they are tightly related to other global risks such as food
crises, inter-state conflicts or large-scale involuntary migration (Wor, 2017). In this context,
being able to understand the distribution of fresh water resources globally, to quantify their
motion in the environment, and to predict the consequences of water planning and climate
change on their future availability and quality are prerequisites to ensure their protection
and sustainable use.

1.1.2 Water in the environment

Groundwater represents about 30% of the Earth’s freshwater and 99% of Earth’s unfrozen
freshwater (Gleick , 2011). Groundwater reservoirs are constituted from surface water having
infiltrated into the subsurface and percolated to the saturation zone, this water is then stored
in the pores of the soil or rocks. Only a small fraction of water stored in the subsurface is
renewable, as less than 6% of the global groundwater storage was recharged in the last
50 years (Nat, 2016). Worldwide, groundwater provides about 45% of the drinking water
and 43% of water used in irrigation, and these numbers are expected to increase both in
absolute terms and percentage (UNESCO , 2009; Siebert et al., 2010). While subsurface
water constitue the biggest reservoir of freshwater on Earth, most of the research has been
focused on surface water, leading to calls for more research attention on subsurface water
resources (Nat, 2016).

Although surface waters (rivers, lakes) represent only 0.3% of the Earth’s total fresh-
water reserves, they constitute the bulk of water withdrawals (Gleick , 2011). In 2010 in
the United States, withdrawals from fresh surface water bodies accounted for 65% of total
water withdrawals (Maupin et al., 2014). Streamflow results from the combination of sur-
face runoff and baseflow. Surface runoff, also known as overland flow, is the part of the
precipitation reaching the stream network without infiltrating into the subsurface; it moves
in the landscape on short timescales. In contrary, baseflow results from the infiltration of
water into the soil and reaching the stream network via the subsurface. This highlights the
importance of the subsurface as buffer between high frequency precipitation events and the
persitence of streamflow, where baseflow plays a key role in sustaining flow in rivers and
streams during dry periods (Fleckenstein et al., 2006; Miller et al., 2016). For typical water
basins, the average time water spends in the subsurface traveling to the river network is
on the order of years (McGuire and McDonnell , 2006). It is estimated that a third of the
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global river discharge originates from groundwater recharged by precipitation in the previous
3 months (Jasechko et al., 2016). Groundwater feeds rivers during dry periods, and therefore
groundwater depletion leads to streamflow depletion. This emphasizes the need to protect
both surface and subsurface water resources in order to sustain low flows, in particular in
the current context of unsustainable groundwater depletion documented on both global and
regional scales (Gleeson et al., 2012; Famiglietti , 2014).

The interconnection between surface and subsurface water reservoirs has led to the con-
ceptualization of continental hydrosystems as a continuum between surface and subsurface
waters, referred to as the stream-aquifer continuum, in which streams and aquifers are con-
sidered as a single connected resource (Stanford and Ward , 1993; Brunke and Gonser , 1997;
Alley et al., 2002; Ross , 2017). At the transition between the surface and subsurface waters,
the stream-aquifer interface is therefore a zone of particular interest and increasingly studied
(Flipo et al., 2014; Cardenas , 2015).

1.1.3 Complexity and significance of the stream-aquifer interface

From a hydrological point of view, the zone at the interface between the stream and
its underlying aquifer where water exchanges are driven both by stream pressure gradients
and subsurface properties is called the hyporheic zone (HZ) (Tonina and Buffington, 2009;
Peralta-Maraver et al., 2018). Water dynamics at this interface result from the superposition
of high-frequency events taking place at the surface and low-frequency events taking place in
the subsurface. Flowpaths are nested over several scales, from small-scale flowpaths induced
by streambed microforms of the order of millimeters, to large-scale water exchange between
surface and subsurface compartments resulting from regional groundwater pressure gradients
of the order of hundreds of kilometers (Cardenas , 2009; Krause et al., 2011; Flipo et al., 2014).
At all scales, flows are forced by pressure gradients and their magnitudes depend on hydraulic
properties of subsurface materials (Winter et al., 1998).

In line with the classification introduced in Flipo et al. (2014), stream-aquifer exchanges
are described as taking place at the local, reach and catchment scales as follows (Fig. 1.1).
At the local scale (typically 1mm-10m), the main exchange driver is the variation of pres-
sure over the stream channel boundary created by the topographically-varying bed forms
such as ripples or pool-riffle sequences and high-frequency variations in river stage (Elliott
and Brooks , 1997; Cardenas et al., 2004; Cardenas and Wilson, 2007). At the reach scale
(typically 10m-1km), water exchanges are induced by river sinusoity and induced by ele-
vation gradients around stream meanders (Harvey and Bencala, 1993; Boano et al., 2006).
At the catchment scale (typically 10km-103km), flow between surface and subsurface waters
are driven by large-scale pressure gradients resulting from flow in regional aquifer systems
(Malard et al., 2002). The exchange regime is driven by the position of the water table
relative to the river stage, creating conditions for losing or gaining streams. The direction
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Figure 1.1: Stream-aquifer exchanges from the local to the catchment scale: process under-
standing and prediction demand. Adapted from Flipo et al. (2014) and Krause et al. (2011)

and magnitude of these large-scale exchanges vary spatially and with seasons (Sophocleous ,
2002; Mouhri et al., 2013).

Hydraulic conductivity is a critical subsurface property controlling flow rates in the sub-
surface in general; at the stream-aquifer interface in particular, heterogeneity in hydraulic
conductivity influences patterns of exchanges between surface and subsurface water bodies.
Hydraulic conductivities in hyporheic zones can vary over 8 orders of magnitude over short
distances (Calver , 2001; Genereux et al., 2008). At the local scale, one consistent conse-
quence of considering spatial variability of sediments is an increase in the absolute values
of exchanges (Salehin et al., 2004; Sawyer and Cardenas , 2009; Zhou et al., 2014b). In the
study of Zhou et al. (2014b), the interfacial flux varies by one order of magnitude on av-
erage on the reach and by several orders of magnitude at specific locations. The layered
structure of sediments favor horizontal flow paths, which can in turn enhance short or long
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residence time, depending on the persistence of spatial patterns near the stream-aquifer inter-
face (Sawyer and Cardenas , 2009). At the reach scale, changes in the hydraulic conductivity
of sediments impact the spatial distribution of stream-groundwater exchange, in particu-
lar by determining the location of upwelling and downwelling areas (Cardenas et al., 2004;
Fleckenstein et al., 2006). In the study of Zhou et al. (2014b), the regions of upwelling and
downwelling are smaller and more scattered for a heterogeneous streambed when compared
to its homogeneous equivalent. Moreover, heterogeneities create preferential flow paths and
local reconnections of the stream to the underlying water table, resulting in a decrease in the
percentage of stream area responsible for the majority of stream-aquifer exchanges (Fleck-
enstein et al., 2006). At the catchment scale, aquifer heterogeneities can create perched
saturated zones and enhance the buffering effects of alluvial plains (Fleckenstein et al., 2006;
Flipo et al., 2014).

Because of its unique position at the interface between surface and subsurface waters,
the HZ is characterized by high gradients in physical and biogeochemical variables and
therefore by unique geochemical and ecological activity. Water fluxes in the HZ condition
the transport of heat between surface and subsurface waters, the transport and attenuation
of contaminants in the stream-aquifer interface and the cycling of nutrients critical for good
ecological status in streams. One major illustration is the removal of nitrates at the stream-
aquifer interface. Usually caused by the use of agricultural fertilizers, nitrate pollution results
in eutrophication of surface waters, leading to excessive growth of aquatic plants, depletion of
oxygen and causing the degradation of aquatic habitats. With a catchment scale modeling on
the Grand-Morin basin (subcatchment of the Seine basin), Flipo et al. (2007) estimated that
about 20% of nitrates infiltrating the subsurface are removed when transiting through the
stream-interface. In a study in an agricultural catchment in Germany, Musolff et al. (2016)
have shown that nitrate concentration in the stream is actually controlled by groundwater
dynamics, in particular by the water table elevation and the depth of the unsaturated zone
between the stream and the groundwater. These two examples illustrate the significance
of biogeochemical processes taking place in the HZ for the quality of stream water at the
catchment scale. Other pollutants of significance are removed from the hydrosystem when
transiting through the stream-aquifer interface, such as phosphorus, organic carbon, mining-
derived pollutants or emergent pollutants such as acidic pharmaceuticals (Gandy et al., 2007;
Kunkel and Radke, 2008; Peralta-Maraver et al., 2018). The HZ being the last barrier before
groundwater reaches surface water, water managers are encouraged to consider both surface
and subsurface resources in their management plans conjonctively, for example in the EU
Water Framework Directive and in Australian States (Ross , 2017).

Due to their complexity and their significance, hydrological processes driving water ex-
changes at the stream-aquifer interface have received increasing attention in the past decades
in hydrologic science (Krause et al., 2011; Cardenas , 2015). Water exchanges in the HZ
are the engine driving multiple critical processes and their characterization is therefore key
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to understanding processes such as the transport and attenuation of contaminants in the
stream-aquifer continuum and for maintaining good ecological status in streams (Krause
et al., 2011; Peralta-Maraver et al., 2018). While most research focuses at local and reach
scales, the catchment scale is the scale at which water managers operate and where pre-
dictions are needed (Fig. 1.1). Upscaling local and reach scale processes to the catchment
scale for predicting the availability and quality of surface and subsurface water resources is
a well-documented research need (Fleckenstein et al., 2010; Krause et al., 2011).

1.2 Available tools for comprehending

hydrogeological processes

Hydrological sciences rely on the combination of environmental data, physical under-
standing, and statistical methods for quantifying uncertainties in derived predictions. This
section provides background for these different aspects, emphasizing challenges in the per-
spective of estimating water exchanges at the stream-aquifer interface.

1.2.1 Data in hydrogeology

Understanding and making water management decisions requires development of science
supported by adequate field data (e.g. Currell et al., 2017). One well-recognized challenge
in hydrogeological sciences is the general lack of data, the properties in the stream-aquifer
interface being no exception. We distinguish two types of data that can be considered to
inform a hydrogeological process at a site of interest: in-situ data are measurements taken at
the field site of interest, and ex-situ data are estimates derived at other field sites providing
information transferable to the field site of interest. In this section, we briefly describe the
different types of data and the challenges associated with both use of data.

In-situ data. Gathering data for answering a hydrogeological question at a field site of
interest is usually time consuming and expensive (e.g. Rubin, 2003; Wickert , 2014). When
characterizing a hydrogeological process at a field site, one has to deal with spatially-scarce
measurements of properties variable in space, and derive prediction accounting for that
uncertainty. In order to account for this spatial variability, spatially-distributed parameter
estimates need to be derived, and when possible these estimated should be supported by
spatially-distributed measurements of the property. This is particularly valid for stream-
aquifer interface investigations, where hydraulic conductivities can vary over several orders
of magnitude over a short distance (Calver , 2001; Genereux et al., 2008; Brunner et al., 2017).
Data gathered at the field site can then be used in numerical models, either as boundary
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conditions to the numerical model, or as data supporting the estimation of hydrogeological
properties at the site.

Ex-situ data. There is a long history of experimentation and data collection in hydro-
geological sciences; corresponding results have been reported in technical reports, scientific
publications and books (e.g. Comunian and Renard , 2009). Additionnally to having in-
formed hydrogeological processes taking place at a specific field site, information contained
in such gathered data could be used as background knowledge when starting hydrogeological
investigation at a new site in the form of prior information (e.g. Rubin, 2003). However, this
data is dispersed and difficult to access (Comunian and Renard , 2009). Trying to predict the
value of a hydrogeological property at a site of interest from ex-situ data therefore requires to
undertake a literature review, which would imply the identification of sources where relevant
numerical values can be found, and gathering numerical values alongside with explanatory
features such as rock type, environment types, scale representative of the derived estimate,
method of determination, depth of sample, which could help relate previously investigated
field sites to the field site of interest. However, additionally to being a time-consuming task,
previous attempts at this goal have shown that relationships between numerical estimates
and explanatory features are usually not straightforward to establish (e.g. Calver , 2001).
Along these lines, another related challenge is that limited guidance exist on the notion of
hydrogeological site similarity and what characteristics lead to similar numerical values for a
given hydrogeological property, which makes it difficult to identify studies that could provide
the relevant information. Such questions are difficult to investigate without the existence of
well-structured and easily accessible databases that could support such analyzes. Following
a similar assessment, Comunian and Renard (2009) introduced a world-wide collaborative
database gathering hydrogeological parameter values, but this database has received limited
contributions since its publication, which can be explained by the lack of incentive for re-
porting results of expensive and time-consuming field campaigns into well-structured and
easily accessible databases.

1.2.2 Physically-based models

Water, heat and solute movement in the subsurface are governed by physical laws, and in
particular by conservation principles. This dissertation uses Darcy’s law and the groundwater
equation for deriving hyporheic flow rates, as well as the advection-diffusion equation for
describing the transport of heat in porous media (chapter 4).

These fundamental equations are implemented in numerical physically-based models sim-
ulating the distribution of water pressure and temperature in the subsurface at the site of
interest. Physically-based numerical models are conceptual models implementing main phys-
ical drivers of water and heat exchange at the site. Numerical simulations are implemented
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on a mesh discretizing the field site; they need to be initialized by a field representing the
state of the system at the start of the simulation; and need to be forced by boundary con-
ditions driving the evolution of the system. Moreover, the model output is dependent on
numerical values used for parameters in the numerical model, which need to be estimated.

Although there are attempts of representing the multi-scale flow dynamics in the stream-
aquifer interface, no numerical models developed to date represent the flow complexity pre-
viously described from the local to the catchment scales (Brunner et al., 2017). This can be
explained in part by the complexity of physical processes that would need to be implemented
as well as by the limited amount of data available to construct and constrain such models.
To date, the application of such models have been limited to the local and reach scales, and
usually represent synthetic case studies rather than field sites. For example, some studies
investigated the properties of spatially heterogeneous streambeds using integrated surface-
subsurface modeling at the local and reach scales (e.g. Stonedahl et al., 2010). Integrated
surface-subsurface hydrological models can also be used for simulating the coupled dynamics
of water flow at the catchment scale, integrating the stream-aquifer interface with some level
of simplification (Paniconi and Putti , 2015). These models operating at the catchment scale
cannot represent the full complexity of hyporheic flows, however flows measured at the local
scale can be used to calibrate large-scale models (Brunner et al., 2017).

1.2.3 Bayesian data assimilation and uncertainty-quantified
predictions

In hydrogeology, data assimilation refers to the incorporation of observations of a system
into the numerical model describing the system, and in particular into the estimation of
parameters in the model relating to physical properties of the system (Rubin et al., 2010).
This section provides background on Bayesian concepts used in the dissertation.

Stochastic hydrogeology poses the data assimilation problem in a probabilistic framework,
allowing to investigate uncertainty in quantitative way (Rubin, 2003). Model parameters y
are considered as random variables defined by their probability density function (pdf). The
Bayesian framework provides a unified and conceptually appealing framework for assimilating
ex-situ and in-situ data into the model and for deriving corresponding uncertainty-quantified
predictions. This is done following two steps, inference and prediction.

Inference. Bayesian inference relies on the definition of a prior distribution fY (y) which
expresses the belief about parameter y before we see any data (Rubin, 2003; Wasserman,
2004). This pdf is then updated on the basis of field data z∗ into a posterior distribution
fY (y|z∗). This is done by means of Bayes’ theorem expressed as follows.
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fY (y|z∗) =
fZ(z∗|y)fY (y)

fZ(z∗)
(1.1)

In equation 1.1, fZ(z∗|y) is the likelihood function and expresses the probability of
observing data z∗ when parameters in the model are y. In hydrogeology, this likelihood
function is based on a physically-based forward model relating subsurface properties y to
observations z∗. fZ(z∗) is the probability of the data, it is usually treated as a normalizing
constant adjusted such that the posterior pdf fY (y|z∗) integrates to 1.

The final result of the Bayesian inference procedure is therefore the posterior pdf fY (y|z∗)
characterizing the information about model parameters y once field observations z∗ have
been assimilated. Bayesian inference allows the quantification of the extent to which field
measurements z∗ help characterize physical parameters y by comparing the prior and pos-
terior pdfs: if the variance of the posterior distribution is smaller than the variance of the
prior distribution, assimilating data z∗ is helpful for the characterization of y.

Prediction. Following Bayesian inference, a quantity g depending on subsurface prop-
erties y can be predicted using the posterior distribution fY (y|z∗).

fG(g|z∗) =

∫
y

fG(g|y)fY (y|z∗)dy (1.2)

The combination of the inference and prediction steps result in the derivation of uncertainty-
quantified predictions.

1.3 Research objectives

This dissertation combines experimental developments, physically-based modeling and
statistical methods for characterizing the spatial distribution of water exchanges at the
stream-aquifer interface. Methods in this dissertation have been developed with the goal
of being applied to the estimation of spatially-distributed water exchanges in the Avenelles
basin, France (Loumagne and Tallec, 2013; Mouhri et al., 2013). This overarching objective
was developed into several objectives as follows.

Estimate local-scale hydrogeological properties and water exchanges. Stream-
aquifer exchanges depend on hydrological pressure gradients and hydrogeological properties.
A prerequisite to the estimation of the spatial variability of exchanges is therefore the char-
acterization of the spatial variability of hydrological properties, and in particular hydraulic
conductivity, the primary control on flow in the subsurface. In order to do so, an experi-
mental sensor called LOMOS-mini was developed, with the objective able to estimate the



CHAPTER 1. INTRODUCTION 10

hydrogeological properties and water fluxes in the HZ at the local scale. This estimation
process is based on the coupling of LOMOS-mini measurements with a numerical model of
water and heat transfer in the subsurface.

Along these lines, the first research objective can be stated as follows: to what extent
can the coupling of LOMOS-mini measurements with a numerical model of water and heat
transport in the subsurface inform the characterization of hydraulic conductivity and water
fluxes in the HZ at the local scale?

Assimilate ex-situ hydrogeological data. The estimation of hydrogeological prop-
erties in the subsurface from in-situ measurements in general, and from LOMOS-mini mea-
surements in particular, can be informed by accounting for previous experience working with
variables of interest at other investigated field sites. This ex-situ information would help con-
strain the inverse modeling procedure when estimating hydrogeological variables from in-situ
measurements at the site of interest.

Along these lines, the second research objective can be stated as follows: to what extent
can the assimilation of ex-situ hydrogeological data help predict hydraulic conductivity values
at a target site?

Spatialize measurements from the local to the reach and catchment scales. The
combination of in-situ and ex-situ information can be used to estimate the local distribution
of hydrological properties and water fluxes at the local scale. After having installed the
LOMOS-mini at several locations along the stream network, spatially-distributed local-scale
estimates of hydrogeological properties and water fluxes were obtained. These local-scale
estimates can then support the characterization of the spatial distribution of hydrogeological
properties and stream-aquifer exchanges in the HZ at the scale of the Avenelles basin.

Along these lines, the third research objective can be stated as follows: to what extent do
spatially-distributed local-scale estimates of hydrogeological properties and water fluxes help
characterize the spatial distribution of stream-aquifer exchanges on the Avenelles basin?

1.4 Summary of contributions

Pursuing research objectives developed in the previous section resulted in several distinct
contributions as follows.

First, we developed the LOMOS-mini, an experimental sensor for monitoring local-scale
water and heat exchanges in the HZ. This sensor couples high-frequency measurements
of hydraulic head differential and vertically-distributed temperature below the streambed.
Using heat as a tracer of the flow, it supports the estimation of vertical water and heat
exchanges, under the assumption that hydrological and thermal properties in the streambed
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are known. The LOMOS-mini is a low-cost system, developed for being easy to construct
from individual components and robust and autonomous on the field. This sensor contributes
to enabling the collection of more hydrogeologic field data in a general context of data
scarcity.

Second, the use of LOMOS-mini measurements for estimating local-scale hydrogeolog-
ical and thermal properties in the HZ has been investigated. Using heat as a tracer is a
well-established method for estimating water flow in the HZ, but the extent to which these
temperature timeseries can help characterize hydrogeological and thermal properties at the
local scale when coupled with pressure differential measurements had never been quantified.
Here, we used a Bayesian inverse modeling framework to investigate the identifiability of hy-
drological and thermal properties from LOMOS-mini measurements, and study the physical
controls of identifiability. Using an analytical solution to the infiltration of water and heat in
the subsurface, we showed that the identifiability of properties depends on the hydrological
and thermal regime in the HZ. Under advective conditions, when most heat is transported
by water, advective parameters and in particular hydraulic conductivity can be identified.
Under conductive conditions, when the magnitude of water flow is not sufficient to balance
the conduction of heat, conductive terms can be identified and the estimate of hydraulic
conductivity does not improve with the assimilation of LOMOS-mini measurements. At
the transition between both regimes, conductive and advective parameters can be identified.
All properties are better identified under infiltrating conditions that exfiltrating conditions,
during which the diurnal temperature signal better penetrates the HZ.

Third, an algorithm for assimilating ex-situ hydrogeological data from measurements at
similar sites has been introduced through the concept of regionalized priors. Borrowing from
the concept of regionalization in ungauged catchments in hydrological sciences, regionalized
priors aim at summarizing information about a hydrogeological parameter at a site of interest
in the form of a pdf. In a Bayesian context, this pdf can be used as an informative prior
for better constraining further inverse modeling studies from in-situ data at the site. By
adopting a hierarchical approach, the regionalized prior algorithm allows the assimilation
of multiple types of site-specific data (numerical values, bounds, moments, pdfs etc) and
recognizes inter-site variability. The introduction of such an algorithm should enable to
take advantage of the always increasing amount of available hydrogeological data for better
informed environmental modeling and decision making.

Fourth, the regionalized prior algorithm was implemented in the form of an open-source
and documented R-package called rPrior available for download1. rPrior also includes
numerical values of hydrogeological properties as gathered from wwhypda (Comunian and
Renard , 2009) and of statistical parameters describing the spatial distribution of these prop-
erties as reported in Rubin (2003); the inclusion of this data is expected to facilitate the

1https://github.com/kcucchi/rPrior
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application of the regionalized prior algorithm in future case studies. The R-package has a
flexible structure and other databases can be used as inputs to the data assimilation function
in the future. Moreover, its implementation is open-source, and potential interested parties
can contribute to future developments and applications of this concept. The presence of
such an algorithm along with its user-friendly and open-source implementation could trigger
the development of hydrogeological databases in future years and support valuable transfer
of information between similar field sites, such that better use of previous hydrogeological
investigations can be made in the future when undertaking investigations at a site of interest.

Fifth, LOMOS-mini measurements have been collected in the Avenelles basin, France,
and have been gathered in the form of a database that can be used in further studies. These
measurements were collected with the goal of supporting the study of spatially-distributed
analysis of hydrogeological properties and water fluxes in the HZ with a field case study,
but can be applied to answer research questions outside of this direct scope. One particular
aspect that wasn’t considered in this dissertation is the high-frequency dynamics of water and
heat processes within the HZ driven by fluctuations in the stream stage, that have received
limited reserach attention to date in the literature. These measurements are being considered
for publication, so that they can be used by other groups of researchers investigating different
aspects of water and heat dynamics in the HZ.

Sixth, methods developed in the dissertation were applied to the estimation of the spatial
distribution of hydrological and thermal properties along the hydrographic network in the
Avenelles basin, France. Although findings are specific to this case study, the methodolog-
ical framework developed can be applied at other field sites investigating similar questions.
Moreover, findings concerning the spatial distribution of exchanges and their drivers can be
applied to inform further investigations at similar sites in the future.

1.5 Plan of dissertation

Contributions summarized in the previous section are further developed in this thesis as
follows.

Chapter 2 introduces and develops the concept of regionalized priors. After introducing
the context of the study and the rationale behind the use of a Bayesian hierarchical model, the
algorithm is demonstrated on synthetically generated fields and its application is illustrated
on established hydrogeological databases.

Chapter 3 introduces the LOMOS-mini, the experimental sensor developed for estimating
local-scale hydrogeological properties and water exchanges in the HZ in the Avenelles basin.

Chapter 4 presents the extent to which hydrogeological properties and water fluxes can be
identified from LOMOS-mini measurements and the physical controls of the identification.
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Chapter 5 presents the application of methods to the estimation of spatially-distributed
stream-aquifer exchanges in the Avenelles basin. After describing the study area and the
field work that has been conducted, the spatial distribution of local-scale hydrogeological
properties and water fluxes is analyzed.
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Chapter 2

Regionalized priors: A Bayesian
hierarchical framework for the
definition of informative prior
distributions in hydrogeology

In this chapter, I present the Bayesian hierarchical framework developed for defining
informative prior distributions in hydrogeological studies.

This chapter has been developed as a manuscript for submission to Water Resources
Research.

Abstract: Stochastic modeling, in which parameters are defined by their probability den-
sity functions (pdf), is now common practice in the hydrogeology for modeling uncertainty.
In particular, the Bayesian approach for inverse modeling is often used to assimilate infor-
mation contained in field measurements into posterior pdfs of hydrogeological parameters.
It necessitates the definition of a prior pdf which characterizes the knowledge of hydrological
variables before undertaking any investigation at the site. This knowledge usually comes
from previous studies at similar sites and can take multiple forms, such as numerical values,
bounds, statistical moments. In this study, we present an algorithm to assimilate informa-
tion gathered from multiple sites into an informative pdf that we call regionalized prior. This
informative pdf summarizes information available about a hydrogeological parameter at a
hydrogeological site of interest and can then be used as a prior pdf in further studies at the
site. We show how different kinds of information can be assimilated in the regionalized prior,
compare it to algorithms available in the literature. Finally, we demonstrate the behavior of
the algorithm on several synthetic case studies and illustrate the approach by applying it to
two established hydrogeological datasets.
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2.1 Introduction

2.1.1 Context of study

One of the most apparent challenges in the modeling of hydrogeological processes is the
general lack of available information about parameters in physical models, due to spatial vari-
ability and data scarcity. Predicting and understanding flow and transport in the subsurface
is consequently characterized by variable degrees of uncertainty. Such situations, where one
has to reason with largely incomplete information, have led to the increasing adoption of
statistical methods that may account for this uncertainty. In Bayesian inference, the uncer-
tain hydrogeological parameters y are conceptualized as random variables Y which are fully
defined by their probability density function (pdf) fY (y). The goal of inference is then to
condition this pdf on the available data z that is related to y, i.e. deriving fY (y|z). This is
done using Bayes Theorem, where the data z represent only one part of the inference, the
other one being the prior pdf fY (y). When investigating a field site, the prior pdf represents
the knowledge about the target parameter y without accounting for data z coming from the
site under investigation, whereas the posterior pdf fY (y|z) represents the knowledge after
accounting for that data.

Prior pdfs are a key part of any Bayesian inference. However, selecting a prior is not
straightforward and only few guidelines exist to help the modeler in this task in general
(Scales and Tenorio, 2001), and in hydrogeological studies in particular. In fact, the Bayesian
point of view is often criticized precisely because modelers need to define a prior, a step un-
duly subjective and arbitrary as it depends on the individual choice made by the modeler
(Kass and Wasserman, 1996; Ulrych et al., 2001). However, it is important to note that
this same subjectivity arises in the choice of the likelihood function, or of the objective func-
tion when performing deterministic calibrations (e.g. Over et al., 2015). Bayesian modelers
actually see the definition of priors as an opportunity to incorporate previous experience
working with variables y into the inverse modeling process in a way that is transparent and
theoretically sound.

In this study, we focus on informative priors, which by definition intend to provide some
information about the target variables prior to the assimilation of measurements taken at
the target site. The derivation of such informative priors becomes possible by the fact
that databases that gather parameter values are more and more common and accessible.
Following the statement of Vereecken et al. (2014, p.91), we are entering the ”big data” era in
environmental modeling with datasets containing an unprecedented quantity of information.
To the authors’ knowledge, no algorithm has been presented to date to assimilate such
detailed information in the form of prior distributions for hydrogeological properties. In this
study, we propose such an algorithm to take advantage of the always increasing amount of
data that is available for the purpose of better informed environmental modeling and decision



CHAPTER 2. EX-SITU DATA ASSIMILATION 16

making.
The use of informative priors has several advantages. First, the state of uncertainty rep-

resented in an informative prior is a measure for the amount of background knowledge that
is available in a certain field. It can therefore be seen as a benchmark for a measurement
campaign, by comparing the expected information content in the measurements as expressed
in the likelihood function to the information content of the background knowledge as ex-
pressed in the prior pdf. This provides a sound foundation for the field a data worth by
connecting it to the question of information gain (Hou and Rubin, 2005; Tang et al., 2016).
Furthermore, the information contained in informative priors may be crucial in situations
where the information content in the measurements is not high enough to derive posterior
pdfs with the desired level of certainty for point estimation (Reichert , 1997). This is often
the case in hydrological studies with high levels of data scarcity. To help identify these
situations where the use of an informative prior helps parameter identification, Tang et al.
(2016) introduced the Kullback-Leibler divergence (KLD) for quantifying the impact of prior
and likelihood distributions on the posterior. In their conclusion, they suggest that their ap-
proach could be used to inform the choice of a meaningful prior, where parameters insensitive
to measurements should be given a well-defined prior, while sensitive parameters could have
a prior defined more vaguely. Another situation where informative priors are helpful involves
ill-posed problems and in particular the issue of non-identifiability, where different sets of
parameters lead to the same likelihood value. This issue concerns most inverse problems in
hydrogeology (Carrera and Neuman, 1986; Zhou et al., 2014a). In Bayesian inverse model-
ing, identifiability is not necessarily a requirement, as equally probable parameter sets will
receive equal likelihood values (Reichert , 1997). However, it is a clear obstacle when the goal
is to estimate parameter values with a desired level of certainty. By reducing the range over
which parameters can vary, the use of narrow prior distributions better informs the inverse
modeling process and can help better identify parameters of the problem (Scharnagl et al.,
2011; Zhou et al., 2014a).

In conclusion, informative priors allow to incorporate previous experience working with
variables of interest; moreover, in specific cases they can significantly improve the precision
of derived posterior distributions. In these cases, it is critical to be able to formulate an
appropriate informative prior pdf for a target site using information from previous available
studies.

2.1.2 The notion of site similarity

The construction of an informative prior for hydrogeological studies relies on the careful
selection of data used in the assimilation, obtained from previous work at field sites similar to
the target site (Rubin, 2003). The notion of site similarity is not straightforward and depends
on processes and variables under investigation. Site similarity is established when the target
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site and a previously investigated field site share similar characteristics with respect to the
target variable. In the next paragraphs, we detail important steps to consider in vetting
potential sites for selecting them as similar sites.

We distinguish two complementary aspects in the comparison, borrowed from measure-
ment information theory: the first aspect refers to the state of the physical system under
consideration; the second aspect refers to the observer’s interaction with that system to pro-
duce information (Tal , 2016, section 6). We respectively refer to them as the systemic and
the epistemic aspects of the comparison.

The systemic comparison refers to the instrinsic characteristics of the geological system
under consideration. For example, parameters of water retention curves are highly linked
to qualitative sediment description of soil texture (clay, sand, silt) (e.g. Carsel and Parrish,
1988). Parameters of spatial random fields are linked to the hydrogeological setting, in
particular to the types of depositional environments (alluvial aquifer, limestone aquifer)
(e.g. Gelhar , 1986; Rubin, 2003).

The epistemic comparison refers to the observer’s interaction with the geological system
under consideration and to the set of tools used when deriving information about that system.
In particular, the measurement technique used to derive a numerical property is critical in
the final result.

Depending on the parameter under investigation, the scale of investigation can be ei-
ther a systemic or an epistemic property. When dealing with a variable that shows scale
dependence, then scale should be considered as a systemic property. For example, solute
macrodispersivity is dependent on the scale of observation and on the geological formation
(e.g. Zech et al., 2015). Therefore, when deriving an informative prior for macrodispersivity,
the scale of observation should be accounted for when selecting similar sites. Similarly for
hydraulic conductivity, the scale at which parameters are estimated influences the result. In
particular, the variability in estimated values tend to be smoothed out as the measurement
support volume increases (Neuman and Di Federico, 1998). Similarly, in a literature review
of hydraulic conductivity in streambeds combining different types of measurements as well as
estimates resulting from inverse modeling, Calver (2001) observed that hydraulic conductiv-
ities show higher variability when investigated at smaller scales than when derived at larger
scales, because at larger scale small-scale variability tends to be smoothed out for certain
spatial variability models. In that case, scale should be considered as an epistemic value as
it refers how the parameter was estimated from the system. The classification of scale into
systemic or epistemic characteristics therefore depends on the target variable considered.

Site similarity should be established on the basis of systemic characteristics. Differences
in epistemic characteristics create additional variability in the derived values, when different
sites are associated with different investigation strategies. The regionalized prior accounts
for this inter-site epistemic variability (C 2).

In our approach, site similarity is defined binarily: a site is either similar to the target
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site and considered in the analysis, or it is not and is discarded from the analysis. In future
works, our approach can be extended to cases where information coming from different sites
are weighted differently based on a measure of similarity to the target site, but this is outside
the scope of this study.

2.1.3 Objective of study

Following these considerations, we attempt to formulate a list of criteria (C ) summarizing
the properties for regionalized priors.

(C 1) Ex-situ. The prior pdf should result from the assimilation of ex-situ data, i.e. coming
from field sites different than the target site.

(C 2) Inter-site variability. The assimilation algorithm should distinguish between mea-
surements coming from a same site and measurements coming from different sites, by
accounting for an additional level of variability when measurements come from different
sites.

(C 3) Data fusion. The assimilation algorithm should be able to handle different types of
information (direct measurements, moments, bounds ...).

We refer to a prior distribution derived honoring criteria (C ) as a regionalized prior. The
term regionalized is borrowed from the hydrology concept of regionalization (Bloschl , 2005;
Wagener et al., 2004). In hydrology, this concept is invoked for deriving runoff predictions
in ungauged catchments. It refers to the transfer of information from gauged to ungauged
basins, with the underlying assumption that catchments with similar characteristics show
similar hydrological behavior. Controls include spatial proximity, land cover, soil type, cli-
matic conditions or stream network density (Patil and Stieglitz , 2012; Wagener et al., 2013).
In a similar fashion, the goal of the regionalized prior is to transfer information from similar
hydrogeological sites for a study at a target site.

In this study, we introduce an algorithm to assimilate data gathered from similar sites
into a regionalized prior pdf honoring (C ). This objective pertains to meta-analysis, which
is by definition the process of summarizing and integrating findings from previous studies of
a particular research area (e.g. Carlin, 1992). Here, the pursued meta-analysis consists in
summarizing data from several independent field sites and integrating it into an informed
pdf for a variable of interest. This approach is closely related to Bayesian hierarchical
modeling (Gelman et al., 2014, section 5.6). In this study, we apply recent developments in
meta-analysis to hydrogeological parameter estimation and introduce a conceptually new ap-
proach for formulating informative prior pdfs in hydrogeological studies. Using the Bayesian
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hierarchical modeling framework, the approach assimilates data from previous studies with
a unified approach into a pdf honoring criteria (C ), which we call regionalized pdf.

2.2 Methods

2.2.1 Bayesian inference and role of the prior distribution

When performing a hydrogeological investigation at one site, in-situ measurements z are
used to estimate soil properties y. In the stochastic framework, the parameters of the model
y are considered as realizations of the random variable Y characterized by a probability
density function (pdf). Bayesian inference uses the in-situ information contained in z to
improve the statistical characterization of Y at the site under investigation. The basis of all
Bayesian inference is Bayes’ theorem, which can be stated as follows.

fY (y|z) =
fZ(z|y)

fZ(z)
fY (y) (2.1)

z are in-situ data used for the inference, y is the vector of physical parameters at the site
under investigation and is described by the random variable Y . Within this context, fY (y)
is the prior, describing our credence in y before accounting for in-situ data z and fY (y|z)
is the posterior, describing the credence in y after accounting for in-situ data z. The term
connecting both is the normalized likelihood, consisting in the likelihood fZ(z|y) and the
normalizing constant fZ(z).

For the sake of clarity, we distinguish between parameters in the physical model y and
parameters in the data assimilation model by referring to y as target variables in the rest of
the manuscript.

Informative vs. non-informative priors refer to the influence of the prior on the posterior
distribution. A prior is non-informative when its influence on the posterior distribution is
minimal, so that inferences are not affected by information external to the current data z
(Gelman et al., 2014). Using non-informative priors means to start at a state of ignorance,
i.e. no prior knowledge on the question exists or can reasonably be used. Conversely, using
informative priors means to continue the inference, i.e. to build upon prior results that are
considered to be relevant to the current question. This means that the prior in Equation 2.1
contains relevant background information derived from available ex-situ data D.

To reflect this notion, Equation 2.1 should be recast as follows

fY (y|D, z) =
fZ(z|y)

fZ(z)
fY (y|D) =

fZ(z|y)

fZ(z)

fD(D|y)

fD(D)
fY (y), (2.2)
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with fY (y) being the non-informative and fY (y|D) being the informative prior. In equation
2.2, z refers to in-situ data and D refers to ex-situ data.

Figure 2.1 illustrates the stepwise inference about target variable Y described by equa-
tion 2.2. Even if fY (y|D) results from the assimilation of data, we still refer to it as a prior
distribution, in that it represents what we know about the target variable Y before account-
ing for in-situ data z. Regionalized reflects the fact that this prior distribution contains
information borrowed from previous studies.

Figure 2.1: Updating the statistical distribution of the target variable Y by assimilating
ex-situ data D and in-situ data z. The regionalized prior pdf is the informative prior pdf
resulting from the assimilation of ex-situ data D. It can then used for further analyzes using
Bayesian inference with in-situ data z.

The goal of the data assimilation algorithm introduced in this study is the derivation of
the regionalized prior distribution fY (y|D).

2.2.2 Existing methods for formulating prior distributions in
hydrogeology

Different strategies can be adopted when defining a prior for hydrogeological properties,
with different level of uncertainty about the parameters, ranging from non-informative to
informative priors. We review here these different strategies. We discard studies where priors
are derived from information coming from the site under investigation, as this does not fall
in the definition of priors as considered in our study.

Non-informative priors have the highest level of parameter uncertainty and are used to
represent prior ignorance about the parameter. They assign equal or close to equal proba-
bility to the parameter definition domain. In that case, a uniform prior assigning constant
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probability between upper and lower bounds is usually used (even if uniform priors are not
always considered as non-informative (Jaynes , 1968)). These priors constrain the parameter
realizations to their physically feasible range (eg. hydraulic conductivity has to be strictly
positive). Non-informative priors are often used in previously published hydrogeological
studies (e.g. Engeland and Gottschalk , 2002; De Barros et al., 2012; Houska et al., 2014).
In the evaluation of models forecasting petroleum reservoir production, Arnold et al. (2013)
used uniform priors for soil porosity, permeability, water component, oil component and
water saturation. They noted that defining priors is a key challenge for their study and sug-
gested that bringing geological knowledge from judgments of geologists and engineers could
help discard non-realistic scenarios and reduce bias in parameter estimates.

Non-informative priors do not contain information borrowed from similar sites, and there-
fore do not follow the criteria (C ). If this strategy works for well-defined inverse problems
with sufficient conditioning data, in other cases the study can benefit from the definition of
informative prior pdfs. Previous studies have developed strategies for incorporating previous
information into an informative prior pdf. In the rest of this section, we focus on reviewing
how informative priors have been defined in the literature and explore to what extent they
follow the criteria (C ).

One solution to data assimilation is the principle of maximum entropy, which offers a
systematic and objective framework for defining prior pdfs based on information theory.
The notion of entropy defines a measure on the space of probability distributions, where
distributions of higher entropy represent distributions where less is assumed (Jaynes , 1982).
Following the maximum entropy principle, when several distributions are acceptable, the one
with maximum entropy is the one that best represents the state of knowledge. Using this
principle, the influence of the modeler is minimized by deriving the pdf maximizing entropy
given constraints, such as mean, variance, or physical bounds. Woodbury and Ulrych (1993)
were the first to use entropy concepts in order to define pdfs of hydrogeological parameters.
They derived statistical distributions of parameters in the transport equation, constrained
by their expected values and lower and upper bounds defined from three previous studies.
They used the minimum relative entropy method (MRE) to solve for the pdf maximizing
entropy under these constraints; in that case truncated exponential distributions should be
used. Pdfs were used in forward models to predict expected values of peak concentration.
Woodbury and Rubin (2000) and Hou and Rubin (2005) used MRE principles for the defini-
tion of prior pdfs in the context of hydrogeological inverse modeling. Woodbury and Rubin
(2000) used a truncated exponential distribution as prior pdf for transport model parameters
(integral scale, velocity, variance of log-conductivity), based on expected value, upper and
lower bounds from one previous study. These priors where then combined to likelihoods
based on travel time measurements. Hou and Rubin (2005) used MRE for vadose zone
applications. In their case study, the prior distribution is constrained by lower and upper
bounds, mean and variance obtained from the Rosetta database; following MRE concepts
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the prior consists in a truncated Gaussian distribution. They then derived posteriors for
unsaturated zone hydraulic parameters from soil moisture measurements. In conclusion, the
MRE method is a powerful tool to construct prior distributions from limited information;
but in presented examples, previous information is coming from a limited number of studies
(1-3), and exclusively in the form of moments or bounds (never from numerical values).

Other studies used numerical values gathered in a database in order to define prior dis-
tributions. Carsel et al. (1988) developed prior distributions for bulk density, field capacity,
wilting point and organic matter gathering data from 2942 soil series provided by the U.S.
Soil Conservation Service. They sorted the data into 4 soil classes and then used the John-
son transformation in order to transform the empirical distribution of their parameters into
normally-distributed distributions for each soil class. Carsel and Parrish (1988) adopted
a similar approach for unsaturated zone hydraulic parameters. Their work has received
considerable attention as shown by the number of citations and greatly contributed to the
formulation of priors in subsequent studies. For example, Wang et al. (2003) formulated
their prior distributions using soil samples from the Carsel and Parrish (1988) database. In
their study, they used a Bayesian inverse modeling framework in order to estimate pdfs of
hydraulic parameters using soil water content measurements. They used a normal formu-
lation for each of the parameter, where the mean and variance were taken to be equal to
those of the Carsel and Parrish (1988) database. Another example is the study of Over
et al. (2015), which followed the Johnson transformations and numerical values derived in
Carsel and Parrish (1988) for the formulation of their prior distribution of unsaturated
zone hydraulic parameters. Harrison et al. (2012) used a different database, the SSURGO
database, in order to define prior distributions from mean, standard deviation and bounds
for unsaturated zone hydraulic parameters. However, when defining pedotransfer functions
from databases, Guber et al. (2006) noted that functions found strongly depended on the
database used, suggesting that the accuracy of a prior pdf outside the development dataset
is unknown. Instead, they recommend to use an ensemble of numerical values resulting from
the analysis of several databases in order to better represent variability in soil parameters.
Their statement further builds the case for the need of prior distribution functions better
representing data gathered at numerous sites. Indeed, studies following Carsel and Parrish
(1988) relied heavily relied on the pdfs they provided, without taking into account that these
pdfs could be over-specific to the dataset they gathered (Guber et al., 2006). Moreover, their
database brought together data from multiple sites, but they do not account for the com-
plexity of the dataset, such as taking into account that several measurements can come from
the same site, or that measurements at one site can come in the form of reduced statistics
(such as mean, variance, bounds). It rather assigns all sites and all data with equal weight.

Based on prior construction strategies published in the literature, we conclude that prior
distributions are often chosen to be non-informative or defined from a reduced number of
statistics (bounds and/or first moments) or studies, and they do not make most of the
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richness of the information contained in previous investigated studies as suggested by the
criteria listed in page 18.

2.2.3 Types of data used in the assimilation

Ex-situ information about a hydrogeological property can be classified into different cat-
egories. When investigating the spatial distribution of a variable at one site, Journel (1986)
distinguished between three broad categories for classifying available data: hard data (nu-
merical values); hard inequality-type data (the value is known to lie between given bounds)
and soft qualitative information (such as smoothness of spatially-distributed data, localized
information on fault locations at the site, educated guess of bounds at one point). Here,
we modify this classification to account for variables that are not necessarily modeled as
spatially-distributed at the new site, and extend it to distinguish between general informa-
tion valid at all sites and site-specific information relating to information specific to one of
the similar sites. Information on physically feasible ranges holds for all sites considered, site-
specific information refers to information within a site. Information relative to the target
variable at a target site can be classified as follows.

1. hard inequality-type data. The variable is physically known to lie within a bounded
interval (e.g. hydraulic conductivity is strictly positive, porosity is bounded between
0 and 1). This condition holds for all investigated sites.

2. hard site-specific data. It is site-specific data available in the form of a list of
measurements of the variable, a histogram of measured values, a pdf or a cumulative
distribution function (cdf) derived from measured values at a similar site, different
from the site under investigation.

3. soft site-specific data. This refers to data not available in terms of measurements.
It can refer to a site-specific range of values, site-specific statistical moments or site-
specific qualitative information obtained from expert judgment.

We detail how the data assimilation algorithm accounts for physical and site-specific
information in sections 2.2.4.2 and 2.2.4.3 respectively.

2.2.4 The data assimilation framework

The following subsections describe the approach for constructing the regionalized prior
pdf for the target variable Y at a target site from data D gathered at previously investigated
similar sites (Fig. 2.1). First, the application of Bayesian hierarchical modeling for deriving
an informative prior is illustrated on a simple example (section 2.2.4.1). Then, Bayesian
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hierarchical modeling is generalized as a framework for assimilating data of multiple types
(sections 2.2.4.2 and 2.2.4.3). The last subsection focuses on the numerical implementation
(section 2.2.4.4).

2.2.4.1 Illustration on simple synthetic example

This subsection illustrates the construction of the regionalized prior using a small syn-
thetic data set. The rationale for the Bayesian hierarchical model and the full mathematical
description are established in section 2.2.4.2, and the assimilation of multiple types of data
are described in section 2.2.4.3.

The goal in this example is to derive the regionalized prior distribution at target site
S0, using a synthetic dataset relating to porous media porosity from three sites S1, S2 and
S3. Porosity is the target variable Y . At site S1, one estimate of Y1 is available with value
y1,1 = 0.2. At site S2, three estimates of Y2 are available with values y2,1 = 0.3, y2,2 = 0.4,
y2,3 = 0.2. At site S3, three estimates of Y3 are available with values y3,1 = 0.3, y3,2 = 0.2,
y3,3 = 0.2. D denotes data from all sites, which in this example are all of type numerical value
(e.g. measurements). As Y relates to porosity, statistical distributions of Y are physically
bounded between 0 and 1.

In this example, the regionalized prior pdf fY (y|D) is defined using an instance from the
class of hierarchical models called the basic normal hierarchical model (Gelman, 2006a). This
model is stated in Equation 2.3, illustrated in Figure 2.2 and further described in following
paragraphs.

Yi ∼ N[0,1](µi, σ
2) (2.3a)

µi ∼ N[0,1](α, τ
2) (2.3b)

f(α, τ, σ) = f(α)f(τ)f(σ) (2.3c)

The first level in the hierarchy models intra-site variability. It describes the statistical
distribution of the target variable within each site (Eq. 2.3a). At each site Si, estimates are
considered as realizations from a site-specific distribution describing the random variable Yi
at the site. In this example, we assume that at each site Si measurements are independently
drawn from the truncated normal distribution characterized by site-specific mean µi and
standard deviation σ, and truncated to the physical range [0, 1]. The underlying assumption
is that numerical values yi,· provided for site Si are considered to be independent conditionally
on µi and σ; we discuss this assumption in subsection 2.2.4.2 and explain how it can be
relaxed to account for spatial autocorrelation. µi and σ are unobservable parameters called
site-specific parameters.

The second level in the hierarchy models inter-site variability. It describes the statistical
distribution of site-specific parameters µi and σ (Eq. 2.3b). This example follows the
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basic normal hierarchical model, for which site-specific means µi are drawn from a normal
distribution with parameters α and τ 2, and site-specific variance σ2 is defined by a prior pdf
common for all sites (Polson and Scott , 2012).
η = (α, τ, σ) are called hyperparameters. They are initially defined by weakly informative

prior distributions. A flat prior is used for α, p(α) ∝ 1. For the lower-level variance σ2,
Jeffrey’s prior p(σ2) ∝ σ−2 obeys invariance principles (Jeffreys , 1946). It is an improper
prior but leads to posteriors with acceptable properties (Polson and Scott , 2012). However,
Jeffrey’s prior is not acceptable for higher level variance τ 2 because it leads to an improper
posterior with the normal hierarchical model (Gelman, 2002). For τ 2, Polson and Scott
(2012) recommend using the half-Cauchy prior as a sensible choice for top-level variances in
normal hierarchical models, benefits are that it tends to a constant near the origin and while
being heavy-tailed. The goal of the data assimilation is to update these distributions using
available data D.

Figure 2.2: Structure of the hierarchical model for the construction of the regionalized prior
in the simple synthetic example. The goal is the assimilation of measurements D to inform
the statistical distribution of the variable Y at the target site S0. At sites S1, S2 and S3, the
double-sided arrows signify that the statistical model generates parameters µ, σ and y for
each site (descending arrow) and measurements y are used in the assimilation to calculate
the posterior of η (ascending arrow). Descending arrows at target site S0 signify that the
statistical model is used for prediction uniquely.

Figure 2.2 summarizes the hierarchical model for this example. Available site-specific
data is at the lower level of the hierarchy, at the same level than the target variable Y at the
new site S0. At each site, the statistical distribution of the target variable Y is characterized
by site-specific parameters µi and σ. Hyperparameters η describe the variability in site-
specific parameters µi and σ. Figure 2.2 highlights the role of hyperparameters η in the
transfer of information between sites, in that parameters η link investigated sites S1, S2 and
S3 to the target site S0.
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As further detailed in sections 2.2.4.2 and 2.2.4.3, the main steps of the regionalized prior
derivation fY (y|D) are:

1. data assimilation: derived the updated distribution of hyperparameters η, fη(η|D)
(Fig. 2.3);

2. prediction: derive the regionalized prior fY (y|D) (Fig. 2.4).

The first step is to estimate parameters in the statistical model η from data D, i.e.
deriving the updated distribution of hyperparameters η, fη(η|D). Figure 2.3 shows the
marginal posterior pdfs of hyperparameters η for this example (the derivation and numer-
ical implementation are presented in following sections). This example shows how mea-
surements D helped better define statistical distributions of hyperparameters η. Priors are
non-informative and the posterior statistical distribution of hyperparameters are driven by
information contained in measurements. After this first step, the Bayesian hierarchical model
has assimilated measurements D by updating the statistical distribution of parameters η.
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Figure 2.3: Prior (in black) and posterior (in blue) distributions of hyperparameters η in
the Bayesian hierarchical model. The posterior distributions represent the adjustment of the
model to data D, which is the first step in the construction of the regionalized prior.

The second step is deriving the regionalized prior fY (y|D), the predictive pdf for Y at
the target site S0 based on the updated distribution for hyperparameters η (Fig. 2.4). The
predicted values for variable Y at the new site peaks around 0.25, with little probability
outside the 0-0.5 range. The result is consistent with measurements D assimilated by the
algorithm in this synthetic example.
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Figure 2.4: Uninformative (in blue) and informative (in red) prior distribution of the target
variable Y . The informative prior distribution fY (y|D) is the regionalized prior.

2.2.4.2 Bayesian hierarchical modeling

This subsection expands on the data assimilation framework illustrated for the simple
synthetic example case (section 2.2.4.1) and provides justifications for underlying assump-
tions. We explain how the framework allows to account for different types of site-specific
data as introduced in section 2.2.3 and for the spatial autocorrelation of measurements at
one site. Figure 2.5 illustrates the hierarchical model for data assimilation, expanding figure
2.2 to a more general context.

Similarly to the previous subsection, we consider a the random variable Y associated
with a physical property y and derive the regionalized prior distribution describing Y at
a target site S0. The regionalized prior assimilates data borrowed from selected similar
sites Si, i ∈ 1..I, following criteria for similarity presented in the introduction. We extend
the algorithm to the case where the similar sites provide multiple types of data, including
numerical values but also upper or lower bounds, statistical moments, cumulative distribution
functions, histograms. We call D all available data from similar sites. The regionalized pdf
is defined as the pdf of Y given data D, fY (y|D) (Eq. 2.2).

We define the regionalized prior pdf fY (y|D) by means of Bayesian hierarchical modeling
(Fig. 2.5). In various fields such as ecology, psychology, economics and health, Bayesian
hierarchical models are commonly used assimilate non-independent data of various quality
and types (Finucane et al., 2014; Gelman et al., 2014). Bayesian hierarchical models are
relevant to the derivation of regionalized priors as they are designed to account for different
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Figure 2.5: Structure of the hierarchical model for the construction of the regionalized prior
accounting for different types of site-specific information. The goal of the data assimilation
algorithm is to derive the regionalized prior for Y at the target site S0 (red box), based on
data available at site S1, ..., SI .

levels of variability within a data set. The rationale for using Bayesian hierarchical models for
assimilating information contained in the hydrogeological dataset D is that physical variables
yi at sites S1...SI can be regarded as related by their geological similarity; however, the fact
that they are coming from different sites adds a level of variability when compared to data
gathered at the same site. When compared to data gathered from multiple sites, site-specific
data have lower variability because different sites come with different geological history, their
investigation are motivated by different goals, the data is estimated using different approaches
(such as different measurement techniques, inverse modeling). Hierarchical models account
for inter-site variability by recognizing systematic unexplained variation among the sites,
while also recognizing the underlying similarity between similar sites (Gelman, 2006b).

Random variables Yi representing hydrogeological properties at sites S1...SI are modeled
using a Bayesian hierarchical model with 2 levels of variability: the lower level represents
variability within a given site (intra-site variability, Eq. 2.4a), the upper level represents
variability between sites (inter-site variability, Eq. 2.4b).

Yi ∼ fY (y|φi) (2.4a)

φi ∼ fΦ(φ|η) (2.4b)

η ∼ fη(η) (2.4c)



CHAPTER 2. EX-SITU DATA ASSIMILATION 29

The first hierarchical relationship summarizes data within each site (Eq. 2.4a). At each
site Si, the site-specific pdf is considered as a realization from a common population of pdfs,
where each pdf describes the statistical distribution of variables Y at one similar site. This
site-specific pdf is modeled as parametric and characterized by site-specific parameters φi.
Parameters φi summarize data available at site Si in a form homogenized over all sites, thus
allowing inter-site comparison by bringing all information to the same level in a consistent
way. This first level is key in the assimilation of data Di available at sites Si, which can be
of different types between the different sites.

The formulation of the statistical model fY assumed in Equation 2.4a depends on the
target variable under investigation. In the previous section, we defined it as the Gaus-
sian distribution truncated between 0 and 1 (Eq. 2.3a), this is a common assumption for
porosity (e.g. Freeze, 1975; Kitanidis and Vomvoris , 1983). When investigating hydraulic
conductivity, a common assumption is that hydraulic conductivity at one site follows a log-
normal distribution (Freeze, 1975; Eggleston et al., 1996); in that case it is recommended
to use the log-normal distribution for Yi in Equation 2.4a, with Φi = (µi, σi) being the
mean and standard deviation of logarithmically transformed Yi. For the case of a bimodal
variable, a mixture of Gaussian distributions can be used, where the individual Gaussian
distribution represents the statistical distribution of one attribute and the probability of
each attribute is modeled by an indicator function. For example in a sand-shale formation,
the log-conductivity of attributes sand and shale would be modeled by two distinct Gaussian
distributions, and the indicator function would describe the overall proportion of sand vs
shale (Rubin, 1995). The log-transform is a special case in the Johnson system of trans-
formations used in Carsel and Parrish (1988), applied in order to transform samples into
normally-distributed data; another example of a widely used normal transform technique
is the Box-Cox transform (Box and Cox , 1964). Any of these transforms can be used as
a statistical model in Equation 2.4a. Such transforms can also be used to ensure that the
regionalized prior lies between physical bounds (e.g. the log-transform assures that the re-
gionalized prior pdf restricts probabilities to strictly positive hydraulic conductivity values),
honoring the hard inequality-type constrain defined in subsection 2.2.3. It is important to
note that the transforms and statistical model defined in equation 2.3a need to be the same
for all sites, to allow for inter-site comparison and assimilation of site-specific parameters.

In most cases, measurements at a site are collected in a clustered way, such that nu-
merical estimates are correlated due to spatial autocorrelation of hydrogeological properties
(e.g. Rubin, 2003; Pyrcz and Deutsch, 2003). The data assimilation model can account for
patterns of spatial variability by using multivariate statistical distributions as site-specific
distributions fY . For example, MVNs are used to model spatial random fields (SRFs) (e.g.
Rubin, 2003). The spatial correlation structure is summarized through a semivariogram
model with parameters of spatial variability θi, usually θi = (σ2

Yi
, λi, τ

2
i ), where σ2

Yi
is the

variance of Yi, λi is the integral scale, and τ 2
i is the nugget parameter (Rubin, 2003). In that
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case, site-specific parameters in the hierarchical model are φi = (µi,θi). In practice, it can
be the case that spatial coordinates of measurements are not provided in hydrogeological
data sets. When no information about the statistical correlation structure is available in the
assimilated data set, a common practice is to make the working assumption of statistical
independence (Gelman et al., 2014). However, this assumption can lead to biased estimates
of hydrogeological properties, this is further discussed and quantified in section 2.3.1.3.

The second level in the hierarchy describes inter-site variability (Eq. 2.4b). Site-specific
parameters φi, i ∈ {1..I}, are considered as realizations from a random variable Φ, where
the statistical distribution of Φ describes how site-specific parameters φi, i ∈ {1..I}, vary
between the different sites Si, i ∈ {1..I}. Site-specific parameters φi are considered as
realizations from the generating distribution fΦ, parameterized by η. Parameters η called
hyperparameters and are modeled as random variables.

In general, little is known about hyperparameters η. In that case, fη is defined using
weakly informative prior distributions, so that data D dominate the shape of the posterior
distributions p(η|D). Weakly informative prior distributions are prior distributions ensuring
proper posterior distributions while minimizing the information they contain. The use of
weakly informative priors for hyperparameters η is reasonable here because the goal is for the
information about the target variable Y to come from the data D, so we can be vague about
the prior information (Gelman et al., 2014, p.115). Weakly informative prior distributions
should be assigned carefully so that that resulting posterior distributions are proper and that
they obey invariance principles (Gelman, 2002). Their formulation is critical in particular
when the number of sites is small (less than 5) (Gelman, 2006a).

The final goal of the algorithm is to derive the regionalized prior fY (y|D), which in
statistical terms is the posterior predictive distribution for a future observation (Gelman
et al., 2014, chap.3, p.66). Site-specific parameters φi and hyperparameters η are removed
by marginalization in the final result as shown in the following equation.

fY (y|D) =

∫
fY (y|η)fη(η|D)dη, (2.5a)

where

fY (y|η) =

∫
fY (y|φ)fΦ(φ|η)dφ. (2.5b)

The regionalized prior fY (y|D) is a mixture model (Eq. 2.5a), where subpopulations
fY (y|η) are defined using statistical models defined by the hierarchical model (Eq. 2.5b)
and where fη(η|D) weights different possible values of η (Gelman et al., 2014, chap.3, p.64).
Weights fη(η|D) are estimated from data D, as detailed in section 2.2.4.3.
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2.2.4.3 Assimilation of available site-specific data

Available data D is assimilated through the estimation of inter-site parameters η. Here,
we follow a full hierarchical Bayes analysis, where the probability distribution of parameters
η is updated based on available data D (Scales and Tenorio, 2001). fη(η|D) is derived
using Bayes’ theorem, from a prior distribution fη(η) and a likelihood function fY (D|η)
(Eq. 2.6).

fη(η|D) ∝ fY (D|η)fη(η) (2.6)

The likelihood can be derived under the assumption that the different investigated sites
are independent realizations of site-specific pdfs. This assumption is expressed in Equation
2.7 and ensures exchangeability of parameters φ1...φI , in that no information other than
the data D is available to distinguish any site from the other (Gelman et al., 2014, chap.5).

fY (D|η) =
I∏
i=1

∫
fYi(Di|φi)fΦ(φi|η)dφi (2.7)

The assimilation of site-specific data Di at site Si is taken care of by the likelihood
of observing parameters φi for data Di, fYi(Di|φi). Data from each site is assimilated
in separate functions, this provides the flexibility to assimilate multiple types of data and
allows sites with different numbers of measurements to be integrated with the same level of
weighting. The derivation of fYi(Di|φi) depends on the kind of information available at site
Si and is detailed in following subsections.

Case a : Di are numerical values of the target variable Y
We first present the estimation of fYi(Di|φi) at sites where information come in the form

of numerical values (e.g. measurements, point estimates) of the investigated target variable
Y , Di = (yi,1...yi,Ji). This is one case of site-specific hard data defined in subsection 2.2.3.

We develop a classification of cases distinguishing between spatial and non-spatial vari-
ables, and elaborate on the assimilation of spatial variables.

1. Y refers to a non-spatial variable. For example, Y can model a site-specific
summary statistics of a spatial variable (e.g. integral scale). Multiple values for Yi can
correspond to estimates associated with different assumptions; for example, multiple
variogram formulations can lead to multiple integral scale estimates. In that case, site-
specific estimates are assumed to be independent realizations from the site-specific pdf
(Eq. 2.3a), in line with the assumption of exchangeability, where no information other
than numerical values is available to distinguish between estimates (Gelman et al.,
2014, chap.5).
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2. Y refers to a spatial variable. For example, Y can model hydraulic conductivity.
Di consists in Ji collected numerical values Di, Ji ∈ N∗, Di = (yi,1...yi,Ji), which may
or may not be associated with spatial coordinates (xi,1...xi,Ji), and may or may not be
associated with parameters describing spatial variability at site Si.

a. Measurements are associated with spatial coordinates. For example, Y
models log-conductivity, and each realization of Y is associated with correspond-
ing spatial coordinates x. In that case, assessing the statistical correlation be-
tween log-conductivity values is possible. In particular, if distances between two
or more data locations are smaller than the integral scale characterizing the spatial
variability at site Si, data values at these two locations are partially correlated,
the degree of correlation being function of the integral scale (Bourgault , 1997;
Rubin, 2003). In that case, it is recommended to use a multivariate distribution
accounting for spatial correlation, for example with an MVN Yi ∼MVN(µi,θi).
When parameters values in the multivariate distribution µi,θi are known, they
can be declared as site-specific parameters (see section 2.2.4.4). When they are
unknown, their distribution will be estimated by the algorithm.

b. Measurements are not associated with spatial coordinates. In that case,
there is not enough information to quantify the correlation between measurements.
This is the worst-case scenario. The working assumption is usually to assume
statistical independence, with a penalty presented in section 2.3.1.3. The data
assimilation presented in section 2.3.2.1 is an example of this case.

Case b : generalization to other types of data
At other sites, information about the investigated variable Y can come in a form differ-

ent than numerical values. Here we review other forms of data and explain how they are
integrated in the algorithm.

Statistical distributions : pdfs, CDFs, histograms. Information about the in-
vestigated variable Y at one site can be presented in the form of statistical distributions
instead, equivalently a pdf, a CDF or a histogram. This is the second case of site-specific
hard data presented in subsection 2.2.3. In that case, a sample of numerical values can be
drawn from that statistical distribution and can be incorporated in the algorithm following
steps developed in section 2.2.4.3. We use latin hypercube sampling (LHS) to ensure that
the generated ensemble is a good representative of the variability that generated the pdf,
CDF or histogram (McKay et al., 1979; Hou and Rubin, 2005). The data assimilation al-
gorithm is sensitive to the number of measurements available at each site (section 2.3.1.2).
Therefore the number of values drawn from the pdf, CDF or histogram should correspond
to the number of measurements used to generate it. When the number of measurements
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used to derive the statistical distribution is not provided, this can lead to biased regionalized
priors, this is further developed in section 2.3.1.3 where the associated error is quantified.

All following data types fall in the site-specific soft data category defined in paragraph
2.2.3.

Bounds. When data from site Si is available in the form of numerical bounds, Di =
(bmin,i, bmax,i), we follow maximum entropy principles, the corresponding statistical distribu-
tion maximizing entropy is the uniform distribution between the lower and upper bounds
(Woodbury and Rubin, 2000; Hou and Rubin, 2005). In the case where the lower (or up-
per) bound only is provided, the upper (or lower) bound is fixed to be the maximum (or
minimum) of all values at other sites, or if no values are provided at other sites, it is fixed
to the maximum (or minimum) bound of the physical range of the target variable. We
can then follow similar steps than presented in the paragraph statistical distributions above.
Again, the algorithm is sensitive to the number of numerical values provided, therefore the
number of values drawn from the uniform distribution should correspond to the number of
measurements taken on the field.

Moments. When information at a site is given in the form of moments (e.g. mean,
variance), it can be directly used as estimates of site-specific parameters φi and can be
assimilated as such. This is further detailed in the numerical implementation section 2.2.4.4.

2.2.4.4 Numerical implementation

In this subsection, we describe the implementation of the Bayesian hierarchical model
declaration (section 2.2.4.2) and of the data assimilation procedure (section 2.2.4.3). The
code is developed in the form of an library rPrior developed within the R statistical en-
vironment (R Core Team, 2017). The library is available for download on GitHub (see
github.com/kcucchi/gPrior).

The library rPrior is build around functions provided with the NIMBLE R package, de-
signed for building analysis methods for Bayesian hierarchical models in R (NIMBLE Devel-
opment Team, 2017). It allows to express models and algorithms using a high-level language,
while maintaining good performances thanks to the use of low-level languages like C++ when
performing computationally-intensive steps (de Valpine et al., 2017). In this section, we de-
scribe how rPrior applies functions in NIMBLE to derive regionalized priors.

The Bayesian hierarchical model (Eq. 2.3) is declared within the function nimbleCode.
The model specification is based on the BUGS language (Gilks et al., 1994). BUGS pro-
vides the flexibility to declare a wide range of common parametric statistical distributions,
covering univariate and multivariate distributions, categorical and discrete, with or without
transforms. For example, the bimodal model can be declared combining the categorical in-
dicator distribution and the continuous Gaussian distributions. The prior distribution for
hyperparameters η are also declared in the nimbleCode function.
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NIMBLE provides a flexible way of declaring assimilated data D. Each declaration cre-
ates a node, which can be either deterministic or stochastic. For example, when information
at site Si is provided in forms of moments (see p.33), the node mu[i] describing the site-
specific mean µi is assigned the corresponding numerical value. In other cases when µi is
unknown, the node mu[i] is defined to be stochastic and will be estimated from dependent
nodes y[1]...y[Ji] according to the statistical distribution declared in the Bayesian hier-
archical model. In the library rPrior, data D are provided in the form of an R dataframe
object, declarations of assimilated data are implemented accordingly.

After the Bayesian hierarchical model and the data are declared, rPrior estimates the
posterior distribution of hyperparameters, fη(η|D) (Eq. 2.6, step 1 in section 2.2.4.1).
fη(η|D) is estimated by generating a large random sample of values following the distribution
using a Markov chain Monte Carlo (MCMC), as implemented within NIMBLE. fη(η|D) is
then estimated by rPrior applying kernel density estimation on samples in the MCMC.

The next and final step is the derivation of the regionalized prior fY (y|D) (Eq. 2.5a, step
2 in section 2.2.4.1). To do so, each sample of η in the MCMC is used to draw realizations
of site-specific parameters φ; in turn, each sample φ is used to draw realizations of Y .
This provides a sample of Y values drawn from fY (y|D), the corresponding distribution is
estimated by applying kernel density estimation to the obtained samples.

2.3 Results

This section first demonstrates how the proposed data assimilation behaves on a set
of synthetic case studies of interest. Using simulated spatial random fields and simulated
field campaigns from these fields, we investigate the performance of the data assimilation
algorithm for multiple number of sites, number of measurements per site, and spatial config-
uration of measurements. Second, we simulate the collection of multiple types of data from
the simulated spatial random fields (bounds, moments) and investigate the corresponding
performance of the algorithm. Finally, the algorithm is applied on previously published data
sets; the first data set contains parameters describing spatial variability of hydrogeological
properties (Rubin, 2003, pp.34-36), the second data set is the larger collaborative database
of hydrogeological parameters wwhypda (Comunian and Renard , 2009).

2.3.1 Synthetic case studies

In this section, we show how the data assimilation algorithm behaves in a number of
synthetic case studies of interest. We first focus on the assimilation of measurements coming
from a varying number of sites and a varying number of measurements per site. We then
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investigate the case of spatially-correlated measurements and show the role of the integral
scale in the derivation of a regionalized prior.

2.3.1.1 Setup of synthetic case studies

This section describes the synthetic setup used for simulating field campaigns from spatial
random fields, that are then used in synthetic case studies in subsequent sections. The general
setup is illustrated in Fig. 2.6.

Figure 2.6: Setup for synthetic case study. 1: Simulation of spatial random fields, 2: simu-
lation of field measurement campaigns, 3: derivation of regionalized prior, 4: comparison to
underlying distribution at all sites

First, spatially correlated fields were generated. The site specific means µi were assumed
to follow the distribution N (α0, τ

2
0 ), and the spatial correlation structure was assumed to

follow a Gaussian variogram with variance σ2
0 and integral scale λ0. Hyperparameter values

were fixed to η0 = (α0 = −7.5, τ 2
0 = 0.25, σ2

0 = 0.25, λ0 = 1); as explained later in the
text the influence of spacing between measurements is quantified by sampling measurements
within circles of radii defined with respect to the integral scale λ0.

Second, field measurement campaigns are simulated from the spatial random fields. We
reproduced different configurations, varying the number of sites I, the number of measure-
ments per site J and the spacing between measurements r. For combinations of I, J and
r values, I spatial random fields were randomly selected and J measurement values were
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randomly sampled within a circle of radius r/λ. For each set of measurements, correspond-
ing statistics were also computed, such as measurements and bounds. We call DI,J,r,s

an instance of data corresponding to I sites, J measurements per site uniformly sampled
within radius rλ, and statistics s, where s can be meas (regionalized prior calculated from
measurements directly), bounds (regionalized prior calculated from bounds), or moments
(regionalized prior calculated from moments). For each unique combination of I, J, r, s, we
simulated 100 realizations of DI,J,r,s.

Third, the regionalized prior fY (y|DI,J,r,s) was derived for each realization of site-specific
data, using the model presented in Equations 2.3.

Finally, the performance of derived regionalized priors fY (y|DI,J,r,s) was assessed using
the Kullback-Leibler divergence (KLD) between the regionalized prior and the underlying
desired distribution fY (y|η0), as defined in Equation 2.8. KLD, also known as relative
entropy or information gain, is a measure describing the divergence between two pdfs. It
quantifies the distance from one reference state of knowledge p to a new state q, where
high KLD correspond to situations where the state q significantly differs from p (Hou and
Rubin, 2005; Itti and Baldi , 2009; Tang et al., 2016). Importantly, KLD penalizes situations
with high probability for fY (y|DI,J,r,s) in regions of low probability for fY (y|η0) (Eq. 2.8);
this is desired as we want to avoid situations where regionalized priors set low probabilities
to possible values of y. Therefore in following examples the KLD is used to describe the
discrepancy between the desired distribution fY (y|η0) and the estimated regionalized prior
distribution fY (y|DI,J,r,s), where low values of KLD indicate good performance whereas
high values of KLD indicate poor performance of the regionalized prior.

KLD(fY (·|DI,J,r,s), fY (·|η0)) =

∫
fY (y|DI,J,r,s) log

(
fY (y|DI,J,r,s)

fY (y|η0)

)
dy. (2.8)

2.3.1.2 Influence of number sites and number of measurements per site

The first case study investigates the influence of the number of sites and number of
measurements per site on the performance of the regionalized prior, with the goal of showing
that the performance of the regionalized prior increases with number of sites and number of
measurement per site.

To that purpose, we performed the synthetic study described in section 2.3.1.1. We fixed
the value r/λ = 10, corresponding to a case where measurements are sampled over a large
region with respect to the integral scale. Measurements were sampled from a number of sites
I between 2 and 30, and a number of measurements per sites J between 2 and 30. For each
combination of I and J , we simulated 100 measurement campaigns DI,J , and calculated the
corresponding 100 regionalized priors fY (y|DI,J).
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Figure 2.7: KLD as a function of number of sites I and for varying number of measurements
per site J . The KLD is shown on a logarithmic scale. The represents the 95% confidence
interval derived from the 100 realizations.

Figure 2.7 shows the variation of KLD with number of sites I and number of measure-
ments per site J . In the figure, the lines represent the smoothed variation of KLD with the
number of sites I, grouped by number of measurement per site J . As expected, the KLD
decreases with number of sites I, and the performance of the regionalized priors improves
as the number of sites used in the data assimilation increases. Moreover, for a fixed num-
ber of sites I, the KLD decreases when the number of measurements per site J increases,
particularly so for large number of sites.

This case study illustrates how the assimilation of a limited number of measurements per
site can be alleviated by increasing the number of similar sites used in the data assimilation.
For example, an average KLD of 0.25 can equivalently be obtained by assimilating 30 mea-
surements from 18 sites, or 2 measurements from 25 sites. In the latter case, measurements
at each site will provide a limited representation of the overall distribution at that site, but
increasing the number of sites allows to compensate for the limited information coming from
each individual site.

2.3.1.3 Influence of spatial configuration of measurements

This second synthetic case study investigates the influence of the spatial arrangement of
measurements on the performance of the regionalized prior. The goal is to show that the
spatial configuration of measurements influences the derived regionalized prior, such that
assimilating measurements sampled in a clustered way leads to less accurate priors than the
assimilation of measurements sampled over a wider region. In other words, this case study
evaluates whether the assimilation of the spatial configuration of measurements is critical,
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Figure 2.8: KLD as a function of number of sites I and spatial configuration of measurements,
where measurements are uniformly sampled within a circle of radius r/λ. The KLD is shown
on a logarithmic scale. The represents the 95% confidence interval derived from the 100
realizations.

and therefore whether it is critical to report measurement coordinates in databases in the
future.

In order to do so, the synthetic case study described in section 2.3.1.1 was reproduced
with a varying number of sites I and spatial configuration of measurements. The spatial
configuration of measurements is described by the variable r, where measurements are uni-
formly sampled within a radius r/λ. The number of sites I varied between 2 and 30, r varies
between 0.1 and 10. The number of measurements per site J was fixed to J = 30. For each
combination of I and r/λ, we simulated 100 measurement campaigns DI,r and calculated
the corresponding 100 regionalized priors fY (y|DI,r).

Figure 2.8 shows the variation of KLD with the number of sites I for sampling configura-
tions. In the figure, the lines represent the smoothed variation of KLD with the number of
sites I, grouped by spatial configuration r/λ. r/λ varies between 0.1 and 10, where low values
of r/λ reproduce cases where measurements are clustered and therefore do not represent the
overall site-specific distribution, and high values of r/λ represent cases where measurements
are sampled over a region large with respect to the integral scale λ.

For a fixed number of sites I, the regionalized prior performs best when measurements
are sampled over a large region (e.g. r/λ = 10) than over a small region (e.g. r/λ = 0.1).
This was expected, as by definition measurements sampled over a large area with respect to
the integral scale are characterized by a lower spatial autocorrelation, and their distribution
is therefore a better representation of the overall site-specific distribution.

Similarly the case study in section 2.3.1.2, this case study illustrates how the assimilation
of spatially correlated measurements can be alleviated by increasing the number of sites
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providing measurements to assimilate. For example, an average KLD of 0.25 can equivalently
be obtained by assimilating measurements from 18 sites sampled over a region of radius 10λ,
or measurements from 22 sites sampled over a region of radius 0.1λ. Again, in the latter
case, measurements at each site will provide a more limited representation of the overall
distribution at that site than when compared to the first case, and increasing the number of
sites allows to compensate for the limited information coming from each individual site. For
I = 20 sites, the same KLD can be reached with J = 10 and r/λ = 10 (Fig. 2.7), or J = 30
and r/λ = 0.1 (Fig. 2.8).

In conclusion of this second case study, the spatial configuration of measurements influ-
ences the derived regionalized prior, such that the sampling of spatially correlated measure-
ments leads to less accurate regionalized priors. Allowing for the reporting of measurement
coordinates when available will enable the use of a data assimilation framework accounting
for this spatial structure, by providing more accurate regionalized distributions than when .
We note that the possibility of reporting measurements coordinates is available in wwhypda
(Comunian and Renard , 2009), however no coordinates were actually reported by contrib-
utors to the database at the date it was accessed for this study. Similarly to the previous
case study, we also conclude that the effect of spatial correlation can be compensated by
increasing the number of sites I used in the assimilation.

2.3.1.4 Assimilation of multiple types of data
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Figure 2.9: KLD as a function of number of sites I, grouped by type of data used in the
derivation and displayed for multiple values of measurements by site J . The KLD is shown
on a logarithmic scale. The represents the 95% confidence interval derived from the 100
realizations.

This third and final synthetic case study investigates how the regionalized prior performs
for different types of data. We investigate cases of bounds and moments, with the goal of
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comparing how the algorithm performs when assimilating derived form of data instead of
measurements directly.

We compared the results obtained from regionalized priors derived from measurements
with regionalized priors derived from bounds and moments. From each set of synthetically
sampled data DI,J,r,meas, we calculated statistics (bounds and moments). Let’s call DI,J,r,s

the statistics calculated from DI,J,r. For example, if DI,J,r,meas is the set of measurements
corresponding to I sites where at each site J measurements are sampled uniformly within a
radius of r × λ, the DI,J,r,bounds is the corresponding collection of site-specific bounds and
DI,J,r,moments is the corresponding collection of site-specific means and variances.

Figure 2.9 shows the variation of KLD with the number of sites I for multiple types of
assimilated data and for multiple number of measurements per site J . Overall, the data
assimilation algorithm performs reasonably well when assimilating derived form of data,
as KLD values computed from bounds and measurements are comparable to KLD values
computed from measurements directly. The similarity in performance depends on the number
of measurements used when deriving the site-specific statistics. When statistics are computed
from 5 or 10 measurements (middle columns), the regionalized prior performance is very
similar regardless of the type of data assimilated. When J = 2, bounds and measurements
perform similarly, while regionalized prior derived from moments have a poorer performance.
When J = 30, the regionalized prior computed from measurements and from moments have
a similar performance while the performance is poorer for regionalized priors computed
from bounds; in that case, the site-specific distribution is assumed to be uniform bounded
by bounds provided by the user (justified by entropy arguments, cf. section 2.2.4.3), the
data assimilation algorithm consistently overestimates the site-specific variance, leading to
a consistent departure from the underlying distribution when J = 30.

In conclusion, the presented algorithm performs well when assimilating derived form of
data from site-specific measurements, opening the door for the assimilation of available only
in a derived form. For clarity in this example, the type of data was the same for all sites in
the derivation of each regionalized prior; however, this is not requirement for the regionalized
prior algorithm introduced in this algorithm, which is able to derive a regionalized prior from
sites with multiple types of information.

2.3.2 Application to established datasets

In this section, we present pratical applications of the data assimilation framework to the
formulation of regionalized priors for hydrogeological variables.

We apply the data assimilation framework to two hydrogeological data sets established
in the literature. The first data set contains hydraulic conductivity estimates in the form
of numerical values exclusively (Comunian and Renard , 2009); the second data set contains
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parameters of spatial models of hydraulic conductivity, with data of types numerical values
and bounds (Gelhar , 1993; Rubin, 2003).

When the goal is to predict parameters of spatial variability for the log-transform hy-
draulic conductivity field at a target site, both datasets can be used conjonctively. As
developed further in this section, the regionalized priors for mean and variance are provided
by posterior distributions of site-specific parameters (level 1 of the hierarchy, section 2.3.2.1)
and integral scale can be predicted from the assimilation of integral scale values (section
2.3.2.2).

2.3.2.1 Predicting log-transformed hydraulic conductivity distributions from
wwhypda

soil type number of samples number of sites
sand 1122 17
silt 353 5

gravel 469 6
clay 356 6

Table 2.1: Number of measurements and distinct sites used in data assimilation by type of
geological medium from the wwhypda database.

In this application example, we apply the data assimilation framework on the wwhypda
database (Comunian and Renard , 2009), with the objective of predicting the univariate
log-transformed hydraulic conductivity distribution, Y = log10(K) at a target site. We also
estimate the predicitive distributions for site-specific means µ = E(log10(K)) and site-specific
standard deviations σ = σ(log10(K)) at the target site.

The wwhypda, or world-wide collaborative hydrogeological parameters database, is an
open and collaborative effort to gather dispersed and difficult to access hydrogeological in-
formation (Comunian and Renard , 2009). The data is accessible online through the web
interface (http://wwhypda.org), and is open to user contributions. Amongst other meta-
information, each measurement reported in the database is associated with a unique field
site identifier, where each field site is in turn associated with one or several soil types and
environment types. The wwhypda platform provides the option of reporting the spatial loca-
tion for each measurement, however in the data no spatial coordinates are actually reported.

When accessing the database, SQL tables where gathered into an R dataframe object,
which is made available within the R-package rPrior. We selected hydraulic conductivity
measurements from the database and applied the logarithmic transform, following the usual
assumption that hydraulic conductivity is log-normally distributed within a site (e.g. Freeze,
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Figure 2.10: Assimilation of log-transformed hydraulic conductivity from the wwhypda
database (Comunian and Renard , 2009). a: Histograms of measurements by soil type in
the wwhypda database, colored by unique site identified as reported in wwhypda. b: corre-
sponding predictive priors, derived using multiple density estimation methods.

1975). We defined 4 soil types of interest: sand, silt, gravel and clay; and grouped mea-
surements by selected soil types. Groups are defined depending on whether the soil type of
interest is mentioned in the soil type description of the site; for example, measurements from
a site labeled as ”silty clay” were used for deriving both silt and clay regionalized priors,
this approach was selected in order to maximize the number of measurements assimilated
within each soil type group. The number of measurements reported for each soil type and the
corresponding number of field sites are reported in Table 2.1, histograms of measurements
are presented in Fig. 2.10a.

Regionalized priors derived from measurements by soil type are presented in Figure 2.11a.
Predicted hydraulic conductivity values are lowest for silt, followed by clay, sand and gravel,
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Figure 2.11: Regionalized priors for log-transformed hydraulic conductivity derived by soil
type from measurements in the wwhypda (Comunian and Renard , 2009). (a) Regionalized
prior for univariate log-hydraulic conductivity (solid lines in Fig. 2.10b). (b) Regionalized
prior for the site-specific mean at the target site. (c) Regionalized prior for the site-specific
standard deviation at the target site.

as shown by the positions in modes of regionalized prior distributions. The most certain
regionalized prior is obtained for soil type gravel, followed by soil type sand, clay and silt.
The differences in prediction certainty (i.e. in widths of regionalized priors) are attributable
to the variability in assimilated measurements as well as the size of data used when deriving
the regionalized priors. Measurements corresponding to gravel have less variability than
measurements for the 3 other soil types (Fig. 2.10a), therefore the corresponding regionalized
prior shows less variability for gravel than for the 3 other soil types. Measurements for sand
and silt show similar range of variability; however, the regionalized prior for sandy soils is
derived from 1122 measurements from 17 different field sites, whereas the regionalized prior
for silty soils is derived from 353 measurements from 5 distinct field sites. As a result, the
regionalized prior for sand is derived with more certainty that the regionalized prior for silt.

Figure 2.10b extends the discussion by showing derived regionalized priors for each soil
type alongside with distributions derived using alternative density estimates presented in
section 2.2.2. In all cases, regionalized priors show higher uncertainty (i.e. wider densi-
ties) than alternative methods. One exception is the case of sandy soil types, for which
the regionalized prior is close to distributions obtained by applying the Carsel and Parrish
and the maximum entropy approaches. This can be related to the fact that measurements
come from 17 sites, therefore the overall distribution of measurements is representative of
inter-site variability. For all other soil types, measurements provide from 5 or 6 sites, and
the corresponding regionalized priors recognize the underlying uncertainty by deriving a
distribution with larger variance than the distribution obtained by other methods ignoring
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inter-site variability. In all cases, the kernel density estimate follows closely the underlying
distribution of measurements and overfits the predicted distribution to measurements used
to derive predictive distributions.

Fig. 2.11b and Fig. 2.11c show derived pdfs for site-specific means and standard devi-
ations respectively, they are the pdfs for level 1 parameters Φ (Fig. 2.5). Pdfs for means
of log-transformed hydraulic conductivity (Fig 2.11b) are almost as diffuse as the univariate
distributions ((Fig 2.11a). By definition of the hierarchical model (Eq. 2.3a), the univariate
log-transformed hydraulic conductivity is normally distributed with mean µ (Fig. 2.11b) and
standard deviation σ (Fig. 2.11c). Therefore, in this case and for all soil types, parameters
describing inter-variability have higher variance than parameters describing intra-site vari-
ability, and shapes of univariate distributions are dominated by shapes of inter-site means.
This suggests the uncertainty represented by the regionalized priors (i.e. the width of re-
gionalized priors) could be decreased by a more careful selection of groups of similarity for
hydrogeological sites.

Under the hypothesis of ergodicity, the mean and the standard deviation of the univariate
random variable Y = log(K) are equal to the mean and the standard deviation obtained
from spatial averaging (Christakos , 1992; Rubin, 2003). Therefore, the site-specific mean µ
is also the mean for the SRF of log-transformed hydraulic conductivity, and the site-specific
standard deviation σ is also the square root of the sill of the variogram describing the spatial
variability of the SRF. As a consequence, predictive distributions of site-specific summary
statistics (level 1 parameters) can be used as predictive distributions for mean and standard
deviation in the model of spatial variability at the target site. We show the derivation of
integral scale in the next section 2.3.2.2.

In this example, we have shown how when investigating a target site, sites with similar soil
types can be selected from the database as similar to the target site, and measurements from
these similar sites can be used to derive regionalized priors for univariate log-transformed
hydraulic conductivity, as well as mean and variance of the variogram model at the target
site.

2.3.2.2 Application to the prediction of integral scale

In this application example, we applied the data assimilation framework on the data
set published by Gelhar (1993) and extended in tables 2.1 and 2.2 in Rubin (2003, pp.34-
36), with the objective of predicting the integral scale λ of the log-transformed hydraulic
conductivity spatial field at a target site. In line with the recommendation in Hoeksema and
Kitanidis (1985), we made the assumption that integral scales are log-normally distributed,
Y = log10(λ).

Parameters reported in the data set describe the spatial variability of hydraulic conduc-
tivity for 38 field sites. For each field site, a brief description of the geological medium is
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Soil type number of values number of sites number of
sites providing
numerical values

number of
sites providing
bounds

sand 12 10 9 1
gravel 4 4 4 0

silt 2 2 2 0

Table 2.2: Size of data set and types of data used for predicting the integral scale from
Gelhar (1993); Rubin (2003)
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Figure 2.12: Regionalized priors for integral scales derived by soil type from measurements
in the Gelhar and Rubin database (Gelhar , 1993; Rubin, 2003). (a) Histogram of log-
transformed integral scales values of log-conductivity used in data assimilation, classified by
soil type. The data set also contains ranges and inequalities that are not displayed here but
are assimilated in the algorithm. (b) Corresponding regionalized priors for integral scales
derived from the data set.

available. The data set contains values of spatial model parameters (mean, variance and
integral scale) for hydraulic conductivity and transmissivity, both log-transformed and non-
transformed, both in the horizontal and vertical directions. This data set has 3 types of
data: numerical values, ranges of values, and inequalities; all types can be assimilated by
the algorithm.

The data assimilation needs to be applied on variables with homogeneous units, therefore
the subset corresponding to integral scales for log-transformed hydraulic conductivity in
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the horizontal direction was selected. Soil types were assigned to field sites based on the
geological medium description, using the same soil types than in the previous section. Clay
was associated with a unique value from a single site and was therefore discarded. Table
2.1 reports the number of sites, data types and number of measurements associated with
each soil type. Histograms of reported numerical estimates are presented in Figure 2.12a.
Numerical values represent most of the data, one site provides bounds not displayed in the
Figure. In this dataset, most sites provide a single estimate of the target variable. The
exception is an alluvial fan where different directions and layers with different types of sand
have been investigated.

Regionalized priors were derived by soil type (Fig. 2.12b). In all cases, corresponding
regionalized priors are associated with lower variance than the uninformative prior, although
in a lesser extent for silt. Integral scales are low for silty soils, followed by gravelly and sandy
soils. This is in line with the range of values assimilated by the algorithm (Fig. 2.12a).
Similarly to the prediction of univariate hydraulic conductivity in the previous section, the
precision of the derived regionalized prior depends on the soil type and in particular on the
variability in assimilated values.

In this example, we didn’t account for dependencies between integral scales and obser-
vation scales, although the scale-dependence of the integral scale is in discussion to date
(Gelhar , 1993; Zech et al., 2015). We do not attempt to weight on this discussion. If integral
scale and observation scale are assumed to be linearly related, the data assimilation can be
equally applied to the ratio of integral to observation scale.

In this example, we derived regionalized priors for the integral scale λ for different soil
types. The data assimilation accounted for data of different types (numerical values and
bounds).

2.4 Discussion

The goal of this study was to introduce a methodological framework for assimilating
different types of ex-situ data coming from multiple sites into a predictive prior for a hy-
drogeological variable at a target site. We called this predictive prior regionalized prior.
Properties of the proposed methodological framework are (C 1) that assimilated data come
are ex-situ only, (C 2) that an additional level of variability is associated when data come
from different sites, and (C 3) that multiple types of site-specific data can be assimilated.
To the authors’ knowledge, this is the first time that an algorithm with such properties is
introduced for predicting statistical distributions of hydrogeological variables at a new site.

While examples and applications presented in the study are relatively simple, they il-
lustrate the opportunities offered by the algorithm. In particular, we proposed a com-
plete framework for predicting parameters of both univariate and bivariate statistics for
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log-transformed hydraulic conductivity at a target site, based on its soil type. Univariate
statistics for log-transformed hydraulic conductivity are predicted from measurements in the
wwhypda (section 2.3.2.1). Bivariate statistics are derived using a combination of datasets:
predictions of mean and standard deviation relies on measurements from the wwhypda (sec-
tion 2.3.2.1), predictions of integral scale relies on a more reduced but unique data set of
parameters of spatial variability (section 2.3.2.2).

Other predictions relevant to models of spatial variability are not covered in this paper,
such as predicting the value for the nugget parameter in the variogram, or predicting the form
of the variogram (e.g. exponential, gaussian); although the proposed approach is applicable
to the prediction of nugget parameters by applying the algorithm to a data set of nugget
values, in a similar way that when predicting integral scales (section 2.3.2.2). Predicting the
form of the variogram at a target site could be done by either modifying the data assimilation
algorithm to allow for the assimilation and the prediction of categorical variables relating to
the variogram forms, or by using the Matern formulation of the variogram and predicting
the value of the smoothness parameter, but this is outsite the scope of this study.

We recognize the limitations associated with the proposed approach, noting that a big
hindrance to the development and applicability of the method is the availability and quality
of assimilated data. In the study, this is particularly relevant for regionalized priors for the
integral scale, which are derived from a reduced number of estimates. We therefore view
the application examples as a proof-of-concept for showing the applicability of the proposed
approach, but more work should be done for developing more comprehensive, readily and eas-
ily accessible databases of hydrogeological parameters, the wwhypda database introduced by
Comunian and Renard (2009) being a step in the right direction. Such hydrological datasets
would increase the predictive capabilities of data assimilation algorithms such as the one
presented in this study. The existence of such algorithms could foster wider collaborations
amongst researchers and practitionners towards the development of such databases.

Another limitation in presented applications is the dependence on the formulation of sta-
tistical distributions in the hierarchical model (Eq. 2.3). The choice of Gaussian models was
motivated by popularity and simplicity, having in mind that the data assimilation algorithm
would be applied on data sets with relative small size. We mentioned that the algorithm
could be adapted to other more complex statistical distributions, depending on the prop-
erties of the target variable and on the quality of the data. The current formulation with
Gaussian models dictates the unimodal behaviour of the regionalized priors derived in the
study, more complex predictive distributions could be predicted by assuming more complex
statistical relationships in the hierarchical model.

Regionalized prior results obtained depend on values assimilated by the algorithm, and in
particular on the choice of similar sites. In presented applications (section 2.3.2), we decided
to define similarity based on soil type. However other hydrological factors of interest, such
as the support-volume or the depth of measurement, also influence the value and variability
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of hydraulic conductivity estimates. We can expect that accounting for such factors would
lead to more precise predictions of hydrogeological variables, again recognizing that the
possibility of doing so relies on the existence of data sets were such information is stored.
Data-assimilation algorithms such as the one presented in this paper provide a framework
for making predictions according to multiple subgroups and test feature relevance, with the
goal of assimilating relevant data by guiding the selection of similar sites. The definition of
criteria for similarity is the focus of following work.

2.5 Conclusion

This paper introduced a data assimilation method for transferring hydrogeological data
from previous studies to a site of interest. The result of the data assimilation algorithm is
an informative probability density function of a target variable called regionalized prior; this
regionalized prior summarizes information available about the target parameter at a specific
target site and can then be used as a starting point for investigation.

The performance and therefore usefulness of this algorithm depends on the size and
quality of the database used in the data assimilation. It is known that hydrogeological
data are time-consuming and expensive to obtain, and therefore there is limited incentive
for researchers and practitioners to share the data in a structured and easily accessible
form (Comunian and Renard , 2009). The presence of the regionalized prior method and its
implementation in the R package rPrior can trigger the development of such databases,
such that in the future better use of information gained from previous investigations can be
made.
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Chapter 3

LOMOS-mini: a coupled system
quantifying transient water and heat
exchanges in streambeds

This chapter introduces the LOMOS mini, an experimental sensor for the quantification
of transient water and heat exchanges in streambeds at the local scale. The LOMOS-mini
was developed and tested in the laboratory, in the framework of a collaboration with the
Mines ParisTech Geoscience Research Center, France. LOMOS-mini have then been used to
estimate stream-aquifer exchanges on the Avenelles basin, France.

This chapter has been accepted for publication in Journal of Hydrology.

Abstract: The LOMOS-mini is a new experimental system monitoring transient water
and heat fluxes in the hyporheic zone at a sub-daily resolution. Given the coupling of
high-frequency hydraulic head gradient and temperature measurements, its innovation when
compared to currently available monitoring systems is to operate under transient conditions
and to allow the quantification of coupled water and heat exchanges with an unprecented
fine temporal resolution, such as the rainfall event time scale. The LOMOS-mini is low-
cost, easy to construct from individual microelectronic components and has an autonomy of
several months in the field. Its robust implementation protocol makes it suitable for a wide
variety of geological environments, from soft loamy, sandy, clayey streambeds to compact
colluvial environments. Hydraulic head gradients are measured using the pressure sensor
technology presented in Greswell et al. (2009). The sensibility of pressure estimates to
ambient temperature is demonstrated; the measurement error is evaluated to decrease by up
to one order of magnitude when accounting for temperature in the calibration relationship.
Coupled with a physically-based hydrothermal model, the LOMOS-mini provides transient
estimates of vertically distributed Darcy fluxes, conductive and advective heat fluxes. The
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methodology is illustrated on a colluvial streambed case study.

3.1 Introduction

Water and heat exchanges between a stream and its underlying aquifer are critical for
water quality and ecosystem health (Boulton et al., 1998; Krause et al., 2011). The mixing
zone between surface and subsurface water bodies, known as the hyporheic zone, exhibits
unique physical and chemical properties supporting processes essential for the biogeochem-
ical and ecological functioning of river corridors (Boano et al., 2014; Flipo et al., 2014). In
particular, water and heat exchanges in the hyporheic zone determine the fate of contami-
nants in the river-aquifer continuum, the transport of nutrients along the hyporheic corridor
and the formation of thermal refugia that provide habitat for river ecosystems (Stanford and
Ward , 1988; Malcolm et al., 2005).

Understanding physical, chemical and ecological processes in the hyporheic zone requires
a sound hydrogeological description of water exchanges and heat governing these processes
(Bencala, 2000; Sophocleous , 2002). Recent years have seen the development of a variety of
experimental methods for that purpose (e.g. Kalbus et al., 2006; Rosenberry and LaBaugh,
2008; Mouhri et al., 2013); these methods are developed to be accurate and reliable, but also
low-cost, easy and fast to deploy in the field under the limited time and financial constraints
that are always associated with field investigations (Wickert , 2014). Rosenberry (2008)
introduced seepage meters providing direct measurements of exchanges across the stream-
aquifer interface, but noted that the meters disturb the river flow field and alter measured
exchanges, particularly at low flow. Solder et al. (2016) introduced a tube seepage meter
allowing for estimates of vertical seepage rates and streambed hydraulic conductivity with
minimal perturbation to sediment and water flow. However, it is based on an active change
of water levels and therefore provides a snapshot estimate at the time when measurements
are taken.

The tracking of natural tracers provides valuable information about the magnitude of
stream-aquifer exchanges (Xie et al., 2016). In particular, the usage of heat as a tracer of
flow in the hyporheic zone has received considerable attention because it is relatively easy, fast
and inexpensive to measure (Anderson, 2005; Constantz , 2008). A popular method consists
of placing temperature sensors at different depths along a vertical profile in sediments below
the stream. The propagation of diurnal temperature variations with depth informs about the
magnitude of water exchanges between the stream and the underlying hyporheic zone, using
either an analytical approximation to the heat equation with constant seepage and sinusoidal
temperature boundary conditions (e.g. Hatch et al., 2006; Keery et al., 2007; Cuthbert et al.,
2010), or with the help of a numerical model solving for transient flow and heat transport
along a vertical sediment column (e.g. Anibas et al., 2009; Cranswick et al., 2014). Recent
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analytical development by Caissie and Luce (2017) permit to estimate transient conductive
and advective fluxes driven by diurnal and annual temperature variations from vertically-
distributed temperature time series, but still relying on constant seepage velocity calibrated
from a numerical model.

This paper presents a new sampling system called LOMOS-mini (LOcal MOnitoring
Station-mini), which monitors vertical water and heat exchanges between a stream and its
underlying aquifer at higher temporal frequency than other currently existing methods. The
LOMOS-mini relies on the coupling of pressure and temperature measurements. The main
benefit of the LOMOS-mini is the quantification of water and heat exchanges at a sub-
daily resolution (e.g. every 15 min) when used in combination with a vertically distributed
hydrothermal numerical model. In particular, temporally-varying response to particular hy-
drological events can be quantified (Rosenberry et al., 2013). For example, Dudley-Southern
and Binley (2015) showed that the rapid rise of surface water levels after a rainfall event
can lead to a temporary reversal of flow direction towards infiltration in the hyporheic zone.
Monitoring methods available to date do not allow for the quantification of this reversal in
water fluxes and associated heat fluxes at a sub-daily resolution.

The main objective of this paper is to introduce the LOMOS-mini, designed to be easy
to use, inexpensive and reliable in the field. The design of the pressure and temperature
sensors and their implementation on the field are described, and the use of a LOMOS-mini is
illustrated with a set of experimental measurements and corresponding flux estimates. The
deployment of several LOMOS-mini will provide the ability to monitor water and heat fluxes
between a stream and its underlying aquifer at high spatial and temporal resolution.

This paper is organized as follows. The first part presents the sampling system. The
second part is dedicated to the calibration procedure, particularly demonstrating the neces-
sity of taking into account the effect of temperature when deriving hydraulic head gradients.
The last part describes the implementation of LOMOS-mini in the field and illustrates its
ability to monitor high-frequency stream-aquifer exchanges on a case study in the Avenelles
basin, France (Mouhri et al., 2013), where the streambed is composed of loess and underlaid
by colluvium with blocks of gritstone, a rarely sampled type of hyporheic zone.

3.2 Presentation of the LOMOS-mini

The LOMOS-mini draws from LOMOS stations presented in Mouhri et al. (2013) for
monitoring spatially-distributed and temporally-varying stream-aquifer exchanges. In both
cases, the quantification relies on a combination of hydraulic head differential and tempera-
ture measurements. Mouhri et al. (2013) applied their methodology to a small sedimentary
basin, the Avenelles basin, France. Five LOMOS stations placed along the hydrological net-
work monitored the stream-aquifer exchange dynamics from hydraulic head and temperature
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measurements. Each LOMOS station consists of piezometers located in both banks of the
stream, and of a pressure sensor located in the stream and monitoring the stream stage. All
sensors also monitor temperature and constrain the boundaries of a two-dimensional stream
cross-section. Heat is then used as a tracer of the flow to estimate continuous records of
stream-aquifer exchanges.

Similar to the LOMOS, the LOMOS-mini couples hydraulic head gradient measurements
with temperature measurements. Whereas the LOMOS constrains flow within a stream
cross-section, LOMOS-mini measurements are taken along a vertical column within the hy-
porheic zone at the local scale (∼0.1-1m) (Flipo et al., 2014). This redesign implies to modify
the monitoring system, so that (1) it operates within the streambed instead of the stream
banks and (2) it is able to measure hydraulic head differentials of the order of a few cen-
timeters or less. This is the role of the pressure differential sensor presented in section 3.3.
The one-dimensional (1D) column along which measurements are taken is typically 40-80 cm
deep, although it can be easily adjusted depending on characterization needs. Figure 3.1
presents the monitoring system along a vertical cross-section for the infiltrating case, where
hydraulic head is higher in the stream than at the bottom of the hyporheic zone, and flow
is directed downwards.

The LOMOS-mini is designed to be installed in low-order streams, with a typical Strahler
number of 1-3 (Strahler , 1952), and is thus adapted to monitor upstream river networks
where discharge genesis usually occurs. The streams need to be accessible by foot, and it is
recommended to make the installation when the water level in the stream is lower than 1m to
ensure that the implementation of the device in the streambed is possible. The LOMOS-mini
is designed to operate under saturated conditions (section 3.4.1), where the river and the
hyporheic zone are connected (Brunner et al., 2009). The LOMOS-mini is a low-cost system,
which can be constructed for about 500e including the two Onsetr Hobor data loggers. As
further detailed in section 3.4.1, the implementation of the LOMOS-mini is robust and
therefore suitable for a variety of geological environments with different compactness, from
soft porous media such as sandy streambeds to more compact porous media such as colluvial
streambeds.

The first part of the LOMOS-mini is the temperature system (Fig. 3.1a). Temperature
time series are measured in the stream and at several depths along a vertical profile in the
hyporheic zone. Temperature sensors are typically installed along a stick at depths of 10,
20, 30 and 40 cm below the streambed, although the depth and the spacing between probes
is adjustable. They monitor the propagation of temperature variations with depth with a
typical sampling period of 15 min. The in-situ implementation of the temperature system is
detailed in section 3.4.1.

The second part is the monitoring of hydraulic head gradient between the surface and
the hyporheic zone (Fig. 3.1b). A pressure differential sensor is installed in the direct
vicinity of the temperature system and measures the differential in hydraulic head between
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Figure 3.1: Schematic view of the LOMOS-mini along a vertical cross-section. The technol-
ogy relies on the coupling of (a) vertically-distributed temperature time series measurements
and (b) hydraulic head differential between the stream and the underlying hyporheic zone.
The membrane deformation allows to measure the evolution of the hydraulic head differential
∆H in time. The piezometer in the right hand side of the Figure is presented for a better
conceptual understanding and is not physically present in the field.

the streambed and the bottom of the 1D column. The pressure sensor samples every fifteen
minutes synchronously with the temperature measurements. The mechanical and electronic
functioning of the pressure sensor is detailed in section 3.3.

To the authors’ knowledge, the LOMOS-mini is the first system monitoring coupled water
and heat exchanges at a high frequency (e.g. 15 min), and can therefore provide critical
insight for better understanding hydrological, geochemical and ecological processes in the
hyporheic zone. The potential offered by the LOMOS-mini for quantifying stream-aquifer
exchanges at high-frequency is further illustrated in section 3.4.3.

3.3 The pressure sensor

This section presents the pressure part of the LOMOS-mini system, which monitors the
difference in hydraulic head between the top and the bottom of the vertical sediment column.
These measurements of typically a few centimeters or less are challenging to obtain with
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sufficient accuracy (Essaid et al., 2008). The functioning of the pressure sensor is presented
and the experimental steps for its calibration accounting for sensitivity to temperature are
described.

3.3.1 Mechanical and electronic functioning of the pressure
sensor

The pressure sensor is built upon the technology presented in Greswell et al. (2009),
modified by implementing an adjustable gain in the electronic circuit to better target ranges
of hydraulic head differential observable between the stream and the hyporheic zone (as de-
tailed further in the section). The main points of the electronic implementation are repeated
here.

The hydraulic head differential monitoring relies on a pressure transducer converting the
water pressure differential between the stream and the hyporheic zone into an electrical volt-
age, which is measured by the data logger. Measuring pressure in the form of a differential
between the stream and the hyporheic zone avoids the need for barometric pressure com-
pensation. The pressure transducer used in the LOMOS-mini is the 26PCA series pressure
sensor designed by Honeywell, USA. This sensor contains a piezoresistive membrane bend-
ing with an amplitude depending on the pressure differential applied on both sides of the
membrane (Fig. 3.2). Placed between the tube going to the river and the one going to the
hyporheic zone, this membrane outputs an electrical voltage proportional to the difference in
pressure between the top and the bottom of the sediment column. The 26PCA series sensor
monitors pressure differentials with a magnitude of up to 1 psi (0.7 m water head) in both
directions, and it resists to pressure differentials of up to 20 psi (14 m), showing robustness
to field conditions. The sensor can record both negative and positive pressure differentials
and is thus capable of monitoring hydraulic head differentials under both infiltration and
exfiltration conditions. The pressure sensor sensitivity is 8.35 mV/psi (0.119 mV/cm head)
when powered with 5 V.

A second part in the electronic circuit adjusts the voltage delivered by the piezoresistive
membrane to the range made available by the data logger. The data logger is an Onsetr

Hobor, and records voltages in the 0-2.5 V range. An analog amplifier with adjustable gain
is set such that the LOMOS-mini monitors hydraulic head differential ranging between about
+10 and -10 cm; for most sites and most hydraulic conditions, this range in hydraulic head
differential is an overestimation of expected hydraulic head differentials between the top and
the bottom of a 40 cm hyporheic zone column. Given the pressure sensor sensitivity, the
targeted hydraulic head differential range, and the data logger recording range, the gain is
set to be on the order of 103, amplifying the signal delivered by the piezoresistive membrane
from the order of millivolts to the order of volts. Notably, the value chosen for the gain does
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not impact the final error made with the sensor. Finally, a 1.25 V reference diode is placed
in the electronic circuit to shift the final voltage range to 0-2.5 V, as recorded by the Onsetr

Hobor.

Figure 3.2: Diagram of the electronic circuit of the pressure sensor, adapted from Greswell
et al. (2009) by implementing an analog amplifier with variable gain.

3.3.2 Calibration

The pressure logger outputs an electrical voltage, primarily function of the deformation of
the membrane under the applied pressure differential. Besides the membrane deformation,
the electronic circuit is also very sensitive to temperature fluctuations. The relationship
between pressure differential, temperature and voltage depends on the gain chosen for the
amplifier, but also on the temperature sensitivity of each individual component in the elec-
tronic circuit. Therefore, each pressure system needs to be individually calibrated.

This section describes the experimental protocol for calibrating the pressure sensor; and
establishes the final relationship between hydraulic head differential, voltage and temperature
from presented calibration experiments.



CHAPTER 3. IN-SITU DATA ASSIMILATION: DEVELOPMENT OF
EXPERIMENTAL SENSOR 56

3.3.2.1 Establishing the relationship between voltage and hydraulic head
differential

First, the calibration of voltage measurements with respect to hydraulic head differential
is performed. This calibration is performed at ambient temperature. During the calibration
period, temperature is close to constant and automatically monitored at a high frequency
(e.g. every 1 min).

A specific design is constructed for the calibration between hydraulic head differential
and voltage (Fig. 3.3a). Two tubes, the left reproducing the river stage Hriv and the right
reproducing the hyporheic zone hydraulic head HHZ , are placed vertically and are connected
to the pressure sensor. The water height in each tube is modified, and the hydraulic head
differential and the electrical voltage measured by the pressure sensor are reported for mul-
tiple configurations of water heights Hriv and HHZ . The entire range of hydraulic head
differential is covered, until reaching the saturation of the data logger, at 0 and 2.5 V (Fig.
3.3b). The measurements indicate a linear relationship between voltage U and hydraulic
head differential ∆H, ∆H = HHZ −Hriv, until saturation of the data logger is reached.

A linear curve is then fitted to measurements not included in the data logger saturation
zone. The fitting relationship is presented in Equation 3.1, where fitted coefficients α and β
are estimated from measurements of the calibration experiment.

∆H(U, Tref ) = α + βU (3.1)

(a) Experimental setup for the calibration of volt-
age U as a function of head differential ∆H.

(b) Hydraulic head differential ∆H applied to the
pressure sensor as a function of the measured volt-
age U

Figure 3.3: Calibration of voltage with respect to hydraulic head differential, at ambient
temperature Tref
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3.3.2.2 Sensitivity to temperature

As mentioned in Greswell et al. (2009), the electrical voltage measured at the output
of the pressure sensor is sensitive to the ambient temperature at which measurements are
taken. This section presents the calibration method used to quantify the sensitivity of the
pressure sensor to temperature conditions.

Experiments used to establish the sensitivity of voltage measurements to temperature
variations are conducted in a climatic chamber (Fig. 3.4a). The climatic chamber is con-
venient because it enables the control of temperature in the environment where pressure
measurements are taken. The behavior of the pressure sensor can be tested in a wide
range of temperature settings controlled via a programming interface. A thermostatically-
controlled water bath with programmable temperature variations can equivalently be used,
when available.

Three separate experiments are conducted for each sensor. In each experiment, a fixed
hydraulic head differential is applied to the pressure sensor in the climatic chamber, where
temperature is programmed to vary linearly in ranges corresponding to temperature condi-
tions that LOMOS-mini can experience in the field. The voltage and ambient temperature
in the climatic chamber are recorded with a one-minute periodicity.

These experiments show that for a fixed hydraulic head differential, the measured dif-
ference in electrical potential varies with temperature, in a linear fashion (Fig. 3.4b). The
voltage signal is noisy, this is due to the vibration of the climatic chamber caused by the
motor control. Only the linear fit of voltage variations is considered when interpreting the
signal.

3.3.2.3 Establishing the relationship between ∆H, U and T

Calibration experiments described in sections 3.3.2.1 and 3.3.2.2 allow the quantification
of measurement errors when the effect of temperature is not taken into account. The er-
ror quantification is achieved by the mean of a calibration relationship between hydraulic
head differential ∆H, output voltage U and temperature T . First, coefficients α and β from
Equation 3.1 are estimated based on data from experiment 3.3.2.1. Then, data from experi-
ment 3.3.2.2 are used to calculate the hydraulic head differential ∆Hfit corresponding to the
voltage measured in the climatic chamber when using Equation 3.1, which does not account
for the effect of temperature. Finally, ∆Hfit is compared to the hydraulic head differential
∆Hmeas applied during the experiment in the climatic chamber. The difference between the
fitted hydraulic head differential ∆Hfit and the hydraulic head differential applied in the
climatic chamber ∆Hmeas informs on the estimation error (Fig. 3.5a).

The variation of this estimation error with ambient temperature provides the sensitivity
of the calibration relationship to ambient temperature. Figure 3.5a shows how the error
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(a) Experimental setup for monitoring the influ-
ence of temperature variations on voltage mea-
surements. Tubes on each side of pressure sen-
sor boxes are filled with water corresponding to
a hydraulic head differential, this hydraulic head
differential remains constant while the tempera-
ture in the climatic chamber varies. The voltage
is recorded for this constant hydraulic head dif-
ferential and varying temperature conditions. (a)
climatic chamber and programming interface (b)
pressure boxes inside the climatic chamber
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(b) Example of voltage (in black) and temperature
(in red) time series measured during the experi-
ment, for a constant hydraulic head differential
(here ∆H = +2.3cm). The noise in the measured
voltage time series is due to the vibrations caused
by the motor control in the climatic chamber.

Figure 3.4: Experimental setup and measurements for the calibration of the pressure sensor
to temperature variations.

increases as the difference between the ambient temperature and the temperature Tref =
18◦C used when establishing the calibration relationship (Eq. 3.1) increases. When the
ambient temperature is 5◦C, the introduced bias is as high as +2cm. This justifies the
modification of Equation 3.1 into Equation 3.2 which accounts for temperature.

In order to account for the effect of temperature on the relationship between voltage and
hydraulic head differential, the calibration relationship (Eq. 3.1) is modified to include the
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into account in the calibration relationship (Eq.
3.1), estimated by deriving hydraulic head esti-
mates with Equation 3.1 from voltage measure-
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comparing to the actual hydraulic head differen-
tial applied (∆Hmeas).
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(b) Error for ∆H when temperature is taken into
account in the calibration relationship (Eq. 3.2),
estimated by deriving hydraulic head estimates
with Equation. 3.2 from voltage and temper-
ature measurements in calibration experiments
(∆Hfit), and comparing to the actual hydraulic
head differential applied (∆Hmeas).

Figure 3.5: Difference between hydraulic head differential imposed in calibration experiments
and estimated from calibration relationships (Eq. 3.1 and 3.2). The dots are colored by
experiment type: UH refers to the calibration of voltage with respect to hydraulic head
differential (described in section 3.3.2.1), UT refers to measurements to the calibration of
voltage with respect to temperature (described in section 3.3.2.2). Here, the consideration of
temperature in the calibration relationship reduces the estimation error from 2 cm to 2 mm.

temperature variable (Eq. 3.2).

∆H = ξ0 + ξ1U + ξ2T (3.2)

Coefficients ξ0, ξ1 and ξ2 are estimated using data from both experiments. The coefficient
ξ2 accounting for the influence of temperature in the relationship between ∆H and U is
estimated by fitting errors as a function of temperature (Fig. 3.5a). All three coefficients
can then be estimated by relating Equations 3.1 and 3.2, noting that Equation 3.1 is Equation
3.2 for T = Tref .



CHAPTER 3. IN-SITU DATA ASSIMILATION: DEVELOPMENT OF
EXPERIMENTAL SENSOR 60

These treatments are executed in the form of R scripts (R Core Team, 2013), which
provide calibration coefficients ξi from data provided in experiments 3.3.2.1 and 3.3.2.2. Co-
efficient values obtained during calibrations of five different pressure sensors are summarized
in Table 3.1.

ξ0 [m] ξ1 [m/V] ξ2 [m/C]
minimum value 0.179 0.112 0.000451
median value 0.241 0.183 0.000897

maximum value 0.827 0.684 0.00154

Table 3.1: Summary statistics of calibration coefficients in Equation 3.2, derived for five
pressure sensors

Figure 3.5b shows errors in hydraulic head differential estimates as a function of tempera-
ture. Residual variability remains in the estimates, due to the imperfection of the technology
and measurements, such as the hysteresis of the membrane or the temporal lag between air
temperature variations and temperature of water in contact with the membrane.

When temperature is not taken into account in the calibration relationship (i.e. when
Equation 3.1 is used for calibration), errors associated with temperatures close to 5◦C are on
the order of 2 cm. In comparison, when taking into account the effect of temperature on the
calibration relationship, errors associated with temperatures close to 5◦C are on the order of
2 mm. Taking into account the temperature correction can therefore reduce the estimation
error on ∆H by up to one order of magnitude.

3.4 Deployment of the LOMOS-mini in the field

This section presents the installation of the LOMOS-mini in the field, emphasizing how
the experimental solution proposed is robust, avoiding the contact between the electronic
equipment and water and enabling the monitoring in compact geological settings. A set of
time series measured in the field is shown, and is used to estimate transient and vertically-
distributed water and heat fluxes with the help of a numerical hydrothermal model.

3.4.1 In-situ implementation of the LOMOS-mini

LOMOS-mini measurements rely on the installation of the pressure and temperature
systems in close proximity. Figure 3.6 shows the final installation of the LOMOS-mini system
in the field. This installation takes between 1 and 3 hours, depending on the resistance of
the streambed sediments to the insertion of the hyporheic tube.
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Figure 3.6: In-situ implementation of the LOMOS-mini in the field. (A) Final implementa-
tion. a: pressure sensor box; b: tube to river; c: tube to hyporheic zone; d: temperature
box; e: location of temperature sensors at depth in the hyporheic zone. The foot and the
scalebar indicate the approximate scale. (B) Inside the pressure box. a: pressure sensor box;
b: ribbed connection to river tube; c: ribbed connection to hyporheic tube; d: batteries;
e: hydraulic connections from pressure membrane sensor to tubes external to the box; f:
data logger; g: silicon rubber surrounding electronic circuit. The ruler provides the scale (in
centimeters).

The purpose of the pressure system is to measure the hydraulic head differential between
a point at depth in the hyporheic zone and the stream using the electronic circuit presented
in section 3.3. This circuit is placed at the center of a waterproof box in hydraulic connection
to the river and to the hyporheic zone (Fig. 3.6.A.a-c and Fig. 3.6.B). The box is designed to
contain the equipment supporting the electronic circuit, including a pack of six AA batteries
with 1.5 V individual voltage powering the electronic circuit with a voltage greater than 7 V
(Fig. 3.6.B.d); and the Hobo device, which serves both as trigger for taking measurements
and as data logger (Fig. 3.6.B.f).

Several steps are followed to minimize chances of contact between water and electronic
equipment inside the box. First, the electronic circuit implemented on an electronic board is
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flown into a silicone rubber (Fig. 3.6.B.g). Silicone rubbers are easy to vulcanize and have a
wide biological resistance, they are therefore well suited to protect the electronic equipment.
Second, all components are placed in a hermetically sealed plastic box; the box follows the
IP68 standard, resisting to continuous immersion beyond 1 m (IP6, 2005). A fluoroelastomer
at the contact between the lid and the box ensures that the box is hermetically sealed. 4
screws firmly seal the lid to the box. The contact zone between the box and its lid is wrapped
in electrical tape as an additional security to water intrusions. Finally, balls of silica gel serve
as a desiccant to absorb residual humidity that can appear from condensation. Experience
has shown that these steps minimize the risk of water intrusion in the box. Following these
steps ensures that electronic components remain dry throughout the in-situ experiment,
during which the box can be continuously immersed in water for several weeks.

The pressure sensor located inside the pressure box is connected to two tubes, one going
to the river and one going into the hyporheic zone. Each tube is made of flexible and
transparent plastic with inner diameter 16 mm and outer diameter 20 mm. The stream tube
is a few centimeters long and connects the pressure sensor to the pressure in the stream, a
fine grid placed at its extremity prevents the intrusion and clogging of elements inside the
tube (Fig. 3.6.A.b). The hyporheic tube is positioned in the streambed, its extremity at
a depth equal to the depth of the deepest temperature sensor (Fig. 3.6.A.c). The bottom
of the tube is perforated along 2-3 cm, so that the hydraulic head in the tube equals the
hydraulic head in the hyporheic zone at depth.

Positioning the tube into the hyporheic zone is a delicate step, especially so in compact
geological environments such as colluvial environments. It is achieved by pushing the tube
with a manual drilling system as follows. First, an aluminum lost tip is fixed to the extremity
of the tube. The plastic tube is then inserted inside a more solid metal tube with inner
diameter slightly larger than the outer diameter of the hyporheic tube. A clamping ring
fixed around the metal tube then allows the use of a hammer to push the hyporheic tube
into the subsurface. It is the use of a metal tip and hammer that allows the installation of
such systems in compact geological environments. Once the desired depth is reached, the
hammer and metal tubes are removed and leaving the hyporheic tube in place. The hyporheic
tube is then fixed to the ribbed connection of the pressure box, ensuring no pressure head
loss or water intrusion at the connection (Fig. 3.6.B.c).

After the installation, the pressure membrane is at the interface between stream water and
hyporheic zone water. The system is designed for saturated hyporheic zones in connection
with the stream (Brunner et al., 2009). Indeed, the hydraulic head in the hyporheic zone
needs to be greater than the elevation of the pressure sensor to maintain hydraulic connection
between the pressure sensor and the water in the hyporheic zone.

The temperature system is implemented in the vicinity of the pressure system (Fig.
3.6.A.d-e). The temperature probes are 3-wires 10 kΩ NTC sensors compatible with the
Hobo data logger (Water/Soil Temperature Sensor TMC6-HD provided by Onsetr). The
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metal cap on the sensor has a cylindrical shape with height 25 mm and diameter 5 mm;
therefore the temperature measured at one depth is integrated over the 25 mm of the metal
sensor. These probes measure temperature above 0◦C with ± 0.3◦C accuracy. Four tem-
perature probes are placed at regular intervals along a plastic sick on which notches of the
size of the temperature caps are cut. Plastic is chosen because it is a thermal insulator and
it is resistant to field conditions. The insertion of the temperature stick in the hyporheic
sediments is done by first drilling a hole using a metal tube ending with a tip. The metal
tube is then removed and replaced by the stick where the vertically-distributed temperature
probes are fixed. Each temperature sensor is connected to one Hobo slot. The Hobo is then
placed in a waterproof box with similar characteristics than the pressure box.

Both the pressure and the temperature boxes need to be waterproof and to resist immer-
sion in the stream over several weeks. Indeed, the challenge in the field is to maintain the
hydraulic connection of the circuit to the stream and hyporheic zone waters while keeping
the electronic circuit dry in a waterproof environment. Moreover, experience has shown that
maintaining the temperature box under water minimizes the risk of seeing wild life damaging
electrical cables linking temperature probes to the data logger.

3.4.2 Measured set of time series in the field

This section presents a set of time series measured for one installation of the LOMOS-
mini system in the field. Water and heat exchanges estimated from this set of measurements
are presented in section 3.4.3.

The LOMOS-mini system was tested at the Avenelles basin, a sedimentary catchment in
the Seine basin (Loumagne and Tallec, 2013). The Avenelles basin is a well-instrumented site
where the monitoring network has been designed to quantify stream-aquifer exchanges over
multiple scales (Mouhri et al., 2013). Measurements presented in this section correspond to
the installation of a LOMOS-mini system in the middle part of the Avenelles basin, at a
location where the streambed is composed of loess and underlaid by colluvium with blocks
of gritstone. To the authors’ knowledge, this is one of the first experiments in this type of
environment for the quantification of hyporheic exchanges.

Figure 3.7 shows temperature and hydraulic head differential time series measured by a
LOMOS-mini. Hydraulic head estimates using both calibration relationships are presented,
one where temperature is taken into account in the calibration relationship (Eq. 3.1), one
where temperature is not taken into account (Eq. 3.2). It is critical to account for the in-
fluence of temperature on hydraulic head differential estimates when investigating hydraulic
head differential in the hyporheic zone, where measurements need to be precise in the order
of a few millimeters. Discarding the temperature effect when transducing voltage measure-
ments to hydraulic head differential estimates can result in underestimating hydraulic head
differential. In some cases, not taking into account the temperature effects can also lead to
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a misconception of the direction of exchanges, for example when head differentials fluctuate
around 0 m in Figure 3.7.
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Figure 3.7: Set of hydraulic head differential and temperature time series as obtained by a
LOMOS-mini system. Discarding the effect of temperature in the calibration relationship
results in bias in hydraulic head differential estimates.

3.4.3 Estimating exchanged fluxes from LOMOS-mini
measurements

This section presents an example of flux estimates to illustrate the potential of the moni-
toring system when hydrological and thermal properties in the streambed are known. When
properties are unknown, hydrological and thermal parameters can be estimated using inver-
sion methods, this will be the focus of later studies.

Temperature and hydraulic head along the 1D vertical column can be simulated by a tran-
sient heat transport and water flow numerical model. This study uses the numerical model
Ginette, a fully coupled transient finite volume model solving for water and heat transport in
porous media (Rivière et al., 2014). Boundary conditions applied to the numerical model are
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the hydraulic head differential time series, as well as the top and bottom temperature time
series. The other temperature time series can be used to validate the choice of hydrological
and thermal parameters in the numerical simulation. Simulated temperature and hydraulic
head time series are sensitive to the initial temperature and pressure field assigned to the
1D column, therefore a spin-up period of 2 days is discarded from the analysis. Hypotheses
associated with this approach are that water and heat fluxes between the stream and the
aquifer are vertical, that spatial variability of water and heat fluxes in the spacing between
the pressure and the temperature probes is neglectable, and that hydrological and thermal
properties in the sediment column are known.
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Figure 3.8: Time series of vertical water and heat exchanges estimated from the LOMOS-mini
set of measurements presented in Figure 3.7 using the numerical model Ginette (Rivière et al.,
2014). Fluxes are positive upwards. Colored time periods correspond to positive thermal
gradients in the column, when temperature is higher in the stream than at the bottom of
the hyporheic zone.
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soil property numerical value unit
intrinsic permeability 9.17·10−13 m2

porosity 0.15 -
solid thermal conductivity 3.38 kg·m·s−3·C−1

solid thermal capacity 104 m2·s−2·C−1

specific density 2.5·103 kg·m−3

Table 3.2: Values of hyporheic zone properties used in the numerical simulation

Figure 3.8 shows vertical water and heat exchanges estimated from the set of measure-
ments presented in Figure 3.7. Soil properties used in the numerical simulation are sum-
marized in Table 3.2. The corresponding root mean squared error between measured and
simulated temperature time series is 0.05◦C. Fluxes are extracted from the numerical model
at the top cell, they therefore represent the conditions right at the interface between the
stream and the hyporheic zone. In Figure 3.8, colored time periods correspond to a positive
thermal gradient in the column, when temperature in the stream is higher than temperature
at the bottom of the sediment column and when the stream is therefore expected to lose
heat by thermal conduction. These time periods are derived from the measured temperature
time series presented in Figure 3.7.

The use of a transient model provides a detailed description of dynamics of the water and
heat fluxes. At the location and period associated with measurements, water velocity was
mostly positive, corresponding to a gaining stream where water flows from the hyporheic
zone into the stream (Fig. 3.8). This is in line with the positive head differential along the
1D column observed in Figure 3.7, where the hydraulic head is higher at the bottom of the
hyporheic zone than at the top during most of the recording. A gain of thermal energy in
the stream by advection are expected during time periods when water velocity is positive.

Figure 3.8 shows that the direction of advective heat fluxes is closely related to the
magnitude of the water fluxes, as expected. Conductive heat flux shows a higher temporal
variability, with a daily periodicity due to diurnal variations of stream temperature. During
the day, when stream temperature is higher than hyporheic zone temperature, the conductive
heat flux is lower than average, this corresponds to a situation where the heat propagates
towards the hyporheic zone. On the contrary, during the night, when stream temperature
is lower than hyporheic zone temperature, the conductive heat flux is higher than average.
Another noticable point is the correspondance between the direction of the conductive flux
and the sign of the thermal gradient in the hyporheic column. As expected, when the thermal
gradient is positive (i.e. when temperature is higher in the stream than at the bottom of the
hyporheic zone), the conductive heat flux is negative (i.e. hyporheic zone sediments conduct
heat downwards).
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Figure 3.9 further illustrates the potential of measurements taken by the LOMOS-mini
system by showing the spatial distribution of temperature and heat fluxes along the vertical
column in the hyporheic zone. Figure 3.9a shows the temperature profiles along the 1D
column and the well-documented propagation and dampening of the diurnal temperature
variations with depth. Advective fluxes (Fig. 3.9b) are homogeneous along the 1D column,
this is because they are proportional to the water velocity which is homogeneous along the 1D
column. Conductive fluxes exhibit a higher spatial variability (Fig. 3.9c). Frequent reversals
in the direction of conductive fluxes at the top of the column are due to the propagation
of stream diurnal temperature fluctuations in the porous media. The depth of this reversal
varies from day to day, as the magnitude of daily temperature variations in the stream varies.

Figures 3.8 and 3.9 illustrate the importance of the conductive term when quantifying
heat exchange in the hyporheic zone, however noting that even for low Darcy velocity, the
advective term has the same order of magnitude than conductive heat flux.

Coupled with a numerical model, a LOMOS-mini therefore enables high-frequency es-
timation of advective and conductive heat fluxes along a vertical streambed profile. As
illustrated in Figure 3.9b,c,d, under stable hydraulics conditions, most heat fluxes rever-
sals are due to diurnal stream temperature fluctuations, while the advective terms become
predominant under transient hydrological conditions, then driving energy flux reversals.

3.5 Conclusion

This paper introduces the LOMOS-mini, an innovative experimental sensor monitoring
water and heat exchanges in the hyporheic zone at a sub-daily temporal resolution (e.g. every
15min). The sensor operates under saturated conditions and monitors vertical exchanges
at the local scale (∼0.1-1m). When compared to other available methods, LOMOS-mini
measurements allow to relax the assumption of steady water flux, and therefore enable the
quantification of transient water exchanges accounting for dynamic hydrologic boundary
conditions.

The LOMOS-mini has been used intensely in the field and has proven to be resistant to
a variety of climatic and hydrological conditions. Building upon the pressure sensor technol-
ogy presented by Greswell et al. (2009), the LOMOS-mini coupled pressure and temperature
sensor pursues a similar purpose in that it is an easy-to-use, inexpensive and robust equip-
ment for automated data collection in the field. It is therefore well suited for researchers
and practitioners usually operating under time constraints and on a limited budget.

Stream-aquifer exchanges result from a variety of hydrological and geomorphological
controls, characterized by low and high temporal frequencies as well as spatial heterogeneity;
they therefore exhibit high variability over multiple temporal and spatial scales (e.g. Flipo
et al., 2014). The LOMOS-mini offers a novel insight into the temporal complexity of local
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vertical exchanges by enabling the quantification of fluxes driven by dynamic hydrological
boundary conditions, which can have the same order of magnitude than those driven by
the well-studied stream geomorphologic features (Schmadel et al., 2016). Moreover, the
LOMOS-mini is designed to be easy to deploy in the field, and when installed at multiple
locations LOMOS-mini sensors can provide spatially-distributed information on the exchange
dynamics. For these reasons, the LOMOS-mini is expected to contribute to future efforts
supported by field data aiming at upscaling hyporheic exchanges, measurable at the local
scale, to the reach and catchment scales.
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Figure 3.9: Temporal estimation of vertically-distributed (a) temperature, (b) advective
heat flux, (c) conductive heat flux and (d) total heat flux from the LOMOS-mini set of
measurements presented in Figure 3.7 with the numerical model Ginette (Rivière et al.,
2014). Fluxes are positive upwards.
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Chapter 4

Estimating local properties and
exchanges from LOMOS-mini
measurements

This chapter describes the estimation of hydrological and thermal properties in the hy-
porheic zone from LOMOS-mini measurements presented in chapter 3. This chapter has
been developed as a manuscript to be submitted to Water Resources Research.

Abstract: Several methods exist for estimating stream-aquifer exchanges from diurnal
temperature fluctuations in the hyporheic zone. This study investigates the estimation of
hydrological and thermal properties in the hyporheic zone and their associated uncertainties
from LOMOS-mini measurements. The LOMOS-mini is a system recording temperature
and pressure at high temporal frequency introduced by Cucchi et al. (2017). We use a
Bayesian framework, in which parameters are characterized by probability distribution func-
tions (pdfs), to consistently assimilate the information brought by field measurements on
parameter characterization. On the basis of synthetic case studies, we demonstrate the abil-
ity of estimating underlying known soil properties and show that the identifiability depends
on the Peclet number, summarizing the hydrological and thermal regimes in the column.
We further apply the methodology on field data using measurements from the Avenelles
basin, France. Water fluxes can be estimated from the combination of LOMOS-mini mea-
surements and numerical modeling in all cases, and hydraulic conductivity can be estimated
in advective cases, when stream-aquifer exchanges impact local water balance.
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4.1 Introduction and Background

Reliable estimates of stream-aquifer exchanges are central to the management of inte-
grated surface-subsurface water resources (Winter et al., 1998; Woessner , 2000; Stonestrom
and Constantz , 2003), in particular for understanding the transport of contaminants in
the stream-aquifer continuum (Conant , 2004; Lewandowski et al., 2011), closing the water
budget of catchments (Krause and Bronstert , 2007) or predicting seasonal low flows (Fleck-
enstein et al., 2006). Integrated models need to account for exchanges between surface water
and groundwater through the stream-aquifer interface, key component of the stream-aquifer
continuum (Bencala, 2000; Flipo et al., 2014). Coupled with heat fluxes, water fluxes also
condition a myriad of chemical and ecological processes, such as denitrification rates (Har-
vey et al., 2013), locations of refuge for aquatic species (Brunke and Gonser , 1997; Malcolm
et al., 2005; Marmonier et al., 2012) and they play a critical role in maintaining a good
quality of stream water (Hancock , 2002; Cardenas , 2015).

Quantifying and modeling water and heat exchange processes between streams and
aquifers requires the knowledge of thermal and hydrological properties in the interface, which
at the local scale is the hyporheic zone (HZ) (Flipo et al., 2014). Various experimental meth-
ods have been used in order to estimate surface-subsurface exchanges and HZ parameters
in the field (Kalbus et al., 2006), such as the use of tracers (Engelhardt et al., 2011; Xie
et al., 2016) and seepage meters (Murdoch and Kelly , 2003; Solder et al., 2016). At the local
scale, one well-established strategy is to use heat as a tracer of the flow, taking advantage
of the fact that surface water temperature fluctuates naturally at a daily timescale while
groundwater temperature remains more stable in time around the mean air temperature
value (Anderson, 2005; Stonestrom and Constantz , 2003; Constantz , 2008; Rau et al., 2014).
Moreover, temperature is a natural tracer that is relatively easy and inexpensive to collect
continually and with minimal disturbance to the sediment structure (Engelhardt et al., 2011).

A well-established approach for estimating exchanged water fluxes is to place vertically-
distributed sensors monitoring temperature at different depths in sediments beneath the
stream (Lapham, 1989). Vertically-distributed temperature profiles are interpreted using
the advection-diffusion equation (ADE), which relates the evolution in time of the bulk
temperature T [◦C] and the Darcy water flux q [m · s−1] (Eq. 4.1).

ρmcm
∂T

∂t
= −ρwcwq ·∇T + λm∆T, (4.1)

ρ [kg· m−3] is the density, c [J· kg−1 C−1] are the specific heat capacity and λm [W· m−1

C−1] is the effective (or bulk) thermal conductivity (e.g. de Marsily , 1986; Rau et al., 2014).
Subscripts m and w respectively denote the sediment-water system and water.

Two broad approaches are proposed to quantify stream-aquifer exchanges, one using
analytical solutions to the one-dimensional (1D) form of the ADE and the other using inverse
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modeling from numerical models. In the first approach, subsurface temperature profiles
are approximated by an analytical solution to the 1D ADE, as first derived by Stallman
(1965). It describes the evolution of temperature in a 1D column with constant hydraulic
head differential (i.e. steady state conditions for water exchange), sinusoidal temperature
at the top boundary and constant temperature at bottom infinity. Popular extensions of
the analytical solution include the studies of Hatch et al. (2006), Keery et al. (2007) and
McCallum et al. (2012), where amplitude reductions and phase shifts between temperature
timeseries at different depths are used to formulate analytical approximations to the seepage
flux. This is the basis for developed routines filtering field data and calculating seepage,
such as VFLUX (Gordon et al., 2012; Irvine et al., 2015a) or Ex-Stream (Swanson and
Cardenas , 2010). Thanks to their simplicity, analytical solution methods are easily applicable
to large datasets (Gordon et al., 2012; Briggs et al., 2013). However, associated assumptions
(constant pressure and sinusoidal temperature boundary conditions, no vertical temperature
gradient in the subsurface) can lead to significant errors (Schornberg et al., 2010; Lautz ,
2010), and the analytical method is not applicable in the cases where temperature variations
are too low to extract a sinusoidal component (e.g. Keery et al., 2007). The second approach
using numerical models avoids these shortcomings. A number of studies prefer this more
flexible approach, even if it is more computationally intensive. Cranswick et al. (2014) used
the automatic parameter calibration software PEST (Doherty , 2010) coupled to a finite
difference approximation of the 1D ADE; they estimated the seepage flux that best matched
their temperature time series. Other studies (e.g., Essaid et al., 2008; Ronan et al., 1998;
Mouhri et al., 2013) used the numerical code VS2DH (Healy and Ronan, 1996). User-friendly
GUIs facilitating the calibration process have also been developed, such as 1DTempPro using
the numerical model VS2DH (Voytek et al., 2014); and automated calibration routines were
developed with the numerical model STRIVE (Anibas et al., 2009).

When combined with hydraulic head measurements, seepage velocity estimates q can be
further linked to sediment intrinsic permeability k thanks to the groundwater flow equation.

S
∂H

∂t
= −∇q (4.2)

where S is the specific storage and q and k are linked via Darcy’s law (Eq. 4.3).

q = −kρwg
µw

∇H (4.3)

k [m2] is the intrinsic permeability, H [m] is the hydraulic head, g [m s−2] is the gravitational
constant and µw [kg s−1] is the fluid dynamic viscosity.

Lapham (1989) first demonstrated the feasibility of hydraulic conductivity estimation
from vertically-distributed temperature measurements. Since then, a limited number of field
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studies estimated hydraulic conductivity from combinations of hydraulic head and vertically-
distributed temperature measurements. Essaid et al. (2008) used time series of head mea-
sured continually at ranges from 1 to 3 m below the streambed as boundary conditions on
their 1D numerical models, fitted hydraulic conductivity ranged from 7.9 · 10−3 to 1.3 · 10−6

m s−1. Anibas et al. (2012) used time series of temperature and hydraulic head measured
at 0.5− 1.10m depth were set as boundary conditions to the 1D numerical model STRIVE,
and derived a hydraulic conductivity of 0.22 m day−1. Mouhri et al. (2013) used VS2DH in
a 2D cross section of the Avenelles River, France. They imposed measured values of river
and lateral temperature and head boundary conditions, adjusted the hydraulic conductiv-
ity value so that HZ temperature measured and modeled time series fit well and derived a
hydraulic conductivity of 5 · 10−5 m s−1.

One main limitation of aforementioned approaches is the assumption of vertical 1D or 2D
flow. In general, flowpaths in the HZ are three dimensional, forced by stream geomorphol-
ogy (such as ripples, pool-riffle sequences, stream curvature), regional exchanges between
the groundwater system and the stream, and subsurface heterogeneity (Malard et al., 2002;
Cardenas et al., 2004; Fleckenstein et al., 2006). Numerous studies investigated the conse-
quences of adopting a 1D model for estimating seepage from temperature time series using
synthetic numerical case studies (e.g. Lu and Ge, 1996; Ferguson and Bense, 2007; Lautz ,
2010; Cuthbert and MacKay , 2013; Cranswick et al., 2014; Irvine et al., 2015b). Using a
2D numerical model, Irvine et al. (2015b) compared solute and heat tracers; they concluded
that heat tracer provides a good approximation of mean seepage while solute tracers better
inform dispersivity due to sediment heterogeneity. Similarly, using the numerical approach,
Cranswick et al. (2014) showed that the seepage derived using a 1D model from a 2D field
is equivalent to the mean of seepage vertical component. Cuthbert and MacKay (2013) con-
cluded that non-vertical flow didn’t affect the seepage estimate as much as the presence
of convergent or divergent flow fields, in line with the recommendation of Silliman et al.
(1995) that temperature probes should be installed at very shallow depths underlying the
stream where divergence of flow is minimal. Lautz (2010) concluded that despite underlying
assumptions, methods based on vertically distributed temperature time series and 1D flow
assumption were still less prone to uncertainty than methods based on Darcy flux calcula-
tions.

The solution to avoid this structural uncertainty could be to conduct the inversion using
a 3D forward model. However, if 3D models have been used in inversions in synthetic
studies, they are never used in the field for practical investigation purposes (Niswonger and
Prudic, 2003). Indeed, in the case of field case studies, conceptualization of the flow system
is challenging, if not impossible, because of field complexity and data scarcity; in particular
defining head and temperature boundary conditions for a 3D model at the local scale would
also necessarily be somewhat arbitrary and bound to uncertainty. An alternative suggested
by Lu and Ge (1996) is to add a sink/source term to the 1D ADE; but their method requires
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the knowledge of the horizontal temperature gradient and makes its applicability in the field
challenging. Following these observations, we adopt the working hypothesis that water and
heat fluxes are 1D in the vertical direction.

The use of the ADE (Eq. 4.1) to derive seepage q from temperature measurements T
necessitates the estimation of soil properties (Anderson, 2005). In particular, the solid den-
sity ρs, solid heat capacity cs, porosity n, and solid heat conductivity λs vary from site to
site; uncertainty in these parameters leads to uncertainty in seepage estimates. Silliman
et al. (1995) listed the different strategies for fixing these parameters: estimate values from
previous studies at similar sites, measure the parameters on sediment cores, estimate from
the investigated dataset. Some studies assume parameter values and neglect parameter vari-
ability on seepage uncertainty. For example, Anibas et al. (2011) fixed parameters following
a previous optimization at the site investigated. Anibas et al. (2009) fixed values of thermal
parameters from the literature. Constantz (2008) argue that thermal parameters can be
fixed because their range of variation is narrow when compared to hydraulic conductivity.
Other studies use Monte-Carlo simulations to assess the effect parameter uncertainty on
seepage estimates. In these studies, parameters often vary over ranges chosen on the basis of
previously published values. For example, Keery et al. (2007) estimated ranges of variations
focusing on values derived from medium sand and fine gravel environments. They showed
that even if accounting for parameter uncertainty leads to significant changes in seepage
estimates, the range of seepage estimates variations is still relatively narrow when compared
to Darcy flux estimates. Constantz et al. (2002) used a Monte-Carlo analysis to demonstrate
the effect of thermal parameter uncertainty on their seepage estimate for a real case study
and they showed that poor estimates of parameters could result in a 50% discrepancy in
seepage estimation. Finally, other studies use measurements to help estimate parameter
values. Cranswick et al. (2014) computed the root mean squared error (RMSE) between
measured and simulated temperature time series for sets of effective thermal diffusivity and
seepage in a wide range. In their uncertainty analysis, they kept parameters sets for which
the RMSE was falling below a given threshold. Several papers choose to fix a few parameters
and estimate others on the basis of the investigated dataset. Becker et al. (2004) estimated
thermal diffusivity and fixed other parameters from Silliman et al. (1995). Essaid et al.
(2008); Ronan et al. (1998) fixed thermal parameters and estimated hydraulic conductivity
from the dataset.

In previously mentioned studies where parameters are estimated through inverse model-
ing, parameter estimation is done by model calibration, either by manual trial-and-error or
by using an automatic optimization algorithm such as PEST (Doherty , 2010). The estimated
parameter set is the one minimizing an objective function describing the discrepancy between
measurements and model outputs. Pitfalls of optimization include non-identifiability (more
than one parameter set lead to the same solution of the forward model), non-uniqueness
(more than one parameter set minimize the objective function), instability (small changes in
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observations leads to large changes in parameter estimates) (Beven and Binley , 1992; Carrera
et al., 2005), and bias in parameter estimates resulting from the elimination of probability
considerations (Rubin et al., 2010). In stochastic hydrogeology, these pitfalls are avoided
as parameters y are modeled as realizations from the random variable Y defined by their
probability distribution functions (pdf) fY (y) (Rubin, 2003). Narrow pdfs are used when
parameters are well-characterized, wider pdfs are used when there is high uncertainty in the
parameter value. Parameter sets leading to the same forward model output will be assigned
equal probability. Thus, uncertainty in parameter estimates is naturally taken into account.
The Bayesian framework allows to consistently quantify the amount of information provided
by measurements T ∗ on parameter knowledge by updating a prior parameter distribution
fY (y) into a posterior distribution fY (y|T ∗) using Bayes’ theorem (Eq. 4.4).

fY (y|T ∗) ∝ fT (T ∗|y)fY (y) (4.4)

Previous studies have already applied the Bayesian framework for estimating parameters
in hydrogeological studies, for example for estimating Mualem-Van Genuchten parameters in
Scholer et al. (2011); Over et al. (2015); however to the authors’ knowledge no Bayesian ap-
proach has been presented to date for estimating HZ parameters from vertically-distributed
temperature measurements and to quantify the effect of their uncertainty on seepage esti-
mates.

This study presents a novel approach for estimating HZ properties from vertically-
distributed temperature and pressure time series as measured by the LOMOS-mini (Cucchi
et al., 2017). We use the Bayesian inverse modeling approach to investigate the extent to
which parameters can be estimated from the measurement dataset. Measurements are first
used in an inverse modeling setup in order to inform the statistical distribution of hydro-
logical and thermal properties of sediments. The objective of this study is to show the
consistency of the Bayesian approach for the estimation of HZ properties and the associated
uncertainties. Our study is unique because of (1) the measurement technology monitoring
pressure and temperature at high-frequency and (2) the use of the Bayesian approach, never
applied in the case of HZ characterization.

4.2 Methods

This section describes the experimental setup, the forward model and the Bayesian frame-
work used for estimating hyporheic zone properties.
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4.2.1 Description of the forward model

Our strategy relies on the measurement and modeling of coupled temperature and hy-
draulic head at shallow depths in the HZ (Fig. 4.1). In this section, we present the experi-
mental design used to identify HZ properties, the physically-based model of water and heat
transport, and details of the numerical implementation.

4.2.1.1 Field data

The estimation of hyporheic zone properties is based on measurements provided by
the LOMOS-mini, introduced in Cucchi et al. (2017). The LOMOS-mini consists in five
vertically-distributed temperature sensors, one is located in the stream and four are located
at multiple depths below the streambed (Fig. 4.1). Depending on field configurations, the
deepest temperature sensor is located between 40 and 60cm below the streambed and the
other three are spread at different depths. In the direct vicinity, a piezoresistive pressure
sensor is deployed (Greswell et al., 2009). This sensor is hydraulically connected to two
tubes, one in the river and one in the HZ, where the HZ tube is screened at depth of the
deepest temperature sensor. The pressure sensor records the pressure differential between
the stream and the HZ at depth. After a calibration procedure, pressure measurements are
translated into head differential time series. All temperature and pressure measurements are
synchronous and recorded with a period of 15min and for a duration of 1-3 weeks (Cucchi
et al., 2017).

4.2.1.2 The physically-based forward model

Sediment properties and measured temperature time series are linked by the forward
model simulating flow and heat transport in porous media. At each point in space and
time, hydraulic head H [m] and temperature T [◦C] can be known by solving the heat
transport equation and the continuity equation. Based on temperature and hydraulic head
differential boundary conditions, numerical simulations model pressure and temperature in
HZ sediments below the stream. Exchanges between the HZ and stream waters are modeled
as one dimensional vertical.

The ADE (Eq. 4.1) and the flow equation (Eq. 4.3) can be recast as follows.

∂T

∂t
= κe

∂2T

∂z2
+ αe

∂H

∂z

∂T

∂z
(4.5a)

κe =
λm

nρwcw + (1− n)ρscs
(4.5b)

αe =
ρwcw

nρwcw + (1− n)ρscs

kρwg

µw
(4.5c)
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Figure 4.1: The LOMOS-mini monitoring system. Cross-sectional view of the experimental
design used for parameter identification. It consists in vertically-distributed temperature
sensors (in red) and a hydraulic head differential sensor. Reproduced from Cucchi et al.
(2017)

.

Parameters used in Equations 4.5 are summarized in Table 4.1. κe [m2s−1] and αe [ms−1]
are reduced parameters of the problem and function of physical properties in Table 4.1. In
this study, we refer to κe and αe as reduced conductive and reduced advective parameters
respectively. κe is also known as effective thermal diffusivity.

λm is the thermal conductivity of the water-sediment matrix, it is usually related to the
water and sediment thermal conductivities λw and λs with a functional relationship. Several
models have been proposed, here we follow the recommendation of Cosenza et al. (2003) and
use the quadratic parallel formulation (Eq. 4.6).

λm =
(
n
√
λw + (1− n)

√
λs

)2

(4.6)

In this study, we neglect thermal dispersion. The formulation of the dispersion term and
its influence on heat transport at different spatial and temporal scales is questioned in the
literature and is unsolved to date (Rau et al., 2014). In similar studies, the dispersion is
usually neglected and justified given the small spatial extent and small Darcy velocities in
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Parameter Notation D or S * numerical
value or range

unit Reference

porosity n S 0.15 - 0.5 − Fetter (2001)
water density ρw D 103 kg m−3 Bejan (2013)
water specific
heat capacity

cw D 4185 m2 s−2 C−1 Bejan (2013)

water thermal
conductivity

λw D 0.598 kg m s−3 C−1 Bejan (2013)

sediment den-
sity

ρs S 1800 - 3000 kg m−3 Eppelbaum
et al. (2014,
Table 2.7)

sediment spe-
cific heat ca-
pacity

cs S 800 - 2500 m2 s−2 C−1 Eppelbaum
et al. (2014,
Table 2.7)

sediment ther-
mal conductiv-
ity

λs S 1 - 5 kg m s−3 C−1 Eppelbaum
et al. (2014,
Table 2.7)

intrinsic per-
meability

k S 10−14 - 10−9 m2 Menichino and
Hester (2014)

gravitational
constant

g D 9.81 m s−2

fluid dynamic
viscosity

µw D 10 −3 kg m−1 s−1 Bejan (2013)

* D: deterministic, S: stochastic.

Table 4.1: Physical parameters in the forward numerical model

the experimental setting (Silliman et al., 1995; Luce et al., 2013). However, the method
presented here can be adapted to take into account dispersion in experimental settings were
dispersion plays an important role.

The Peclet number quantifies the ratio of conductive to diffusive fluxes. It is derived
from Equation 4.5a.

Pe ∼ αe
κe

∆H (4.7)

Equation 4.5 is implemented using the numerical model Ginette (Rivière et al., 2014),
solving for flow and heat transport in saturated sediments using the finite volumes numerical
scheme. We use a grid discretization ∆z = 1cm and an adaptive time stepping ensuring con-
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vergence of numerical simulations. Boundary conditions used for the numerical model are
fixed using measured time series of head differential and temperature. The initial tempera-
ture field cannot be determined from measurements and is unknown. In order to minimize
the influence of initial pressure and temperature fields on inversion results, we introduce a
burnout time of 4 days (see Silliman et al. (1995); Becker et al. (2004) recommending 100h).
We set up the initial temperature and pressure fields as linear interpolations of pressure and
temperature measurements in order to start with realistic initial values, and ignore model
outputs during the first 4 days in order to avoid the influence of the initial temperature and
pressure distributions in the column.

In the rest of the analysis, we keep the model setup and boundary conditions fixed, and
concentrate on the estimation of hydrological and thermal parameters.

4.2.1.3 Physical parameters of interest

The focus of our study is to characterize physical parameters of the heat transport equa-
tion and the continuity equation (Eq. 4.5). Some physical parameters are established and
can thus be defined deterministically. The other parameters vary depending on the geological
environments at investigated locations. Table 4.1 summarizes parameters, indicating which
are known deterministically and which are modeled stochastically, with associated numerical
values or variation ranges. The vector of unknown physical parameters is y = (n, ρs, cs, λs, k).

4.2.2 Bayesian parameter estimation

Unknown physical parameters y are modeled as random variables Y entirely character-
ized by their probability distribution function fY (y). The estimation of physical parameters
from measurements T ∗ consists in deriving the posterior distribution fY (y|T ∗). The pos-
terior distribution fY (y|T ∗) is obtained by applying Bayes’ theorem (Eq. 4.4), which relies
on the definition of a prior function summarizing information on the model parameters y,
and a likelihood function quantifying the fit between model predictions and observed data.

As the purpose of the study is to show to what extent the presented measurement strategy
allows the estimation of subsurface properties and exchanged fluxes, prior distributions are
defined as weakly informative, uniform between physically realistic bounds as defined in
Table 4.1. We assume that the physical parameters are a priori independent.

The link between measurements T ∗ and physical parameters y is the forward numerical
model M described in section 4.2.1.2.

T ∗ = M(y) + r (4.8)

Here, T ∗ is the vector of temperature time series measured at intermediate depths (i.e. not
used as boundary conditions in M), M is the forward numerical model, y is a vector of
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physical parameters considered as a realization from the random variable Y , and r is the
vector of residuals between measured and simulated time series.

The likelihood function fT (T ∗|y), linking the prior to the posterior distributions, de-
scribes the probability of observing measurements T ∗ conditionally on parameters y, where
the link between y and T ∗ is done with the help of the forward numerical model (Eq. 4.8).
The likelihood function relies on the comparison of numerical model outputs run with pa-
rameters y with field observations, where parameters leading to model outputs similar to
observations receive high probability (e.g. Tarantola, 2005; Scholer et al., 2012; Anderson
and Segall , 2013). Defining a likelihood appropriate to a specific problem is still an open
challenge (e.g. Over et al., 2015; Zeng et al., 2016). The output of the physical model M(y)
being deterministic for a given set of physical parameter y, a parametric function for the
statistical distribution of residuals needs to be assumed and is difficult to justify; and even
if the assumption of random Gaussian residuals is typically violated, the assumption of mul-
tivariate Gaussian likelihood functions is widely applied (Over et al., 2015). Several studies
have investigated this assumption; in particular, Over et al. (2015) used a hierarchical simu-
lation and modeling framework to provide empirical justification for the use of a multivariate
Gaussian likelihood function, and suggested that this validation provides justification for this
assumption for inversions at similar sites. Along these lines, this study makes the working
hypothesis that the likelihood function is multivariate Gaussian (e.g. Tarantola, 2005; Sc-
holer et al., 2012; Anderson and Segall , 2013). Measurements are represented by a weighted
Gaussian probability density centered around observations T ∗ (Eq. 4.9) (e.g. Scholer et al.,
2012). Although widely applied, this likelihood form is not universal and the estimation
approach applied in this study can be adapted to other likelihood formulations.

f(T ∗|Y = y) ∝ exp

(
− 1

2σ2
r

N∑
ti=1

[M(y)ti − T ∗
ti ]

2

)
(4.9)

where N is the number of sampled points, ti is the time at the ith sampled point, σ2
r is

the total variance of residuals.
When evaluating Equation 4.9, the computational burden resides in the computation of

numerical model outputs M(y) for a large number of combinations of physical parameters y.
This study has five parameters of interest, therefore the likelihood function f(T ∗|y) needs
to be estimated in a five-dimensional space.

The number of forward simulations needed, and therefore the computational burden of
the problem, can be reduced by noticing that the forward model is actually characterized by
two degrees of freedom, as pointed out in Equation 4.5a, and summarized by the reduced
parameters αe and κe. This is a typical case of non-identifiability, where distinct sets of
parameters can lead to the exact same model output. The non-identifiability is an oppor-
tunity for reducing the computational burden. Steps for deriving the likelihood function
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taking advantage of reduced dimensionality are summarized in Figure 4.2 and described
hereafter. They reduce the number of simulations by eliminating redundant computing of
forward numerical model outputs.

1. Physical parameters are sampled from their prior distribution. We use latin hypercube
sampling, ensuring an optimal coverage of the parameter space for a fixed number of
simulations (McKay et al., 1979; Blasone, 2007).

2. Corresponding reduced parameters are calculated (Eq. 4.5b and 4.5c), their interval
of variation is determined and a two-dimensional grid of (αe, κe) is generated.

3. For each pair (αe, κe), the forward numerical is executed.

4. Numerical model outputs are used to evaluate the likelihood function on the two-
dimensional grid (Eq. 4.9).

5. The likelihood f(T ∗|yi) is evaluated by noticing that f(T ∗|yi) = f(T ∗|αe,i, κe,i), where
αe,i, κe,i are reduced parameters corresponding to yi (Eq. 4.5b,4.5c). f(T ∗|αe,i, κe,i) is
evaluated by interpolation from f(T ∗|αe, κe) values from the two-dimensional grid.

Figure 4.2: Reducing the dimensionality of the physical problem. The computational burden
resides in the computation of forward numerical model outputs M(αe, κe) in step 3.
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The multivariate posterior distribution fY (k, n, ρs, cs, λs|T ∗) is derived from the multi-
variate prior distribution and the multivariate likelihood function (Eq. 4.9) using Bayes’
theorem (Eq. 4.4).

To evaluate the identifiability of individual parameters, we derived the marginalized
posterior distributions. For example, the posterior for intrinsic permeability k can then be
derived as follows.

fK(k|T ∗) =

∫
n,ρs,cs,λs

fY (k, n, ρs, cs, λs|T ∗) dn dρs dcs dλs (4.10)

Predictive distributions of dependent variables can also be derived from the posterior
distribution distributions. We are in particular interested in the posterior distribution for
Darcy’s flux.

4.3 Results

This section presents the results of the characterization. The method was applied to a
synthetic case. Different combinations of hydrological and thermal parameters were applied
to the system, reproducing advective and conductive conditions. For different cases, we
investigate the extent to which temperature measurements allow to estimate hydrological
and thermal parameters.

4.3.1 Setup of synthetic study

The parameter estimation method was first applied to an analytical solution modeling
the propagation of diurnal temperature fluctuations with depth (Eq. 4.11).

The analytical solution models the propagation of diurnal temperature fluctuations under
idealized conditions as follows. The stream temperature is modeled as strictly sinusoidal
with amplitude A and mean Tµ. The mean temperature Tµ stays constant with depth z.
The hydraulic head differential ∆H between the top and the bottom of the hyporheic zone
column is constant in time. Under these assumptions, the propagation of the temperature
with depth can be described by Equation 4.11. Numerical values used in this synthetic study
are summarized in Table 4.2. This solution was first introduced by Stallman (1965) and has
been widely applied for estimating fluxes between streams and streambeds from vertically-
distributed temperature time series (e.g. Hatch et al., 2006; Kalbus et al., 2006; Luce et al.,
2013).
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T (z, t) = Tµ + Ae−az cos

(
2π

P
t− bz

)

a =
1

2κe

√√v4
t + (8πκe/P )2 + v2

t

2
− vt


b =

1

2κe

√√
v4
t + (8πκe/P )2 − v2

t

2

vt = −αe
∂H

∂z

(4.11)

Parameter Notation numerical value unit
mean temperature Tµ 20 ◦C

temperature amplitude at z = 0 A 1 ◦C
period of oscillation P 86400 s

hydraulic head differential ∆H -0.01, 0, 0.01 m

Table 4.2: Numerical values for variables in analytical solution

We reproduced the setting of the LOMOS-mini monitoring sensor presented in section
4.2.1.1. For a given set of reduced paramaters and hydraulic head differential (αe,0, κe,0, dH0),
we calculated temperatures at depths -0.1, -0.2 and -0.3 m below the surface using Equation
4.11. To account for the observation uncertainties, synthetic observations are obtained by
adding a Gaussian white noise to the analytical solution with standard deviation σ = 0.01◦C,
reproducing the error associated with temperature sensors used in the field. These time series
were then considered as observed timeseries T ∗. The likelihood function f(T ∗|αe, κe) was
then evaluated on 2D-grid of (αe, κe) values, following steps described in section 4.2.2.

This procedure was reproduced for multiple values of reduced parameters (αe,0, κe,0), and
three hydrological boundary conditions reproducing infiltration, exfiltration and equilibrium
conditions. Time series for different configurations are illustrated in Figure 4.3.

This section presents to what extent time series T ∗ allow the estimation of underlying
physical parameters y0 that were used to generate them. We focused on 9 different configura-
tions combining advective, transition and conductive cases as well as infiltrating, exfiltrating
and equilibrium conditions. For each configuration, the likelihood function was calculated
and the posterior distribution of physical parameters was derived. In the last subsection, we
extended the foocus to a wide variety of configurations covering the range of variability of
physical parameters, as defined in Table 4.1, and investigated the identifiability of Darcy’s
flux.
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Figure 4.3: Temperature time series T ∗ at depth z = −0.1m according to the analyt-
ical equation. Different boundary conditions (infiltration, exfiltration, equilibrium) and
parametrizations (advective state: αe,0 � κe,0, conductive state αe,0 � κe,0, combination
of both αe,0 ∼ κe,0) are represented.

4.3.2 Likelihood of reduced parameters

The likelihood function was first evaluated in the reduced parameter space. Results
are presented in Figure 4.4. For all configurations, underlying parameters (αe,0, κe,0) are
represented in the Figure by a white point. The corresponding levels of Peclet values are
represented in the Figure by contour lines, with Pe = 1 figured by a red line (Eq. 4.7).

For all configurations, the underlying true parameters (αe,0, κe,0) are located in a region
of high likelihood, but the identifiability of each parameter varies amongst the different
combinations.

Reduced parameters are best identifiable at the transition between advective and con-
ductive cases under infiltrating and exfiltrating cases (Fig. 4.4b,h). Indeed, for these config-
urations, the likelihood function peaks around the underlying reduced parameters (αe,0, κe,0)
and is close to zero outside of the underlying parameter combination.

Under conductive conditions for both infiltrating and exfiltrating cases (Fig. 4.4a,g), κe
is well identified, as the high likelihood region is contained within a narrow interval of the
reduced conductive parameter κe. However, for both configurations, αe is not identifiable,
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Figure 4.4: Normalized likelihoods as functions of advective reduced parameter αe and con-
ductive reduced parameter κe, calculated from synthetic observed time series T ∗ illustrated
in Figure 4.3. We tested multiple parameterizations (by column, a-d-g: conductive state,
b-e-h: combination of both states, c-f-i: advective state) and different boundary conditions
(by row, a-b-c: Thinfiltration, d-e-f: equilibrium, g-h-i: exfiltration). The color scale is
normalized such that the maximum likelihood value is equal to 1 in each configuration, the
x-axis is on a log-scale. The white dot represents the underlying combination (αe,0, κe,0) used
to generate T ∗. The contour lines signify constant values of Peclet number (red: Pe = 1,
dashed: Pe < 1, solid: Pe > 1, one line per unit on the decimal logarithmic scale).
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as the high likelihood region extends over a wide interval of αe. However, the high likelihood
region for αe is bounded by a maximum value, as the high likelihood region is contained
within the region where Pe < 1. The transition to the region where Pe > 1 corresponds to
the transition to the advective state.

On the contrary, under advective conditions, the reduced conductive parameter κe is
never identifiable outside of equilibrium, as the region of high likelihood covers the entire
range of variation of κe (Fig. 4.4c,i). Under advective and infiltrating conditions (Fig.
4.4c), the reduced advective parameter αe is identified to be in a narrow interval, whereas
under advective exfiltrating conditions (Fig. 4.4i), the reduced advective parameter αe is
bounded to a region corresponding to Pe > 10. This is because under highly advective
conditions, when Pe > 10, the temperature time series are constant and equal 20C, the
constant temperature boundary conditions at infinity (Fig.4.3).

Finally, in all situations at equilibrium (Fig. 4.4d,e,f), κe is identifiable while αe is not.
Indeed, at equilibrium, when the water gradient is zero, the advective term in the heat
equation is zero and does not depend on the value of the reduced advective parameter αe.
Therefore, the model output does not depend on the value of the reduced advective parameter
αe and the likelihood function in turn does not depend on αe.

Outside of equilibrium, the reduced advective parameter αe is identifiable at least to be
within a region for all configurations, as for all configurations an upper or lower bound exists.
This can be related to the difference in the range of variation of reduced parameters. As
αe varies over a much larger range than κe, the value of αe governs the value of the Peclet
number and dominates the physical behavior of the soil column and the corresponding time
series produced by the model.

In conclusion, the identifiability of reduced parameters must be at the transition between
advective and conductive situations (Pe ∼ 1) and necessitates a non-zero hydraulic gradient.
Under conductive conditions, the reduced conductive parameter is identifiable and the re-
duced advective parameter is known to be bounded within the region where Pe� 1. Under
advective conditions, the reduced advective parameter is identifiable.

4.3.3 Posterior distribution of physical parameters

Marginal posterior distributions for each physical parameter are then derived from the
prior and likelihood functions (Eq. 4.10). Moreover, for each physical parameter, the 95%
credible interval is calculated; defined from the posterior distribution such that the posterior
probability that the parameter is in the credible interval is 0.95 (?).

Marginal posterior distributions and corresponding credible intervals for permeability are
presented in Figure 4.5. The vertical red line is the log-transformed permeability value used
to generate synthetic measurements T ∗, and therefore corresponds to the synthetic truth
that we are trying to estimate.
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For all configurations, the underlying value for log-conductivity is located within the
credible interval, but the width of the credible interval is highly variable between the con-
figurations. At equilibrium (Fig. 4.5d,e,f), the posterior marginal distribution for the log-
permeability is uniform and the credible interval covers the range of variation of the log-
conductivity. In that case, the permeability is not identifiable and the posterior distribution
is similar to the prior distribution. Outside of equilibrium, the permeability is identified to
be in a local region around the underlying value for the advective and the transition case. In
the conductive case it is identified to be bounded by a maximum value. These findings are in
line with the identifiability of reduced parameter αe in the previous section, as permeability
represents most of the variability of the reduced advective parameter αe.

4.3.4 Estimation of fluxes

Finally, posterior predictive distributions and corresponding credible intervals for flux are
derived. Figure 4.6 shows credible intervals for multiple configurations covering the range of
variability of each physical parameter, as defined in Table 4.1. The corresponding value of
the Peclet number is also shown in the Figure.

Here again, the underlying flux q0 is covered by the credible interval in all cases, but
the width of the credible interval depends on the situation. For low values of underlying
flux q0, the posterior credible interval covers the low range of fluxes, bounded by values
corresponding to the transition to the advective regime. Under infiltrating conditions, the
flux is identifiable to be in a narrow region. Under exfiltrating conditions, the flux is identified
to be in a narrow region at the transition between low and high Peclet numbers, but for high
Peclet values the credible interval is bounded by 10−5m · s−1, and higher values of flux are
not identifiable.

In conclusion, a critical flux appears, qcrit ∼ 10−6m · s−1, i.e. qcrit ∼ 8cm day−1. This
critical value is line with Stallman (1965), who showed that fluxes could be inferred with
sufficient certainty if seepage rates are greater than 0.3 − 2 cm day−1, depending on heat
conductivity and quality of the temperature measurements. Here, we show that fluxes smaller
than qcrit are identified to be located within the region q < qcrit, whereas fluxes higher than
qcrit are identified to be located in a narrow region in the infiltrating case and in a wider
region in the exfiltrating case.

Uncertainties presented in this study could be reduced by the formulation of narrower
prior distributions. The use of a priori narrower intervals for the variation of physical pa-
rameters would better constrain the inversion problem and reduce the uncertainty in derived
posteriors, in particular when deriving the posterior distribution of permeability (Eq. 4.10).



CHAPTER 4. IN-SITU DATA ASSIMILATION: BAYESIAN INFERENCE AT THE
LOCAL SCALE 88

0.0

0.1

0.2

0.3

0.4

−14 −13 −12 −11 −10 −9

log(k)

f(T
*|

lo
g(

k)
)a

0

1

2

3

4

−14 −13 −12 −11 −10 −9

log(k)

f(T
*|

lo
g(

k)
)b

0

1

2

3

−14 −13 −12 −11 −10 −9

log(k)

f(T
*|

lo
g(

k)
)c

0.00

0.05

0.10

0.15

0.20

−14−13−12−11−10 −9

log(k)

f(T
*|

lo
g(

k)
)d

0.00

0.05

0.10

0.15

0.20

−14−13−12−11−10 −9

log(k)

f(T
*|

lo
g(

k)
)e

0.00

0.05

0.10

0.15

0.20

−14−13−12−11−10 −9

log(k)

f(T
*|

lo
g(

k)
)f

0.0

0.1

0.2

0.3

0.4

−14 −13 −12 −11 −10 −9

log(k)

f(T
*|

lo
g(

k)
)g

0

1

2

3

−14 −13 −12 −11 −10 −9

log(k)

f(T
*|

lo
g(

k)
)h

0.00

0.25

0.50

0.75

−14−13−12−11−10 −9

log(k)

f(T
*|

lo
g(

k)
)i

Figure 4.5: Posterior distributions for log-transformed permeability under the assumption
of uniform prior for all other physical parameters. Configurations are similar to Fig. 4.4
(by column, a-d-g: conductive state, b-e-h: combination of both states, c-f-i: advective
state) and different boundary conditions (by row, a-b-c: infiltration, d-e-f: equilibrium, g-h-
i: exfiltration). The vertical red bars are values of underlying parameters used to generate
synthetic measurements T ∗. The dashed black lines represent the bounds of the credible
intervals, defined such that the posterior probability that the log-transformed permeability
is located within the two bounds in 0.95.

4.4 Conclusion

This study is the first using Bayesian concepts in the HZ. Pursuing HZ investigations
in that stochastic framework will provide a sound framework for reducing uncertainty by
assessing in a quantitative way the contribution of data of different types to the reduction
of parameter uncertainty of properties in the HZ.

Uncertainties in derived values of fluxes can be reduced by the use of informative priors
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Figure 4.6: Posterior credible intervals for flux under the assumption of uniform priors, as a
function of the known underlying flux. The dots are values corresponding to synthetic truths
located along the 1:1 line. Axes are on the logarthmic scale.

helping to better inform the inversion problem.
The measurement strategy at the local scale can help characterize the stream-aquifer in-

terface. Further work include the combination of parameter estimation at the local scale with
estimations at the reach or catchment scale in order to study the links between parameter
estimates at different scales of stream-aquifer exchange.
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Chapter 5

Estimating spatially-distributed
stream-aquifer exchanges: from the
local to the catchment scale

This chapter applies the Bayesian estimation data on LOMOS-mini measurements col-
lected in the field, in the Avenelles basin, France. After introducing the Avenelles field site
and the hydrological monitoring in place, the collection of LOMOS-mini measurements is
described. Then, local hydrological properties and derived fluxes at each individual sampling
point are estimated; the procedure is first illustrated with two points and then aggregated
at the catchment scale. Finally, an exploratory analysis of the spatial variability in HZ
estimated hydrogeological properties and derived water fluxes is conducted.

Results confirm the high spatial variability of hydrogeological properties in the HZ, where
derived values of intrinsic permeability vary from 10−14 to 10−10m2, are overall low upstream
and higher closer to the outlet, and can vary over several order of magnitude within an
individual reach. Results confirm the overall known hydrological behavior of the Avenelles
stream network (gaining upstream and losing downstream), and identify intrinsic permeabil-
ity as a critical driver of stream-aquifer exchanges in the Avenelles basin.

5.1 Description of field site and monitoring system in

place

5.1.1 Field site: the Avenelles basin

The Avenelles basin belongs to the Seine basin, France, and is located 70km east from
Paris in the upstream direction (Fig. 5.1). The basin is of relatively small size, it covers
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Figure 5.1: Localisation of the Orgeval basin within the Oracle observatory upstream from
Paris. The Avenelles basin is a subbasin of the Orgeval (Fig. 5.2a). The Avenelles basin is
representative of anthropized rural watersheds in the Paris basin. This figure was downloaded
from Irstea (2017).

an area of 46km2 and its hydrological network is 6km long. Hydrological monitoring in
the Avenelles basin started in 1962 at the request of inhabitants in the downstream city
of Coulommiers, who were regularly victim of floods (Loumagne and Tallec, 2013). The
Avenelles basin is part of the 1675 km2 Oracle observatory, which includes the Orgeval,
Grand Morin and Petit Morin basins (Fig. 5.1). The Grand Morin and Petit Morin rivers
are affluents of the Marne river, which is itself a major affluent of the Seine river flowing
through the Paris agglomeration. Behavior of basins monitored by Oracle influence dynam-
ics of the Seine river in the Paris region; for example the Marne River is known to have
contributed to large historical floods in Paris in the 20th century (Irstea, 2017). In this con-
text, the purpose of long-term environmental observatories such as Oracle is to provide data
supporting the understanding of hydrological resources evolution, in environments subject
to heavy anthropization and in the context of global climate change. Within Oracle, the
Avenelles basin is of particular interest because of its intermediate size, and because past
monitoring efforts focused at the quantification of stream-aquifer exchanges, as further de-
veloped in the next section (Mouhri et al., 2013). For these reasons, the Avenelles basin was
selected as the case study location for investigating the spatial distribution of stream-aquifer
exchanges.

The Avenelles region has a temperate maritime climate with annual mean rainfall of
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658mm and annual mean potential evaporation of 592mm (Mouhri et al., 2013). Agriculture
takes place on 80% of the territory and the remaining 20% is forested. The basin is relatively
flat, with eighty percent of the territory between 130 and 190m a.s.l. and increasing slopes
near the river mouth. The average discharge at the outlet is 0.285m3/s (Mouhri et al., 2013).

The geological structure of the basin is known through geological logs, maps and geologi-
cal studies (Thiry and Simon-Coinçon, 1996). Geophysical investigations were conducted to
assess the regional structure of the basin. Sixteen boreholes were drilled and cored, thirteen
along the river and three on the shelf. They were used to establish the basin stratigraphy
(Mouhri et al., 2013). These measures have established a particularity of the aquifer system
in the Avenelles basin, namely that the aquifer system is double-layered. The aquifer sys-
tem is composed of two main units, the Brie and Champigny limestones aquifers, which are
separated by a clayey aquitard layer.

The stream network is connected to the Brie aquifer upstream and to the Champigny
aquifer downstream. At the catchment scale, the stream is gaining water at the contact with
the upper layer Brie aquifer upstream, and is losing water to the Brie aquifer downstream.
Directions of water exchanges also vary at smaller spatial scales due to stream geomorphology
and temporally with seasonal groundwater dynamics and with individual rainfall events
(Mouhri et al., 2013).

5.1.2 Sampling system quantifying multi-scale stream-aquifer
water exchanges

Over the last decade, the Avenelles basin served as an experimental basin for developing
methods quantifying water exchanges between the stream and the underlying aquifer at
multiple scales (Mouhri et al., 2013). This section describes the monitoring system for
quantifying stream-aquifer water exchanges that was in place before investigations using
LOMOS-mini sensors, with the purpose of explaining the context in which the LOMOS-mini
were developed and how LOMOS-mini measurements complemented the sampling system
in place. The monitoring system was described in Mouhri et al. (2013), main points are
repeated here. The reader is referred to the original paper for more detailed information.

The stream-aquifer exchange monitoring system developed builds on the long-term envi-
ronmental network Oracle introduced in the previous section (Irstea, 2017). In the Avenelles
basin, the Oracle network consists in particular in 4 rain gauges, 7 stream gauges and 10
piezometer stations, with a sampling 15min periodicity (Fig. 5.2a). The Oracle network
therefore provides spatially-distributed information on all aspects of the water cycle in the
basin (precipitation, surface water, groundwater) with a high temporal frequency.

The last decade has seen the implementation of experimental monitoring equipment
additional to the Oracle network equipment, as well as the conduction of additional field



CHAPTER 5. FROM THE LOCAL TO THE CATCHMENT SCALE: APPLICATION
TO THE AVENELLES BASIN 93

(a) (b)

Figure 5.2: Pre-existing monitoring system of stream-aquifer exchanges in the Avenelles
basin, France. Figures are reproduced from Mouhri et al. (2013). (a) Spatial distribution of
surface and subsurface sampling systems. (b) Cross section of a Local Monitoring Station
(LOMOS). LOMOS measurements provide boundary conditions constraining water and heat
transport within a cross-section of the Avenelles river. 5 LOMOS stations are located along
the 6km-long hydrographic network.

data collection campaigns. The goal of monitoring campaigns was specifically to better
characterize the spatial and temporal dynamics of surface and subsurface waters in the
basin, and particularly their interconnection via the stream-aquifer interface.

The characterization need focused in particular on subsurface water dynamics, as critical
information was missing from the Oracle network. The Oracle network was complemented by
3 piezometers located at the boundary of the watershed and in the upper geological layer of
the system. These piezometers were installed in order to provide hydrogeological boundary
conditions for groundwater regional flow towards the stream-aquifer interface in the basin.

Local monitoring stations (LOMOS) were installed in order to monitor water and heat
dynamics in the direct vicinity of the stream-aquifer interface. These stations are unique
to the Avenelles basin. They were designed to quantify stream-aquifer water exchanges
along a cross-section of the Avenelles stream. The quantification relies on a combination of
hydraulic head differential and temperature measurements. Each LOMOS station consists
in piezometers located in both banks of the stream and monitoring groundwater levels in
the vicinity of the stream, and of a pressure sensor located in the stream and monitoring the
stream stage. These surface and subsurface sensors are coupled with temperature sensors,
thereby constraining water flow and heat transport within a two-dimensional cross-section
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of the stream. Finally, vertically-distributed temperature sensors are installed within the
hyporheic zone, they can be used to estimate subsurface hydrogeologic properties when
necessary using heat as a tracer of the flow. LOMOS stations were installed at 5 distinct
locations distributed along the 6km stream network (Fig. 5.2a), selected based on geophysical
investigations in order to represent different types of stream-aquifer gaining/losing conditions
and different types of stream-aquifer connectivity. By design, locations of LOMOS stations
are definitive.

First interpretations of LOMOS measurements in the Avenelles basin have confirmed
the suspected spatio-temporal variability in the direction and magnitude of stream-aquifer
water exchanges between the different stations (see Fig. 5.3 for the location of LOMOS
stations in the basin). Upstream at station AmB, the watertable is higher than the stream
most all year long, except during summer months where groundwater levels drop below
surface water levels, forcing the stream into a losing configuration. At station AmPP, the
watertable is higher than the stream level and the stream is gaining all year, except for
short periods following extreme peak flow events. At intermediary station IntB, the stream
is gaining during winter months but losing during summer months; at station IntD, the
stream is losing all year except for short periods following extreme peak flow events. Close
to the outlet at the downstream station AvAv, the stream is gaining during winter but
losing during summer months. This complexity described at 5 locations distributed along
the hydrographic network hints at the spatial complexity in the direction and magnitude of
stream-aquifer exchanges along the hydrographic network.

In this context, if LOMOS stations provide detailed estimates of water dynamics at the
stream-aquifer interface at 5 locations along the hydrographic network, the interpolation
of these estimates along the hydrographic network and the representativity of estimates at
each station remain an open question. The installation LOMOS-mini sensors aims at pro-
viding local estimates of hydrologeological properties and stream-aquifer exchanges spatially
distributed along the hydrographic network, thereby complementing the pre-existing moni-
toring network and linking the temporally continuous estimates of stream-aquifer exchanges
in space between the 5 fixed LOMOS locations. This is further detailed in the following
section.

5.2 Field work and data collection

In this section, we describe the data collection effort in the Avenelles basin based on
LOMOS-mini sensors introduced in chapter 3.

LOMOS-mini stations have been added to the monitoring network in order to connect
spatially the continuous information recorded at each LOMOS station. The installation of
LOMOS-mini sensors provide measurements of temperature and hydraulic head differential
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Figure 5.3: Localisation of LOMOS-mini snapshot measurements (in orange) with respect
to permanent LOMOS stations (in black) in the Avenelles basin. LOMOS stations were pre-
existing, locations of LOMOS-mini measurements were added to the monitoring system to
complement the spatial coverage of LOMOS stations. Transparency of LOMOS-mini points
help visualize locations where LOMOS-mini were installed with higher spatial density. The
two labels are located to the left of the two LOMOS-mini points used as illustration in section
5.3.1.

at spatially-distributed locations along the hydrographic network. These stations are in-
stalled for a limited period, usually 2-3 weeks. Each installation supports the estimation
of hyporheic zone properties at the location where the LOMOS was installed, as well as
snapshot estimates of stream-aquifer exchanges at the location and time of measurements
(chap. 4).

Locations for implementation have been chosen so that they cover large and small spacing,
while being accessible from a practical point of view, by being located within walkable
distance from a nearby road (Fig. 5.3). LOMOS-mini stations have also been installed on
the basin at multiple seasons and therefore represent both winter (high flow) and summer
(low flow) conditions.

Installations of LOMOS-mini sensors started in 2014. Over the experimentation period, a
total of 32 LOMOS-mini sensors were installed in the Avenelles basin. Out of these installed
stations, 6 pressure recording and 1 recording of temperature time series failed; this can be
due to field contingency such as water intrusion inside the box with electronic equipment,
bad connection of the jack outlet to the Hobo device, or battery problems (chap 3). Field
campaign efforts therefore resulted in a total of 25 LOMOS-mini measurement sets usable
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Figure 5.4: Example of 2 sets of measurements recorded by the LOMOS-mini. Corresponding
locations are reported in Figure 5.3.

for inferring hydrogeological properties and water fluxes, which corresponds to a 78% success
rate overall.

Figure 5.4 presents two examples of measured time series sets. Measurements at point 23
(left column) are taken in the middle of the basin (Fig. 5.3). At the location and date where
measurements were taken, the stream was in a losing configuration, where the hydraulic head
was higher in the river than in the hyporheic zone and therefore stream water was driven to
infiltrate into the hyporheic zone. The temperature in the stream was lower in the stream
than in the groundwater, this is typical of winter conditions, when surface water response
more quickly to temperature changes than subsurface waters. Measurements at point 27
(right column) correspond to a gaining configuration, where the hydraulic head differential
is higher in the hyporheic zone than in the river, and therefore the water is driven from the
hyporheic zone into the river. Similarly to point 23, temperature is lower surface waters
than in the subsurface, although diurnal variations are larger at that location and surface
water temperature can exceed groundwater temperature during the day.

These measurements are in line with the suspected hydrological behavior of the basin
described in Mouhri et al. (2013). Indeed, point 23 is located in an area where the stream
is suspected to be in contact with the lower Brie aquifer and to be losing water after having
crossed the impervious clay layer separating both aquifers. Point 27 is located at the outlet of
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the Avenelles basin, where the exchanges between river and the hyporheic zone are suspected
to vary with season.

It is worth noting that Figure 5.4 illustrates the necessity of using an inversion scheme
capable of handling non-sinusoidal temperature time series. Indeed, methods available to
date mostly rely on the decomposition of temperature time series into sinusoidal variations;
this approach would not be applicable to interpret measurements for point 23, in which di-
urnal temperature variations are limited and the temperature signal is dominated by larger
temperature variations taking place over several days, and particularly so for time series
recorded at deeper depths. This difference in behavior can be attributed to the different
environments where LOMOS-mini were installed. Point 23 was located in a shaded environ-
ment covered with vegetation, whereas point 27 was located on a stream reach clear from
vegetation and therefore more sensitive to diurnal temperature variations from solar radia-
tion. Accounting for non-sinusoidal timeseries when deriving hydrogeological properties and
water fluxes is enabled by the combined use of LOMOS-mini measurements and numerical
hydrothermal model, as previously developed in chapter 4.

5.3 Local-scale interpretation of measurements

This section describes the interpretation of LOMOS-mini measurements collected in the
basin. Each set of LOMOS-mini measurement is representative of hydrological and thermal
processes taking place at the local scale where measurement were sampled, therefore mea-
surements sets are first interpreted at the local scale. This section describes the local-scale in-
terpretation of LOMOS-mini measurements, with the goal of deriving uncertainty-quantified
estimates of hydrogeological properties in the hyporheic zone, and in particular of hydraulic
conductivity (or equivalently intrinsic permeability k) at locations where a LOMOS-mini
was installed.

First, the inversion procedure is illustrated with two points selected from the data set;
then aggreated results for all installed points are summarized.

5.3.1 Illustration with two LOMOS-mini points

Local inversions were conducted using the inversion framework presented in chapter 4.
In order to derive uncertainty-quantified estimates of hydrogeological properties in the

streambed, the inversion framework presented in chapter 4 was applied to each set of
LOMOS-mini measurements collected in the field. In line with the Bayesian framework,
the estimation consisted in updating a prior distribution of subsurface properties into a
posterior distribution, assimilating the information contained in vertically-distributed tem-
perature time series measurements T ∗ at each sampled point.
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Following the approach presented in chapter 4, the prior distribution for each physical
property was defined as weakly informative uniform, bounded between physically reasonable
values as defined in Table 4.1.

At each point, the likelihood function was evaluated from LOMOS-mini measurements
with the help of a transient numerical model simulating temperature and hydraulic head
along the 1D vertical column. This study uses the numerical model Ginette, a fully coupled
transient finite volume model solving for water and heat transport in porous media (Rivière
et al., 2014). For each measured point, a numerical model was setup with boundary condi-
tions defined as the hydraulic head differential time series for pressure, and top and bottom
temperature time series for temperature. Numerical simulations were then performed for
multiple combinations of reduced parameters, such that the reduced parameter space covers
all possible physical parameter combinations (Table 4.1 in chapter 4). A total of 10,000
forward simulations were performed for each LOMOS-mini station; they were conducted
thanks to computing facilities offered by the National Energy Research Scientific Computing
Center. Likelihood values for physical parameter sets were then evaluated by interpolation
(Fig. 4.2 in chapter 4).

Temperature time series at intermediate depths T ∗ are not used to constrain the numerical
model, they are used to inform the values of hydrogeological and thermal properties at each
individual sampled location. Simulated temperature and hydraulic head time series are
sensitive to the initial temperature and pressure field assigned to the 1D column, therefore
a spin-up period of 2 days is discarded from the analysis.

Figure 5.5 presents the likelihood function for points 23 and 27, corresponding to mea-
surements shown in Figure 5.4. The likelihood function is first evaluated in the reduced
parameter space. Figure 5.5 displays the normalized likelihood function as a function of ad-
vective reduced parameter αe and conductive reduced parameter κe (Eq. 4.5b and 4.5c). The
likelihood function represents the probability of observing measurements T ∗ for combinations
of reduced parameter values of αe and κe. Red colors represent zones of high likelihoods and
corresponds to regions of likely values of αe and κe. The root mean squared error between
measured and simulated time series for the reduced parameter set at the location of max-
imum likelihood are 0.065◦C for point 23 and 0.043◦C for point 27, this is one order of
magnitude less that the ± 0.3◦C measurement accuracy provided by the temperature probe
manufacturer (chap. 3.

Figure 5.5 can be discussed in the light of the analytical case study developed in chapter
4, in particular by comparison with likelihood functions derived for infiltrating, equilibrium,
or exfiltrating boundary conditions, and advective or conductive thermal regimes (Fig. 4.4).
None of the points present results corresponding to an equilibrium case, this is expected
as hydraulic head differential measured in the field and applied as boundary conditions to
the forward numerical model represent cases of infiltrating/exfiltrating conditions (Fig. 5.4).
Point 23 corresponds to infiltrating boundary conditions in a conductive thermal regime
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Figure 5.5: Normalized likelihood functions of advective reduced parameter αe and con-
ductive reduced parameter κe, evaluated for point 23 and 27. Likelihoods correspond to
measurements presented in Figure 5.4. The colored scale is normalized such that the max-
imum likelihood value is equal to 1, the x-axis is plotted on a log-scale. Greyed-out zones
correpond to combinations of αe and κe for which numerical simulations have not converged
within the allocated time (15min).

(case g in Figure 4.4). In that case, the reduced conductive parameter κe is identifiable
and the reduced advective parameter αe is identified to be bounded by a maximum value
corresponding to the transition from a conductive to an advective thermal regime. Point
27 corresponds to a different configuration, where hydrological boundary conditions are
exfiltrating and the thermal regime is at the transition between advective and conductive
conditions (case b in Figure 4.4). In that case, both reduced parameters αe and κe are
identifiable.

In line with the approach presented in chapter 4, posterior distributions for physical
properties were derived from the likelihood function evaluated in the reduced parameter space
with the three following steps. First, the likelihood was evaluated in the five-dimensional
physical parameter space, by mapping a set of physical variables y to the corresponding set
of reduced parameters, and by evaluating the likelihood value at that location. This provides
the multivariate likelihood function in the five-dimensional space. Second, the multivariate
posterior distribution was evaluated from the prior and likelihood distributions using Bayes’
theorem (Eq. 4.4). Third, the posterior for each specific variable was derived from the
multivariate posterior distribution by marginalization over the four other variables (see e.g.
Eq. 4.10 in chap. 4 for the marginalization of intrinsic permeability k).

Figure 5.6 shows posterior distributions of two physical subsurface properties, intrinsic
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Figure 5.6: Posterior for intrinsic permeability k and heat conductivity λs at points 23 and
27, corresponding to measurements presented in Figure 5.4. The vertical blue line represents
the maxmium a posteriori estimate and the vertical dashed lines represent the 95% posterior
credible interval.

permeability k and thermal conductivity λs, for points 23 and 27. The maximum a posteriori
estimate as well as posterior credible intervals are also displayed in the picture (see definitions
in chapter 4). For point 23, the maximum a posteriori estimate for intrinsic permeability
is k̂ = 5.2 · 10−14m2, and the 95% posterior credible interval is [1.1 · 10−14, 8.6 · 10−13] m2.
The intrinsic permeability is identified to be bounded by a maximum value of in line with
the observation that the reduced advective parameter αe is bounded. For point 26, the
maximum a posteriori estimate for intrinsic permeability is k̂ = 1.4 · 10−12m2, and the 95%
posterior credible interval is [1.29 · 10−14, 3.1 · 10−12] m2. Again, even if the shape of the
posterior distribution is different and more peaked, the intrinsic permeability is identified to
be bounded by a maximum value of in line with the observation that the reduced advective
parameter αe. These local posterior distributions are the final result for the estimation of
hydrological and thermal properties from LOMOS-mini measurements at the local scale.

5.3.2 Aggregated local-scale estimates of intrinsic permeability
and water exchanges

This section presents aggregated results of local-scale investigations at all points, ob-
tained by following steps described in the previous section for each collected LOMOS-mini
set individually. We focus on results for intrinsic permeability as the main HZ property
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Figure 5.7: Aggregated estimates of intrinsic permeability for 25 locations in the Avenelles
basin. (a) Histogram of maximum a posteriori estimates of intrinsic permeability. Colors
represent individual sampling locations. (b) Histograms of root mean squared errors (rmse),
calculated between the measured temperature time series and the temperature time series
simulated with parameters corresponding to maximum likelihood estimates. Colors represent
individual sampling points in an identical color-coding than in (a).

controlling water exchanges, and then present estimated values of water exchanges.
Figure 5.7a presents the histogram of maximum a posteriori estimates of intrinsic per-

meability for all collected points in the Avenelles basin. The scale of variation represented
in the x-axis represents the prior range variation for intrinsic permeability.

Overall, log-permeability estimates derived from LOMOS-mini measurements vary over
several orders of magnitude (Fig. 5.7a). The minimum estimate is 10−14m2 and the maxi-
mum estimate is 9.5 · 10−9m2. The range in derived values can be related to the variety of
geological environments that are found on the basin, ranging from impervious clayey envi-
ronments to permeable environments such as colluvions. Out of the 26 points studied, 12
maximum a posteriori estimates were evaluated to be equal to the lower boundary 10−14m2,
this corresponds to 31% of the total number of points. Posteriors pushed toward the bound-
aries are usually a warning; one example is that it can be an indication that bounds of
variability chosen for intrinsic permeability were actually too restrictive, and that intrinsic
permeability should be allowed to take values smaller than 10−14m2.

Figure 5.7b presents the corresponding values of root mean squared error (rmse), com-
puted between the temperature time series measured in the field and the temperature time
series simulated by the forward numerical model and corresponding to maximum likelihood
parameters. Here, the rmse was used to evaluate the validity of the inversion approach used
to derive property estimates, and in particular the performance of the forward numerical
model for representing physical processes at sampled points, and evaluate the accuracy of
the calibration of physical parameter values. While the rmse is used to gain confidence in the
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inversion approach used, the uncertainty in derived estimates is evaluated by the width of
the posterior distribution, summarized in particular by derived posterior credible intervals.

Out of the 26 points for which the inversion was conducted, 17 sampled points (65%) have
an rmse smaller than 0.1◦C, 4 sampled points (15%) have an rmse located between 0.1◦C
and 0.2◦C, and 5 points have an rmse greater than 0.2◦C (20%). These values are overall
low when compared to the ± 0.3◦C accuracy of temperature probes used in the field that
was announced by the manufacturer. These low values bring confidence in the conceptual
model used for simulating water and heat transport in the subsurface, and in particular that
measured temperature time series can be reproduced using the approximation that exchanges
are one-dimensional vertical. Overall, low values of derived of rmse bring confidence in the
validity of the inversion approach used to derive property estimates, and therefore in the
derived estimates of physical subsurface properties.

The mean value of exchanged fluxes during the LOMOS-mini measurement period can be
estimated from derived hydrogeological properties and measured hydraulic head differential
at each LOMOS-mini station. Figure 5.8a shows a histogram of exchanged water fluxes
estimated at each sampled point. A significant proportion of water fluxes are less than
1mm/day.

5.4 From the local to the catchment scale : the

spatial distribution of stream-aquifer exchanges in

the Avenelles basin

Aggregated results of intrinsic permeability and water fluxes estimates summarized over
the catchment scale have shown an important variability. This variablity is related to the
spatial and temporal variability of water fluxes controls, which operate over a variety of
scales.

In this section, we perform a descriptive exploratory analysis of the variability in local
hydraulic boundary conditions, intrinsic permeability and water fluxes, in an attempt to
identify the main controls of water exchanges in the Avenelles basin. We first investigate
the spatial and temporal variablity of hydraulic boundary conditions (which control the
direction of water exchanges), then investigate the spatial variability of intrinsic permability
(which control the magnitude of exchanges), and conclude with a spatio-temporal analyzes
of estimated water fluxes in the basin.
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Figure 5.8: Infiltrating and exfiltrating water exchanges in the Avenelles basin. (a) His-
togram of maximum a posteriori water flux estimates. The x-axis is displayed on a log-scale.
(b) Corresponding conceptual configuration of gaining and losing streams (Rivière et al.,
2017)

5.4.1 Spatial exploratory analysis of hydraulic boundary
conditions

First, we investigate the spatial distribution of hydrological dynamics of stream-aquifer
exchanges in the Avenelles basin. To do so, we analyze the data set of hydraulic head
differential collected by LOMOS-mini sensors (without the help of a numerical model).

Figure 5.9 shows values of hydraulic head differential measured in the Avenelles basin
at each location. Hydraulic head measurements were classified into 3 groups, representing
infiltrating boundary conditions (∆H ≤ −1cm), equilibrium boundary conditions (−1cm ≤
∆H ≤ 1cm), and exfiltrating boundary conditions (∆H ≥ 1cm). Following this classi-
fication, 15 points corresponded to infiltrating conditions (58% of valid points), 7 points
corresponded to infiltrating conditions (27% of valid points) and 4 points experimented close
to equilibrium conditions (15% of valid points).

Hydrological boundary conditions are heterogeneously distributed over the basin (Fig.
5.9a). Upstream, infiltrating, exfiltrating and equilibrium conditions alternate. After cross-
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Figure 5.9: Visualization of hydraulic head differential ∆H in space and time, as measured
by LOMOS-mini measurements. Values of ∆H reported in the figures correspond to mean
values of hydraulic head differential measured over the sampling period (typically days to
weeks). (a) Spatial distribution of ∆H values. The classification into exfiltrating, equilibrium
conditions is done as follows: infiltrating: ∆H ≤ −1cm; close to equilibrium −1cm ≤ ∆H ≤
1cm; exfiltrating: ∆H ≥ 1cm. (b) ∆H for different periods in a year. Each point is reported
at a time correponding to the middle of the sampled time series, and is colored by year.
Dashed lines correspond to ∆H = −1cm and ∆H = 1cm, used as threshold for defining
exfiltrating, equilibrium, and infiltrating conditions in Figure 5.9a.

ing the clayey aquitard (between LOMOS stations IntB and InD), conditions are mostly
infiltrating, in line with the known hydrogeological behavior where the stream infiltrates
the lower Brie aquifer. Close to the outlet, both equilibrium and exfiltrating conditions are
present, and directions of exchanges between the stream and the Brie aquifer seem to be
alternating.

Figure 5.9b presents values of hydraulic head differentials measured in the Avenelles basin
by LOMOS-mini measurements as a function of the time in year. Exfiltrating conditions take
place mostly during summer months, this is line with the understanding of stream-aquifer
exchange dynamics, where water tables get recharged during the rainy winter period and sus-
tain low flows by discharging into the stream during the summer months. However, summer
months both show infiltrating and exfiltrating conditions, depending on the location along
the stream-aquifer network. These figures show the complexity of hydrological dynamics
forcing water flow at the stream-aquifer interface.
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Hydraulic head differential values discussed in this section represent the boundary con-
ditions forcing water flow in the infiltrating or exfiltrating direction; however, the actual
amount of water exchanged ultimately depends on hydrogeological properties in the subsur-
face.

5.4.2 Spatial exploratory analysis of intrinsic permeability

At each sampled location, the intrinsic permeability has been estimated by from the
local inversion of LOMOS-mini measurements by means of a numerical model of water and
heat transport in porous media, as developed in chapter 4 and illustrated in section 5.3.1.
While hydraulic head differentials described in the previous section are the drivers of water
exchanges, intrinsic permeability controls the actual magnitude of water exchanges forced by
hydraulic head differential, and its investigation is therefore key to understanding controls
of water exchanges in the basin.

Figure 5.10a maps the maximum a posteriori estimates of intrinsic permeability in the
Avenelles basin. Overall, upstream parts of the basin have lower values of intrinsic perme-
ability, while downstream sections have higher values of intrinsic permeability. This is in
line with the known geology of the basin, with the presence of a clayey aquitard upstream
separating the Champigny aquifer upstream from the Brie aquifer downstream.

Figure 5.10b maps the maximum a posteriori estimates of intrinsic permeability zoomed
at downstream, intermediate and upstream portions of the basin, allowing to better visualize
the spatial variability of intrinsic permeability over smaller spatial scales. Upstream from
the LOMOS station AmPP, intrinsic permeability is consistently on the order of 10−14m2.
At station AmPP and until station InD, intrinsic permeability values vary between 10−14m2

and 10−12m2. Closer to station AvAv, intrinsic permeability values are lower, on the order of
10−12m2 to 10−11m2. These maps confirm the large-scale tendency of intrinsic permeability
to be lowest in upstream sections and highest in the downstream sections; nonetheless, we
observe a large small-scale variability at the different locations when compared to the overall
variability at the basin scale, suggesting that stream bed properties are highly heterogeneous
even over small scales.

In summary, intrinsic permability is variable at the catchment scale with consistenly low
values in upstream parts of the Avenelles basin increasing when getting closer to the outlet,
but can also vary by several order of magnitude at the local and reach scales.

5.4.3 Exploratory analysis of water exchanges

Finally, we investigate the spatial variability of estimated stream-aquifer water fluxes
in the Avenelles basin and investigate its relationship with hydraulic head differential and
intrinsic permeability values in the basin.
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Figure 5.10: Estimated intrinsic permeabilities in the Avenelles basin (in m2). (a) Spa-
tial distribution of maximum a posteriori estimates of intrinsic permeability. (b) Mapped
maximum a posteriori estimates of intrinsic permeability zoomed on the downstream, in-
termediate and upstream part in the basin. The scale color is the same than in map a.

Figure 5.11 shows scatterplots of magnitudes of estimated water exchanges as a function of
hydraulic boundary conditions and intrinsic permeability. For both cases, a linear regression
was performed in order to quantify the proportion of the variation in flux explained by
hydraulic boundary conditions on the one hand, and HZ intrinsic permeability on the other
hand.

As expected, the magnitude of stream-aquifer exchanges increases with both hydraulic
head gradient and intrinsic permeability. However, the magnitude to which each quantity
controls the magnitude of exchanged water fluxes in the basin varies, and in the basin
intrinsic permeability appears to have a higher influence than the hydraulic head gradient
forcing water flow. The linear regression of flux with respect to hydraulic head gradient
gives R2 = 0.01 (Fig. 5.11a), while the linear regression of magnitude of flux with respect
to intrinsic permeability gives an R2 = 0.99 (Fig. 5.11b).
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Figure 5.11: Magnitude of exchanged water fluxes as a function hydraulic head differential
and intrinsic permeability. All values are reported on a log-axis. (a) Scatterplot and linear
regression line of magnitude of stream-aquifer exchanges as a function of measured hydraulic
head differential. (b) Scatterplot and linear regression line of magnitude of stream-aquifer
exchanges as a function of intrinsic permeability.
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Figure 5.12: Spatially-distributed maximum likelihood estimates of water fluxes in at sam-
pled locations in the Avenelles basin from local inversion of collected LOMOS-mini measure-
ments. (a) exfiltrating values (b) infiltrating values

Figure 5.12 shows the spatial distribution of estimated hydrological water fluxes in the
Avenelles basin. Values of plotted fluxes are maximum a posteriori fluxes. In the upstream
part of the basin, values are both infiltrating and exfiltrating but with a small magnitude. At
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station AmPP, sees both infiltrating and exfiltrating water, with a high estimated value of
exfiltrating flux. The reach between LOMOS stations IntB and IntD is globally experiencing
infiltration, in line with the infiltration of stream water into the Brie aquifer after crossing the
clayey aquitard. Close to the outlet of the basin and the AvAv LOMOS station, infiltration
and exfiltration are alternating, and the magnitude of exchanged water fluxes are significant
seem to be experiencing both infiltrating and exfiltrating conditions.

Maps of hydraulic boundary conditions (Fig. 5.9a), intrinsic permeability values (Fig.
5.10) and exchanged fluxes (Fig. 5.12) can be interpreted jointly to understand controls
of stream-aquifer exchanges in the Avenelles basin. The upstream part of the basin is
characterized by alternating infiltrating and exfiltrating boundary conditions, but low val-
ues of intrinsic permeability limit the magnitude of surface-subsurface water exchanges. In
the vicinity of station AmPP, water from the upper Champigny aquifer exfiltrates into the
stream forced by exfiltrating boundary conditions, and allowed by spatially variable val-
ues of intrinsic permeability. This water travels downstream and infiltrates the lower Brie
aquifer, favored by infiltrating boundary conditions and spatially variable values of intrinsic
permeability. Finally, the downstream section of the Avenelles is dynamic, characterized by
alternating boundary conditions and high values of intrinsic permeability values facilitating
water exchanges.

5.5 Conclusion

This chapter used a combination of field measurements, physically-based numerical mod-
eling, Bayesian inference, and spatial exploratory analysis to analyze spatially-distributed
estimates of hydrogeological properties and water exchanges in the Avenelles basin. Field
measurement campaigns were conducted using the experimental sensor LOMOS-mini pre-
sented in chapter 3. Individual local inversions provided posterior distributions of hydroge-
ological parameters as well as exchanged water and heat fluxes, following the methodology
presented in chapter 4. The installation of LOMOS-mini sensors at multiple locations along
the hydrological network complemented the permanent LOMOS stations in place, allowing
to investigate the spatial variability of intrinsic permeability and exchanged water fluxes
from the local to the reach and catchment scales.

Results confirmed a complex picture of the spatial distribution of hydrogeological prop-
erties along the hydrographic network in the Avenelles basin. Derived estimated values of
intrinsic permability vary from 10−14 to 10−10m2, covering a wide range of the prior distri-
bution of intrinsic permeability. Intrinsic permeability is consistently low in upstream parts
of the basin (∼ 10−14m2), and higher close to the catchment outlet (∼ 10−12-10−11m2); in
middle and lower reaches in the basin intrinsic permeability can vary over several orders of
magnitude within a single reach.
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The spatial distribution of water exchanges was discussed in the light of the spatial distri-
bution of local hydraulic head gradient (driving water exchanges) and intrinsic permeability
(controlling their magnitude). Results outlined the central role of intrinsic permeability when
compared to hydraulic boundary conditions as a control of locally-sampled stream-aquifer
exchanges. This emphasizes the need to characterize HZ hydrological properties and the
associated spatial variability, in order to be able to predict stream-aquifer exchanges in the
Avenelles basin.

Uncertainty in derived numerical values of intrinsic permeability could have been by a
more careful selection of prior distribution. In this study, the range of variation of numerical
parameters was overly conservative (Table 4.1). Due to time and data availability limitations,
the investigation of narrower bounds in prior formulations has not been investigated. This
would be the next step in pursuing this analysis. Additional work could make use of analysis
of the spatial and temporal scales of variability in order to identify dominating physical
processes driving local-scale stream-aquifer exchanges in the basin.



110

Bibliography

(2005), American National Standard for Degrees of Protection Provided by Enclosures (IP
Code) (Identical National Adoption), National Electrical Manufacturers Association.

(2016), Groundwater exposed, Nature Geoscience, 9 (2), 85–85, doi:10.1038/ngeo2655.

(2017), The Global Risks Report 2017 12th Edition, 103 pp., doi:10.1017/
CBO9781107415324.004.

Acreman, M. (2001), Ethical aspects of water and ecosystems, Water Policy, 3 (3), 257–265,
doi:10.1016/S1366-7017(01)00009-5.

Alley, W. M., R. W. Healy, J. W. LaBaugh, and T. E. Reilly (2002), Flow and storage in
groundwater systems, Science, 296 (5575), 1985–90, doi:10.1126/science.1067123.

Anderson, K., and P. Segall (2013), Bayesian inversion of data from effusive volcanic erup-
tions using physics-based models: Application to Mount St. Helens 2004-2008, Journal of
Geophysical Research: Solid Earth, 118 (5), 2017–2037, doi:10.1002/jgrb.50169.

Anderson, M. P. (2005), Heat as a ground water tracer, Groundwater, 43 (6), 951–968, doi:
10.1111/j.1745-6584.2005.00052.x.

Anibas, C., J. H. Fleckenstein, N. Volze, K. Buis, R. Verhoeven, P. Meire, and O. Bate-
laan (2009), Transient or steady-state? Using vertical temperature profiles to quan-
tify groundwater-surface water exchange, Hydrological Processes, 23, 2165–2177, doi:
10.1002/hyp.7289.

Anibas, C., K. Buis, R. Verhoeven, P. Meire, and O. Batelaan (2011), A simple thermal
mapping method for seasonal spatial patterns of groundwater-surface water interaction,
Journal of Hydrology, 397 (1-2), 93–104, doi:10.1016/j.jhydrol.2010.11.036.

Anibas, C., B. Verbeiren, K. Buis, J. Chormanski, L. De Doncker, T. Okruszko, P. Meire,
and O. Batelaan (2012), A hierarchical approach on groundwater-surface water interaction



BIBLIOGRAPHY 111

in wetlands along the upper Biebrza River, Poland, Hydrology and Earth System Sciences,
16 (7), 2329–2346, doi:10.5194/hess-16-2329-2012.

Arnold, D., V. Demyanov, D. Tatum, M. Christie, T. Rojas, S. Geiger, and P. Corbett (2013),
Hierarchical benchmark case study for history matching, uncertainty quantification and
reservoir characterisation, Computers and Geosciences, 50, 4–15, doi:10.1016/j.cageo.2012.
09.011.

Becker, M. W., T. Georgian, H. Ambrose, J. Siniscalchi, and K. Fredrick (2004), Estimating
flow and flux of ground water discharge using water temperature and velocity, Journal of
Hydrology, 296 (1-4), 221–233, doi:10.1016/j.jhydrol.2004.03.025.

Bejan, A. (2013), Properties of Liquids, in Convection Heat Transfer, third edit ed., chap.
Appendix C, pp. 625–632, John Wiley & Sons.

Bencala, K. E. (2000), Hyporheic zone hydrological processes, Hydrological Processes, 14 (15),
2797–2798, doi:10.1002/1099-1085(20001030)14:15.

Beven, K., and A. Binley (1992), The future of distributed models: model calibration and
uncertainty prediction, Hydrological Processes, 6, 279–298.

Blasone, R.-S. (2007), Parameter Estimation and Uncertainty Assessment in Hydrological
Modelling, Ph.D. thesis, Technical University of Denmark.

Bloschl, G. (2005), Rainfall-runoff modeling of ungauged catchments, Encyclopedia of Hy-
drological Sciences, p. 19, doi:10.1002/0470848944.hsa140.

Boano, F., C. Camporeale, R. Revelli, and L. Ridolfi (2006), Sinuosity-driven hyporheic
exchange in meandering rivers, Geophysical Research Letters, 33 (18), 1–4, doi:10.1029/
2006GL027630.

Boano, F., J. W. Harvey, A. Marion, A. Packman, R. Revelli, L. Ridolfi, and A. Wörman
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Harvey, J. W., J. K. Böhlke, M. a. Voytek, D. Scott, and C. R. Tobias (2013), Hyporheic
zone denitrification: Controls on effective reaction depth and contribution to whole-stream
mass balance, Water Resources Research, 49 (10), 6298–6316, doi:10.1002/wrcr.20492.

Hatch, C. E., A. T. Fisher, J. S. Revenaugh, J. Constantz, and C. Ruehl (2006), Quan-
tifying surface water-groundwater interactions using time series analysis of streambed
thermal records: Method development, Water Resources Research, 42 (10), 1–14, doi:
10.1029/2005WR004787.



BIBLIOGRAPHY 118

Healy, R. W., and A. D. Ronan (1996), Documentation of computer program VS2DH for
simulation of energy transport in variably saturated porous media - Modification of the
U.S. Geological Survey’s computer program VS2DT, Tech. rep.

Hoeksema, R. J., and P. K. Kitanidis (1985), Analysis of the Spatial Structure of Prop-
erties of Selected Aquifers, Water Resources Research, 21 (4), 563–572, doi:10.1029/
WR021i004p00563.

Hou, Z., and Y. Rubin (2005), On minimum relative entropy concepts and prior compatibility
issues in vadose zone inverse and forward modeling, Water Resources Research, 41 (12),
1–13, doi:10.1029/2005WR004082.

Houska, T., S. Multsch, P. Kraft, H.-G. Frede, and L. Breuer (2014), Monte Carlo based
calibration and uncertainty analysis of a coupled plant growth and hydrological model,
Biogeosciences, 11, 2069–2082, doi:10.5194/bgd-10-19509-2013.

Irstea (2017), GIS Oracle.

Irvine, D., L. Lautz, M. Briggs, R. Gordon, and J. McKenzie (2015a), Experimental evalu-
ation of the applicability of phase, amplitude, and combined methods to determine water
flux rates from temperature time series using VFLUX 2, Journal of Hydrology, 531, 728–
737, doi:10.1016/j.jhydrol.2015.10.054.

Irvine, D. J., C. T. Simmons, A. D. Werner, and T. Graf (2015b), Heat and Solute Tracers:
How Do They Compare in Heterogeneous Aquifers?, Groundwater, 53 (S1), 10–20, doi:
10.1111/gwat.12146.

Itti, L., and P. Baldi (2009), Bayesian surprise attracts human attention, Vision Research,
49 (10), 1295–1306, doi:10.1016/j.visres.2008.09.007.

Jasechko, S., J. W. Kirchner, J. M. Welker, and J. J. McDonnell (2016), Substantial propor-
tion of global streamflow less than three monthsold, Nature Geoscience, 9 (2), 126–129,
doi:10.1038/ngeo2636.

Jaynes, E. (1968), Prior Probabilities, IEEE Transactions on Systems Science and Cyber-
netics, 4 (3), 227–241, doi:10.1109/TSSC.1968.300117.

Jaynes, E. T. (1982), On The Rationale of Maximum-Entropy Methods, Proceedings of the
IEEE, 70 (9), 939–952, doi:10.1109/PROC.1982.12425.

Jeffreys, H. (1946), An invariant form for the prior probability in estimation problems,
Proceedings of the Royal Society of London, 186 (1007), doi:10.1098/rspa.1946.0056.



BIBLIOGRAPHY 119

Journel, A. G. (1986), Constrained interpolation and qualitative information - The soft
kriging approach, Mathematical Geology, 18 (3), 269–286, doi:10.1007/BF00898032.

Kalbus, E., F. Reinstorf, and M. Schirmer (2006), Measuring methods for groundwater-
surface water interactions: a review, Hydrology and Earth System Sciences, 10, 873–887,
doi:10.5194/hessd-3-1809-2006.

Kass, R. E., and L. Wasserman (1996), The Selection of Prior Distributions by Formal Rules,
Journal of the American Statistical Association, 91 (435), 1343–1370, doi:10.2307/2291752.

Keery, J., A. Binley, N. Crook, and J. W. N. Smith (2007), Temporal and spatial variability
of groundwater-surface water fluxes: Development and application of an analytical method
using temperature time series, Journal of Hydrology, 336 (1-2), 1–16, doi:10.1016/j.jhydrol.
2006.12.003.

Kitanidis, P. K., and E. G. Vomvoris (1983), A geostatistical approach to the inverse problem
in groundwater modeling (steady state) and one-dimensional simulations, Water Resources
Research, 19 (3), 677–690, doi:10.1029/WR019i003p00677.

Krause, S., and A. Bronstert (2007), The impact of groundwatersurface water interactions
on the water balance of a mesoscale lowland river catchment in northeastern Germany,
Hydrological Processes, 21, 169–184, doi:10.1002/hyp.6182.

Krause, S., D. M. Hannah, J. H. Fleckenstein, C. M. Heppell, D. Kaeser, R. Pickup, G. Pinay,
A. L. Robertson, and P. J. Wood (2011), Inter-disciplinary perspectives on processes in
the hyporheic zone, Ecohydrology, 4, 481–499, doi:10.1002/eco.176.

Kunkel, U., and M. Radke (2008), Biodegradation of Acidic Pharmaceuticals in Bed Sed-
iments : Insight from a Laboratory Experiment, Environmental Science & Technology,
42 (19), 7273–7279, doi:10.1021/es801562j.

Lapham, W. W. (1989), Use of temperature profiles beneath streams to determine rates
of vertical ground-water flow and vertical hydraulic conductivity, US Geological Survey
Water-Supply Paper, p. 35.

Lautz, L. K. (2010), Impacts of nonideal field conditions on vertical water velocity estimates
from streambed temperature time series, Water Resources Research, 46, 1–14, doi:10.1029/
2009WR007917.

Lewandowski, J., A. Putschew, D. Schwesig, C. Neumann, and M. Radke (2011), Fate of
organic micropollutants in the hyporheic zone of a eutrophic lowland stream: Results
of a preliminary field study, Science of the Total Environment, 409 (10), 1824–1835, doi:
10.1016/j.scitotenv.2011.01.028.



BIBLIOGRAPHY 120

Lewis, S. L., and M. A. Maslin (2015), Defining the Anthropocene, Nature, 519, 171–180,
doi:10.1038/nature14258.

Loumagne, C., and G. Tallec (2013), L’observation long terme en environnement. Exemple
du bassin versant de l’Orgeval, Editions Quae.

Lu, N., and S. Ge (1996), Effect of horizontal heat and fluid flow on the vertical temperature
distribution in a semiconfining layer, Water Resources Research, 32 (5), 1449–1453, doi:
10.1029/95WR03095.

Luce, C. H., D. Tonina, F. Gariglio, and R. Applebee (2013), Solutions for the diur-
nally forced advection-diffusion equation to estimate bulk fluid velocity and diffusivity
in streambeds from temperature time series, Water Resources Research, 49 (1), 488–506,
doi:10.1029/2012WR012380.

Malard, F., K. Tockner, M.-J. Dole-Olivier, and J. Ward (2002), A landscape perspective
of surface-subsurface hydrological exchanges in river corridors, Freshwater Biology, 47,
621–640, doi:10.1046/j.1365-2427.2002.00906.x.

Malcolm, I. A., C. Soulsby, A. F. Youngson, and D. M. Hannah (2005), Catchment-scale
controls on groundwater-surface water interactions in the hyporheic zone: Implications for
salmon embryo survival, River Research and Applications, 21 (9), 977–989, doi:10.1002/
rra.861.

Marmonier, P., C. Piscart, L. Simon, M. Creuzé des Châtelliers, F. Paran, C. Maazouzi,
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