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In heterogeneous aquifers, imaging preferential ow pathsand non-Gaussian effects
is critical to reduce uncertainties in transport predictins. Common deterministic
approaches relying on a single model for transport prediatn show limitations in capturing
these processes and tend to smooth parameter distributionsMonte-Carlo simulations
give one possible way to explore the uncertainty range of pameter value distributions
needed for realistic predictions. Joint heat and solute treer tests provide an innovative
option for transport characterization using complementar tracer behaviors. Heat tracing
adds the effect of heat advection-conduction to solute advetion-dispersion. In this
contribution, a joint interpretation of heat and solute treer data sets is proposed
for the alluvial aquifer of the Meuse River at the Hermalless-Argenteau test site
(Belgium). First, a density-viscosity dependent ow-trasport model is developed and
induce, due to the water viscosity changes, up to 25 % changeri simulated heat tracer
peak times. Second, stochastic simulations with hydrauliconductivity (K) random elds
are used for a global sensitivity analysis. The latter higghts the in uence of spatial
parameter uncertainty on the resulting breakthrough cung stressing the need for a
more realistic uncertainty quanti cation. This global sesitivity analysis in conjunction
with principal component analysis assists to investigatehe link between the prior
distribution of parameters and the complexity of the measwd data set. It allows to detect
approximations done by using classical inversion approads and the need to consider
realistic K-distributions. Furthermore, heat tracer trasport is shown as signi cantly
less sensitive to porosity compared to solute transport. Mst proposed models are,
nevertheless, not able to simultaneously simulate the conipmentary heat-solute tracers.
Therefore, constraining the model using different obseneetracer behaviors necessarily
comes with the requirement to use more-advanced parameteziation and more realistic
spatial distribution of hydrogeological parameters. Thedded value of data from both
tracer signals is highlighted, and their complementary bedvior in conjunction with
advanced model/prediction approaches shows a strong uncetainty reduction potential.

osity dependent ow and transport, alluvial sediments,
ce-based global sensitivity analysis, principal component
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INTRODUCTION AND MOTIVATION when spatial uncertainty plays a key role remains di cult
and time consuming, limiting the applicability of the methods
Heterogeneity in porous media, inducing preferential ow psth (Renard, 200 In this context, transdimensional inference (e.g.,
and non-Gaussian e ects, inuences signi cantly subsugfac Sambridge et al., 2014s a possible approach to combine
transport (among othersfuchs et al., 2009; Heeren et al.the parsimony principle with stochastic inversion. In practice
2010Q. An improved imaging of these preferential pathways, inransdimensional inference includes the number of paramsete
connection with reducing uncertainty in transport simulatis  as an unknown, and therefore limits the complexity of the mode
and predictions, is crucial for answering future groundwate to what is necessary to explain the data.
quality questions. However, if eld data is sparse and prior uncertainty is
Innovative tracer test set-ups, along with relevaniarge, the transdimensional approach would also lead to an
interpretations, are possible new ways for quantifying morgyersimpli cation of the model, which can be harmful for its
realistically this heterogeneity and the associated Uat®y predictive capability (referred télermans (2017)about the
(Davis et al., 1980; Maliva, 2016n this context, heat is importance of realistic consideration of prior uncertaintyip
considered as a complementary tracer, compared to conseevaticontrast, a full stochastic approach allows realisticalrdifying
solute tracers (saline tracer or uorescent dye). Heat isall§  the uncertainty for transport predictions, instead of having
considered as a non-conservative tracer, allows infomnati g single deterministic inversion or multiple simulations with
about advection-conduction processes to be obtained, aatl he(partly) non-quanti ed approximations (among others;aers,
has a natural retardation and more di usion linked to the heat2011; Hermans, 2017; Hermans et al., 2018; Scheidt et &), 20
capacity of the solidAnderson, 200p Using both, solute and |n combination with the use of complementary tracers such as
heat, thus provides two tracer plumes that can be comparegeat, stochastic approaches and data analysis methods have a
allows more information about the solid matrix properties to b strong potential to learn more from collected data sets atsiffa
obtained, and enables the quanti cation of subsurface psees  approximations done in conceptual models and prior estimations
(immobile water, matrix contributions) with a better restion  (Hermans et al., 2015a,b, 2016, 2018
(Anderson, 2005; Irvine et al., 2015 o0r exampleyVildemeersch A further new potential for hydrogeological applications and
et al. (2014)combine heat and solute tracer experiments totransport predictions is Bayesian Evidential Learning (BEL)
assess the heterogeneity in an alluvial aquierris et al. (2018) (Hermans, 2017; Hermans et al., 2018; Scheidt et al.,)2018
also give a recent application of jointly interpreting heat andggL relies on a limited number of Monte-Carlo simulations
solute tracer data. They show, in a deterministic way, howampling the prior distribution of model parameters, in
these innovative tracer tests can contribute to a highdteé8m  order to analyze the global sensitivity of parametePsrk
description of deposits, and a signi cant improvement ofet al. 2016; Hermans et al., 2)1&8nd falsify the prior
transport processes understanding. In the joint heat andtsolu distribution. In comparison to common single parameter
tracer inversion bySarris et al. (2018)heat and solute seem sensitivity analysis, regionalized or global sensitivity lyses
to be sensitive to hydraulic conductivity and porosity. Ireth  consider heterogenous sources of model uncertainty (e.g.,
case study, heat also shows a stronger sensitivity to akrticpark et al., 2016 The falsi cation step consists in obtaining
hydraulic conductivity, resulting in a more complex aquifer consistency between the sampled simulation data (i.e., Jprior
parametrization, and more realistic transport predictions. and the reference dataHermans et al., 2015a; Scheidt et al.,
Deterministic ~ approaches are useful for proces$019. BEL can also be used, if necessary, to identify a
understanding. However, predictions based on an uniqu&tatistical relationship between historical and foreaasiables
“best” model parametrization bear a lot of uncertainty and,(Hermans, 2017; Hermans et al., 2018; Scheidt et al.,)2018
thus, must be justied and used with careR¢nard, 2007; The common inversion step is thus replaced by nding the
Remonti and Mori, 201p Deterministic approaches generally direct relationship between the prior (sampled simulation
reduce heterogeneity, typically by replacing spatially thsted  data) and the desired forecast, which only depends on the
properties by averaged properties, leading to poorer predictionsomplexity of the subsurface (i.e., modeblefmans, 201)
with underestimated uncertaintyA(colea et al., 2006; Renard, Using Monte-Carlo, samples from the prior distribution are
2007. Using additional information gained from joint heat and generated and used to simultaneously simulate synthetic data
solute tracer tests adds more constraints to the inversioe@ss. and forecasts. Both outcomes are analyzed for detecting
However, when the tracer behavior is getting more compleXgirect relationships. Following this innovative approachsteo
deterministic approaches can quickly turn into ill-posed irs@r expensive inversion can be avoided by reformulating the
problems Zhou et al., 201} reducing their predictive reliability. prediction problem, and the likelihood directly in terms of the
Classical deterministic inversion approaches could theeefo forecast flermans, 201)7
be questioned. For addressing the uncertainty of transport predictions, for
To explain and adequately represent the observed variablggstance due to preferential ow paths, any forecasting appnoac
more advanced transport simulation and forecast approacheshould rst consider realistic parameter uncertainty reldtto
such as stochastic method®tgk et al., 2004 are generally heterogeneity. In this paper and the context of BEL, “prior” is
required. Monte-Carlo simulations may, for example, be usede ned as the prior distribution of model parameters, accogli
to explore uncertainty ranges and to consider heterogeneityy the current knowledge of the eld, and from which outcome

(among othersPtak et al., 2004; Renard, 2Q0-erre, 201).  samples are randomly drawn in Monte-Carlo method&ofas
However, the full stochastic inversion of hydrogeologidata et al., 2009; Caers, 2011; Hermans, 3017
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In this paper, the prior uncertainty is investigated for aconductivity is in the rangek, D 1.37W m?! K 1 to
heterogeneous alluvial aquifer, using joint heat and solut1.86Wm 1K 1 (Klepikovaetal., 2096
tracer data, through a global sensitivity analysis. A perfedm The reference data set used in this study was described
tracer experiment \(Vildemeersch et al., 2014; Hermansin Wildemeersch et al. (2014)A joint heat and solute
et al.,, 2015p has been previously used bglepikova et al. tracer experiment was performed with a 24h and 20min
(2016) to calibrate a deterministic model through automatic continuous injection of heat{ T D 25.5K) and naphtionate
inversion. The HydroGeoSphere code (HGS) was used allowir(@ D 5.48 mg L 1) atthe rate of 3mh 1, while 30 nf h ! were
full 3D simulations {Therrien et al., 2010; Brunner and extracted from the pumping well PP. Temperature distribution
Simmons, 2012 HGS was used in conjunction with PEST was the focus and therefore measured in all observation
as a parameter estimation tool for inversiobdherty, 1994, points, while the solute tracer was only measured in PP
2003. Although those rst analyses helped to understandfor validation purposes. Measurements in Pz13 and Pz17
groundwater ow and solute and heat transport in the are not used because these observation wells are uniformly
aquifer, they also showed that the approximations impededcreened all over the aquifer and do not allow separated
to explain simultaneously all observations. ffermans et al. measurements in both the upper and lower compartments
(2015a, 2018)additional stochastic approaches consideringKlepikova et al., 2016; Hermans et al., 2018
spatial uncertainty were successfully used in explaining The observed heat tracer plume shows that the heat injected
parts of the experimental data, but they considered onlyn the lower aquifer part tends to move upwards very quickly
limited data sets or parts of the whole aquifer systemtoward the rst panel, then to be split and move downwards
In this paper, the current conceptual approximations(Wildemeersch et al., 20).4The measured temperature in
(the prior) in the description of the alluvial deposits will the second upper panel is signicantly lower than in the
be revisited with the goal to improve the heterogeneityrst upper panel (for detailed measured reference data at all
characterization. Generating a prior, consistent with thepanels, we refer to theSupplementary Material Figures 1-4’
observed heat and solute tracer test data, is a necessary sidis observed behavior is currently dicult to be simulated
to being able to realistically predict transport in this complexfor all observation locations with just one deterministic
geological setting. model inverted with common methods, e.g., using pilot
Within this context, the objective of the paper is to points (Klepikova etal., 20)6
take advantage of the complementary behavior of heat and
solute tracers to better characterize the heterogeneityhn Deterministic Porous Media Model
aquifer system. The aim is to formulate a more realistiBased on the current conceptual two-layer aquifer modell{eac
prior and analyze its consistency, before moving toward mor&.5 m thick) Klepikova et al. (201&)eveloped a numerical model
advanced prior analysis and direct predictions using the BEfocusing on the heat transport simulation using HGS in nite
framework. For this purpose, the variability of the tracerpputt  di erence mode (herrien et al., 201)and a pilot point approach
signals will be analyzed (1) through a deterministic model(Doherty, 200) to calibrate the model against heat data. This
and (2) using Monte-Carlo simulations, followed by a globalmodel is density dependent during the rst 24 h only, as density
sensitivity analysis. e ects were expected to be low afterwarti&(and Zheng, 2009;
Klepikova et al., 20)6This model describes a 4060 7m
volume of alluvial aquifer with a grid of 84,280 elementsatat.

MATERIALS AND METHODS No recharge was assumed for the duration of the experiment.
) Due to the high permeability of the gravel, the vertical legkat
Test Site: Hermalle-Sous-Argenteau the bottom of the model was considered as negligible compared

The test site of Hermalle-sous-Argenteau (HssA) in the hort to lateral input/output. The initial groundwater temperatuneas

of Liege (Belgium) lies between the canal Albert and theetto T, D 13.48 C according to the measured values before
Meuse River Figure 1A) in an alluvial plain eld with a the experiment. The model was running under transient ow
groundwater natural gradient of around 0.06 %. Between theonditions due to the simulation of the tracer experimentclee
20m distant injection well (Pz09) and the pumping wellnumbers of 300 for the upper part, and 14,000 for the lower part
(PP), there are three panels with 10 piezometers includingzere computed, suggesting an expected advection-dominated
19 observation points (i.e., most piezometers are screenénsport (Klepikova et al., 2006

at two dierent levels,Figure 1B. The rst panel is located Here, this model is extended with a simultaneous solute
at 3m, the second at 8m and the third at 15m from theinjection. In HGS, the injection is simulated selecting taades
injection well. An evaluation of the borehole logs duringnext to each other: at the rst node, representing the screen
drilling shows that the aquifer is mostly composed of sandyocation inthe borehole, the solute tracer is injected and node
gravel. The sand matrix is ner in the top part and its below the heatis injected, respecting the actual experirhsata
proportion decreases in the bottom partFigure 1B. In  up. Both injections are simulated using Neumann (2nd type)
previous studies, the adopted conceptual model split thboundary conditions. For the solute injection, the presedb
aquifer in two layers, an upper (KD 2.3810 3 m s 1) mass injection rate is 4.3 16kg s 1. For the heat injection, the
and a lower (KD 4.6710 2 m s 1) part (Klepikova et al., prescribed injection rate is 8.30 4JK 1s 1 (Klepikova et al.,
2016; Hermans et al.,, 2018The estimated bulk thermal 2016. The grid is re ned to 140,140 rectangular elements with
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FIGURE 1 | (A) Overview of the eld site location.(B) Borehole location showing the three panels between the infgion well (Pz9) and the pumping well (PP), a typical
log, and borehole equipment [modi ed gure according to Wildemeersch et al. (2014)

14 numerical grid sublayers (each 0.5 m thick), allowingtéebe head boundary conditions located upgradient from the inject
representation of the spatial heterogeneity and uncertaiity well and downgradient from the pumping well. Fixed values
account for the in uence of immobile water on heat conductjo [i.e., identical to those chosen bilepikova et al. (201§)
an apparent thermal conductivity is computed using: are considered for dispersivity, thermal conductivity, Smec
heat capacity, speci c storage, and bulk densitahle 1. To
f- Ne/C s.1 1/ (1) representthe K-distribution within each Monte-Carlo simtiéan
1one/ more realistically, sequential Gaussian simulations asedu

is the total porosity with 0.12, n the e ective porosity following tyvo scenarios. o
with 0.05, or otherwise called mobile water porosity, the Scenarlo.A us.es the prior dlstnpuuon from=ierman§ et al.
uid thermal conductivity with 0.59W m?® K 1 and s the (2015a) Th|§ prior was 'not fal§| ed by geqphysmal and
solid thermal conductivity estimated from previous worksydrogeological data acquired during the experimene(mans
to around 1.43W ml K 1 As temperature aects the etal., 2015)3m_the middle panel._lt_was thus not tested agaynst
groundwater density and dynamic viscosity, the injectedthe Fhe whole available data set, as it is pr_oposed here. In paaticul
in uences both groundwater ow and transport simulations. it uses the same two-layer approximation and ignores any trend

In contrast to Klepikova et al. (2016)the new numerical '

D

in the alluvial deposits grain size distribution. Randordsn
5 2.5 1 : : :
implementation allows fully density-dependent, but also’alues between 16°and 10 2°m s * in conjunction with a

viscosity-dependent simulations. K-variance between 1 gnd 100 mlsar.e. considered. .Models are
randomly generated without any additional constraint.
Stochastic Prior Uncertainty Investigation Scenario B considers the trend observed during

This study investigates the prior-uncertainty using Montesto ~ drilling (Figure 1B) in the alluvial deposits, in which it
simulations, followed by a global sensitivity analysis anidrpr iS assumed that grain size distributions inuenced the
falsi cation. The applied procedure in this study corresponds t hydraulic  conductivity ~values. Within 14  constrained
the rst, second and third steps of the BEL method as describegublayers, a vertical downwards increasing K-trend is
by Hermans et al. (2018)n the Monte-Carlo simulations, part considered in the geostatistical simulations. Within every
of the calibrated values from the deterministic model pargere  Monte-Carlo step, for the 12 sublayers between the xed top
are replaced by random values sampled from random unifornfKmean D 10 * m s 1) and bottom (Kpean D 10 # m s 1)
distributions (Table 1). sublayer, new random generated mean values between
In each Monte-Carlo simulation step (prior sampling), a newKmeanD 10 3® and 102%° m s %, increasing downwards,
HGS forward model is parameterized with randomly generate@re used. To account for eld observations (see section Jitest
advection global parameters, like the loggy), the K variance, Hermalle-sous-Argenteawyildemeersch et al., 2014; Hermans
the porosity, the variogram ranges in X,Y,Z directions, theet al., 2015pshowing that the heat plume does not follow a
azimuth, and the gradient between the two main prescribegtraight path toward the pumping well, the possible occurrence
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TABLE 1 | Parameter simulation ranges for the Monte-Carlo simulatits (left column) and chosen xed parameter values identicabtthose chosen by Klepikova et al.
(2016) (right column).

Parameter Simulation range U Unit Fixed parameter ~ © Value Unit
Log(Kmean) A:[ 35 2] ms 1 Longitudinal dispersivity (upper / lower part) 1.5/3 m
B:Trend[ 4 2]C[ 35 25] ms 1 Transversal dispersivity (upper / lower part) 0.15/0.3 m
Variance K [1100] ms? Solid thermal conductivity (apparent) 1.37* wmlk1
Porosity [0.050.12] 1 Fluid thermal conductivity 0.59 wmlk 1
X [1to 8] m Solid speci ¢ heat capacity 1,000 Jkglk 1
YDZ [0.10.5] m Water speci ¢ heat capacity 4,189 Jkg 1k 1
Azimuth [0 pi] 1 Speci ¢ Storage 10 4 m 1
Gradient at prescribed head BC [0.01 0.1] % Bulk density 1,950 kg m3

CThe xed values are taken fromKlepikova et al. (2016)
“The solid thermal conductivity estimated at 1.43W rit K1 is replaced by an apparent value for simulation (see section: Determtic porous media model).
[ ] Sampled from a random uniform distribution.

of local low hydraulic conductivity zones ( ow barriers) ihe  Distance Based Sensitivity Analysis

aquifer is thus considered. The presence of loam lensesavith | A global sensitivity analysis reveals key information about
hydraulic conductivity are actually observed at some placd®e  model parameters most in uencing the simulated data at
Meuse river alluvial deposits and are here assumed as a possibbservation points. With the output signals of the heat and
origin/explanation for the observed behavior. Two ow bams  solute realizations, the distance-based global sensiavigjysis
are placed in front of Pz14 and Pz17 in the upper part, and théDGSA, Park et al., 20106is applied, considering the global
third one in the lower aquifer part between the injection welland spatial parameters of each simulation. DGSA can also
and Pz11. The constrained hydraulic conductivity is foudens identify conditional e ects between pairs of parametétsifwick

of magnitude lower. Within the sequential Gaussian simolat et al., 2014; Park et al.,, 2018n DGSA, the sensitivity is
the xed constrained K-values are considered as hard data fale ned by comparing the parameter cumulative distribution
the random simulations. The size of the potential ow bargés  function (cdf) within k clusters to the original distributian
thus dependent on variogram characteristics. The number of clusters must be chosen so that there are

For each scenario, 250 simulations are generated througinough simulations in each cluster while allowing su cient
Monte-Carlo methods. This number was considered su cientdiscrimination between themHermans et al., 2038 The k
to model the variability in the prior data sets, while keepingclusters are computed using the k-medoid clustering techaiqu
the computational cost to a minimum, and to estimate theapplied on a multi-dimensional scaling map of the models.
global sensitivity analysis (see below). The reason ligseiflact The latter is computed based on the metrics of equation (2).
that the used approach analyzes the data response (temperatimeDGSA, random parameters for each simulation are linked
or solute curve) which is less complex than the model spatidab the corresponding output signal produced by the forward
heterogeneity, therefore requiring only a limited numbefr o model. We refer tdPark et al. (2016and Fenwick et al. (2014)
samplesiiermans et al., 2038 for details.

A distance metric using the root of the square sums of Every sample of the prior distribution is parameterized using
the di erence between each simulated;¥(and observed gt random generated global parameters, e.g., porosity, gradien
data over the same experimental time intervghpt (010 Kmean and K-variance values and local parameter, i.e., the
days), showing positive zero de nition, symmetry, and tggen  spatial random K- eld, generated by geostatistical simokati
inequality, is used to compare the ability of di erent simiutats A local parameter is highly dimensional (number of elements)
to reproduce eld data. It allows to identify the best reatipa ~ and therefore di cult to analyze using a sensitivity analysis
at each observation point within the generated 250 reatimati However, those local parameters can be reduced using Principal
separately for each scenario: Component Analysis (PCA). PCA is one possibility to strucfure

Best simulation at observation point means minimizing: simplify and visualize complex data sets by replacing multiple

statistical variables with a limited, smaller, and approxida
amount of linear combinations using the decomposition in
Y eigenvectorsi{rzanowski, 2000 With PCA, the rst dimensions
e are explaining the average K distribution and, thus, largetesc
dobspD f.t/ 9.t/ (2)  heterogeneity, while higher dimensions will be charastariof
iD1 smaller-scale heterogeneity (e.@ware et al., 2013; Park and
Caers, 2018 Therefore, the PCAs rst dimensions represent the
degree of heterogeneity in the aquifer. That is used to compute
Best simulations are quanti ed calculating the root meanag the score variables for each of the 250 simulations subséigue
error (RMSE) and the correlation coe cient (. in the sensitivity analysis’ark and Caers, 20).8
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Tracer Velocity Comparison (Figures 2C—F. The simulated peak, e.g., at Pz11-up is slightly
The modied deterministic model and the Monte-Carlo improved, as well as the tailing, but the overall t is still not
simulations are further used for a synthetic heat and solutsatisfying for all three observation points.

tracer velocity comparison. The velocity comparison follows Monte-Carlo realizations surround the real data set of thethea
the approach ofirvine et al. (2015)but using here the peak tracer at all three pointsKigure 2). It highlights the in uence
times instead of the time of 50% of tracer recovery in theof spatial parameter heterogeneity on the resulting breadigh
breakthrough curve. The peak time is here preferred, dueurves. However, the prior of scenario A seems to be falsi ed
to the large uncertainty related to the missing solute traceby the tailing part of the curve observed in Pz11-up and Pz15-
information between the injection and pumping wellsvine  up (Figures 2C,B. Clearly, scenario B considering the observed
et al. (2015)equations are adapted by using, for the strongvertical downwards increasing K-trend, and describes #ileng
advective aquifer system of Hermalle-sous-Argenteatneaastal  part of the curve more realistically compared to the deteristigi
retardation factor i D 1. An estimated thermal retardation approach and scenario A (e.g., compgigures 2E, . For Pz15-
factor based on a xed speci ¢ heat capacity is in this study noup and Pz19-up the best simulation allows representing the
su cient to capture the di erence between the two tracers as itreference data more accurately, compared to the deterrignist

cannot account for spatial heterogeneity. The calculatares solutions Figures 2A-D). Again, scenario B gives more realistic
X solutions than ignoring any trend in the simulations.
Vsopey P T——  modal velocity 3) Selecting the 10 best heat simulations from both prior
Lsobea scenarios for all observation points at panels 1 to 3, upper
X N .
Vheapeqe D Vinoue Rin D 1 (4) and lower screen, further con rms that considering a vertica

theapeax downwards increasing K-trend in the simulations is a more
realistic description of spatial heterogeneity (referring t
where to . [S] is the solute peak time of each «sypplementary Material Figures 1-3. At panel 3 the
prediction/simulation, x [m] is the shortest distance from observed data uctuates around a temperature change @f,0
the observation well to the injection point andey,, [Ms '] without a signi cant peak. Thus, the solution simulation Wit
the corresponding modal velocity. In the heat cagyl. [s] 1TDO Cisidentied as the best one. The modeled D0 C
is the peak time of each prediction/simulationy,Rnhe thermal is exactly zero for the simulation because it correspondsgeta
retardation factor, y__, [m's 1] the thermal front velocity using  of parameters where di usion is larger than advection trangpor
the peak time. the heat therefore does not reach panel 3. These results #tees
High K-zones (i.e., corresponding to preferential ow paths)need for a more realistic prior-uncertainty quanti catiomd
resulting in a mismatch of solute and heat distributiongdeo  falsi cation of prior hypotheses. Here, a purely random K- eld
di erent Vpearand \gopute values (i.e., diverging from a 1:1 line in can be considerably improved by including sedimentological
a heat VS. olute diagram) inducing a decrease of the regressio®bservations that the advocated procedure is capable ofdakin

coe cient (Irvine et al., 201p advantage of it.
Previous paragraphs do not integrate the joint heat and
RESULTS solute breakthrough curves at the pumping well (located 5m
downstream from panel 3). Here, the deterministic model
Prior Uncertainty Investigation solution calibrated on heat data onl¥lgpikova et al., 2096

The heat observations at panel 1, 2, 3, and the joint obsergatl h including now both the density and viscosity changes, fails to
and solute information at the pumping well are investigated an predict the heat and solute tracers behaviors at the pumping well
used to attempt prior falsi cation. In a rst step, the numerica (Figures 4A,B Note that the solution depending on density only
model considers groundwater density and dynamic viscositis not realistic and is not shown).
e ects caused by the injected heat. In a second step, the mailtipl Monte-Carlo simulations, with the random K- eld without
heat breakthrough curves and the solute one at the pumping wellend (scenario A), surround heat and solute observed data
are simulated using the multiple realizations generatedh®y t (Figures 4A,B, adding indications that spatial heterogeneity is
Monte-Carlo procedure in conjunction with both K-distributh  necessary to generate realistic predictions. The best diomla
scenariosFigure 2 shows the comparison of the deterministic for the observed heat signal using equation (2f (R 0.96,
solution of the density (basis model) and the density-visigo RMSED 0.01 C) is however dierent than the one for the
dependent model with the reference data, the two simulatiosolute signal (R D 0.99, RMSED 1.210 ° g L 1). Thus,
scenarios A and B and the individual best heat simulation fothe best heat simulation poorly predicts the solute signal and
the upper screened part in Pz11-up, Pz15-up, and Pz19-wdce versa Kigures 4A,B. For the random K-eld with the
(observation points in the upper middle lane of Panel 1, 2, and 3)ertical downwards increasing K-trend (scenario B), thathe
The change of the dynamic viscosity, e.g., at the peak-time fd®reakthrough at the pumping well is not as well simulated
Pz11-up about 25% (upper screen), has a signi cant e ect oms in the intermediate panels and the solute breakthrough
the simulated temperature, while the e ect of density is liedit concentrations are strongly underestimated, even thouuh t
(0.02 %) Figures 2E,E3). Accounting for this e ect allows slight time occurrence of the peak seems to be correctly predicted
improvement to the t with the observed heat breakthrough (Figures 4C,0). Near the pumping well, the tracer is intensively
curve at Pz11-up and Pz15-up using a deterministic approactiiluted due to the high pumping rate (30 ¥ 1), making
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FIGURE 2 | Comparison between deterministic solution, real data and por C best simulation for both random K-distribution scenariosdr Pz19-up (Panel 3){(A)
without K-trend (scenario A),(B), with a downwards increasing K-trend (scenario B), for Pz1&ip (Panel 2):(C) without K-trend, (D) with K-trend, and for Pz11-up

(Panel 1):(E) without K-trend, (F) with K-trend (10 best heat simulations at each observation @int are inSupplementary File ). The index of the best solution refers its
number within the 250 simulations.
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the heterogeneity around this well crucial for explainingeth from Monte-Carlo simulations are represented using orthogonal
breakthrough curve (see in Discussion section). basis vectors computed through principal component analysis
The K-elds corresponding to the best heat and solute(PCA) with 250 observation rows and 140,140 corresponding
simulations describing the tracer breakthrough curvesta t cell K-values as columns (in total: 35,035,000K values)y On
pumping well using scenario A are largely heterogeneoudhe rst 15 principal components are retained and used as
(Figures 5A,B. However, for both tracers, K-distributions are an approximate measure of heterogeneity. While, those 15
slightly di erent, which explains in parallel to the less good rst dimensions explain only 23 % of the total variance in K,
modeling of the tailing Figure 2), why scenario A is not the rst three principal components together describe 9.6 %
suitable to adequately describe complementary tracer memém of the variance. The small amount of explained variance is
(Figures 4 5). The injected heat forms a plume around therelated to the strongly variating K-values from one simidat
injection well enlarging with time by conduction and adviect, to the other. The 15 corresponding PCA scores are further
while its temperature amplitude decreasBgy(re 50. Further, included in the sensitivity analysis to characterize thée rof
the solute prefers mainly the high hydraulic conductivity spatial heterogeneity.
pathways, faster in the lower part than in the upper part The sensitivity analysis results for the heat signal at the
(Figure 5D). Both tracers are best described by two di erentpanels 1, 2, and 3 in relation are presented-igures 6A,C,E
parameter distributions and only stochastic inversion cbul Figures 6B,D,F show the corresponding classi cation of the
here result in simulations tting both, while deterministi 250 models in three clusters. Clusters are used to group the
inversion nding one global parameterization, may tend tosimulations according to their response (i.e., the rst chrst
derive a smoothed parameter distribution poorly tting the contains simulations with high temperature far above the
data. However, it should be stressed that this prior (scenarireference data, the second contains simulations with teatpes
A) would not be able to reproduce the observations inbelow the reference data and the third group consists in
intermediate panels. For the K- eld and tracer distributimi  simulations around the reference data). Using three clgsjares
scenario B $upplementary Material Figure %, the best solute satisfactory results in this case.
tracer simulation displays a strongly heterogeneous modthl w ~ The sensitivity of a parameter is computed based on the
preferential ow paths, while for heat, a more homogenous K-di erence between its cumulative distribution function (gdf
eld respecting the observed trend in the borehole drillingsin each of the cluster compared to the global cdf. Signi cant
sedimentologyKigure 1B) is found. di erences mean that the parameter is considered as sensitive.
These single local best realizations, for each observationt,  For all panels, the resampling quantile of the distanaels0.95
do not explain the full data set, further highlighting the eol (we refer toPark et al. (2016jor the detailed explanations of
of local heterogeneity on the measured signals. This prgbabparameters used in DGSA).
explains why the global t of the deterministic solution is ppo  The global “log(Ka)” is the most sensitive parameter at
and highlights the need for more realistic priors insteadrgiity  Panel 1 and 2 Kigures 6C,B. Its sensitivity decreases within
to nd unique parameterization describing reality. the third panel Figure 6A) while “log(Kmean)” is getting more
For the Hermalle-sous-Argenteau test site, the priorsensitive Figures 6A,C,B. The in uence of the rst component
considering a vertical downwards increasing K-trend seéms of spatial heterogeneity “PC1” is large at every distance from
better represent the overall hydraulic conditions (until gh8) the injection well. The increasing sensitivity and in uenoé
and constitutes a better prior assumption than neglecting anyPC1” with distance from the injection well is related to the
K-trend. However, it seems to be somewhat falsi ed betwéen t hydraulic conductivity in the direction of the gradient, v
last panel and the pumping well in terms of solute concentratiorindicates a strong link to preferential pathwaysgures 6A,C,B.
amplitude. This suggests that the current parameterizatidh s For the rst two panels, most PCA components are sensitive.
oversimpli es the heterogeneity of the deposits at a largatesc This is in accordance with the previous results, showing that
and cannot be used for inversion or prediction. New hypothesethe introduced K-trend is crucial to explain the observed
should be formulated, or new data collected to identify thebreakthrough curves (section Prior uncertainty invediga).
speci ¢ processes taking place between the third panel and thehe global parameter “gradient” shows a decreasing semgitivi
pumping well. Existing ERT transectsiérmans et al., 20159,b with distance. The sensitivity of the gradient highlightset
and newly acquired cross-hole GPR sections are promisinlg toan uence of uncertain boundary conditions on the simulatis.
to image heterogeneity patterns with a higher resolutionand The uxes around the injection well are crucial to initiateeth

larger scale. tracer transport Figures 6A,C,B. The global “porosity” and
_ o ) the “azimuth” are, at all three panels, a much less sensitive
Distance Based Sensitivity Analysis parameter for the strong advective system at Hermalle-sous-

The 250 generated models from scenario B are further usefrgenteau. The variance explained in the low dimensional
for the distance-based global sensitivity analysis. Thianli® space is relatively constant over all three panels, but the
metrics (Equation 2) between pairs of Monte-Carlo simulationslusters are getting closer to each othdtiglres 6B,D,H.

is calculated and used as starting point for DGSA. Th&he sensitivity analysis further indicates that the scale of
sensitivity analysis investigates the global simulatiorapeeter heterogeneity playing a role on the tracer distribution at
values within their given rangeTéble1) and the spatial panel three is dierent. The vertical K-trend is not su cient
heterogeneity. To analyze spatial heterogeneity, the Hsel anymore to explain the observations. It underpins that more
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FIGURE 5 | Simulated results at the pumping well using a prior with no Krend distribution (Scenario A): Spatial K-distributionsaobtained for the picked up best
simulation for(A) heat data and (B) for the best napthionate simulation. Corresponding simulad tracer plumes for best simulation for(C) heat data and (D) for
napthionate data. Under each 3D visualization, a vertical®pro le is shown along the gradient axis from the injection wi through panels 1, 2, and 3, and down to the
pumping well.

realistic imaged preferential pathways (e.g., using improvedelocity ratio VeafVso, averages the model response over the

imaging methods like full-waveform GPR inversion) are prolya complete transport path.

necessary to understand the heterogeneity surrounding the As areference, the eld measured derived modal velocities at

pumping well. the peak time of heat (i.e..yRD 1  wavefront velocity) and
The sensitivity analysis results at the pumping welkolute atthe pumping well are:

using the heat and solute signals using the 250 simulation

of scenario B are presented iffigure 7. For the heat Vsopeax . 2.05 10 4ms !

: h N - D 1.90 (5)

and the solute signals, the “logian)” is more sensitive Vifpea 1.08 10 4ms 1

than the “log(Kar)” and the “PC1 “PC2; and “PC3.”

The local heterogeneity is still sensitive and important toUsing the assumption of{RD 1, for scenario BRigure 8A), the

consider, but the results are less sensitive to small scad®tained velocity ratios are less spread around the obsetatd

heterogeneity as mostly “PC1” to “PC4” are sensitive. Forany solute velocities forecasts have the same value, bt wi

solute transport, “porosity” is also a sensitive parameterdo ba di erent corresponding heat velocityF{gure 8A). This is an

considered Kigures 7A,B, probably due to its direct e ect indication that the heat signal provides more informatiorhile

on advection velocity. The analysis supports that simulatinghe variance of the solute velocity responses decreases.

complementary tracer behavior requires a realistic degoript Applying now the DGSA using this alternative prior response,

of heterogeneity. the sensitivity of “porosity” is now less strong than in théute
The sensitivity analysis of the pumping well simulationscase, but stronger than in the heat caféygres 7 8B). Then,

using scenario B is extended by using alternatively the fitth similar to panel 1 to 3, the “log¥); “gradient;” and “PC1” are

velocity ratio eafVsolas prior response for the DGSRigure 8).  the most sensitive parameter at the pumping wéilg(ire 8B).

Replacing the breakthrough curve as model response by theterestingly, the velocity ratio seems to be not direcépsitive
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FIGURE 6 | Distance-based sensitivity analysis using the scenario Beat signals at(A) Panel 3,(C) Panel 2, (E) Panel 1, related to the corresponding cluster
cumulative distribution function (CDF) fofB) Panel 3, (D) Panel 2, and(F) Panel 1. The square within each cluster ifB), (D), and (F) is the center of mass of
each cluster.

to “log(Kmean), but on the global heterogeneity (k& and range), At this stage, it can be assessed that the joint heat-solute
spatial heterogeneity (PC1) and uxes (gradient). This isemic tracer experiment results are indeed better represented by a
indication that preferential ow paths, being the result of an K-distribution with a vertical downwards increasing K-tre.
interaction between K-heterogeneity and gradient, is th@m The prior with the K-trend is the current best heterogeneity
reason for the variation in velocity ratio. representation for Hermalle-sous-Argenteau test site betwe
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FIGURE 7 | Sensitivity analysis at the pumping well using the scenari® for (A) heat and (B) solute signals.

FIGURE 8 | (A) Velocity ratio eat/Vsol COMparison using the peak times of the heat and solute breakiroughs generated with Monte-Carlo using Scenario B
(K-Trend).(B) Sensitivity results using the derived velocity rationgat/Vse as prior responses for DGSA.

the injection well and panel 3. However, this K-trend is notDISCUSSION

representative for the part of the simulated domain between

the third panel and the pumping well as shown by the Monte-In the eld tracer experiment, the heat tracer arrives 1 dagaft
Carlo prior investigation and the DGSA results. This hightig ~ the solute transport and the recovered energy at the pumping
how important a not-falsied prior is for robust decision Well is very low. This delay is a consequence of the di erent
making, and that every model containing approximationstransport processes, mainly the retardation e ect relatedeath
must be use with care for predictions. Furthermore, if theconduction in the solid phase and in the immobile water. For
proposed prior seems valid at the local scale, it is no€xample, the heattracer test provides useful information ttebe
sucient to explain all observations made at the site. Theunderstand the matrix processes quantifying the immobiléeva
latter probably requires the inclusion of another level ofpart. This complementary behavior helps to better characterize
heterogeneity, accounting for the change of behavior fothe actual transport processes occurring in the aquifer, in
the tracer. particular the preferential ow paths.
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The previous existing calibrated model was based on heé&t.g.,Hermans et al., 201}alndeed, geophysical data acquired
tracing data only. The new numerical model implementedon the site showed lateral variations in electrical resistrelated
in the framework of the presented study, showed that théo gravel structuresHermans and Irving, 2007 A trade-o
dynamic viscosity has a strong impact on simulated tempeeaturbetween the acquisition of new data to re ne understanding a
values even in a narrow temperature range. It clearly appearexbst-a ordable eld studies must be found. In this framework,
that this model was failing to reproduce the observed solutéhe combination of hydrogeological testing (such as jdieat
concentrations at the pumping well. All attempts to nd tracer tests) with static and time-lapse geophysical datéh(aac
one single deterministic model tting both tracer data &, GPR and ERT) at an early stage of site characterization isepe k
illustrating the di culty to approximate solute advection @n to acquire informative data sets at limited costs.
heat conduction/storage with one single (smoothed) spatial The prior uncertainty analysis also reveals that each speci c
parameter distribution. Even if a global minimum was found,temperature breakthrough observation is better reproduced b
any prediction would remain based on a simpli ed model with a di erent prior realization and, therefore, spatial parameter
limited prediction capabilities. distribution. This clearly identi es spatial heterogeneips

To overcome limitations of the deterministic approach,having a major inuence on the simulation results. The
and to avoid full stochastic inversions, performing prior solute tracer breakthrough at the pumping well is better
parameter uncertainty investigation using multiple Monteffda represented with models showing preferential ow paths,
realizations o ers the possibility to generate more geolaliyc largely in uencing advective-dispersive processes. In @mtjr
realistic subsurface parameter distributions. Compared ttemperature observations in the intermediate panels and at th
transdimensional inference, which although stochastiessence pumping well seem to be better represented with a slightly more
and would involve some degree of simpli cation or parsimonyhomogeneous model, as conduction is indeed important. This
(Sambridge et al., 20),Z&eeping the full variability in the model mightindicate that a signi cant part of the pore space is occdpie
is necessary to generate realistic predictions. Thus, sighidy, by immobile water. This interpretation shows clearly that the
the analysis of those simulations revealed that increatfieg previous conceptual model represented by Peclet numbers of
spatial heterogeneity of the alluvial deposits allows todvett 300 (in the upper layer) and 14,000 (in the lower layer) is not
reproduce the observed breakthrough curves. The considerediequate. Furthermore, it shows that the use of a heat tracer
prior uncertainty generates a range of possible outcomealone is not necessarily a good choice to calibrate a model,
surrounding the observed data. The specic behavior of thespecially if solute transport should be predicted. Trying $e u
breakthrough curves, such as the sharp decrease of temperatone single deterministic model parametrization is limitedde
after the peaks, is much better reproduced. It is also cleadwsh by two points: (1) complementary tracers cannot really predict
that approximations made in deterministic approaches (e.ggach other with classic underlying simplifying assumptiond a
using smoothed K-distributions), strongly in uence thestdts one parametrization and (2) heterogeneity patterns are corpple
and contribute to higher uncertainty. Furthermore, it appedr meaning that highly parameterized inversion might fail to
that modeling the deposits with two separate layers did notall converge toward a realistic solution.
the reproduction of the tailing part of the breakthrough cusye Similarly, stochastic inversion or optimization technigue
whereas a continuous distribution with a vertical downward might be very complicated to tune to convergence in such
increasing trend was more able to model this behavior. Haxev a complex layout. Here starts the potential of advanced
it was also shown that the used vertical K-trend seems notto kprediction approaches such as Bayesian Evidential Learnimg. A
appropriate, i.e., between the third panel and the pumping welinformative prior sampled by multiple realizations containing
Investigating prior uncertainty here has greatly helped toafed complementary tracer processes might be directly used for
the previous conceptual ideas that were mostly based on simpbeediction if a statistical relationship can be found betwelata
investigations like borehole log description. and prediction variables. This kind of approach is probably very

The proposed prior with the K-trend is consistent with all promising for the future of hydrogeological modeling where
observation points (Panel 1 to 3) except the pumping well andhe full, explicit inversion fails due to the lack of su cient
Pz18, 19 in the lower aquifer part. Between panel 3 and thgualitative data to constrain the geometry of the deposits.&om
pumping well, there are likely preferential ow paths in uengin uncertainty component might be irreducible and impossible to
the tracer behaviors, not properly described by the proposetesolve through inversion methodologies. Approaches such as
prior. The latter was mainly built based on the high boreholeBEL, combined with an in-depth prior uncertainty analysisnca
density from intermediate panels. In the original log degtidn  therefore be a good way to account for those in prediction
of the pumping well (drilled in the 90's), there is no grain sizeuncertainty assessment in a computational e cient way.
trend described. One possibility is therefore that the sglgn The fact that a global sensitivity analysis shows di erent
heterogeneous alluvial deposits cannot be described bygéesinsensitivity patterns for heat and solute responses, here the
simpli ed parameterization (here Gaussian simulations with porosity, is another indication of the complementarity beéemne
trend) but must include more heterogeneity at the largereca the tracers. If heterogeneity is more realistically repméeess by
(for example dierent vertical trend). It appears that lateral the K-Trend distribution (scenario B), heat seems, in conmgxar
variations occur in the aquifer, stressing the need for aenorto solute, insensitive to porosity. Although, the Hermalle-
global description of the heterogeneity, including largeals sous-Argenteau site is characterized by a strongly adsecti
sedimentological structures such as channels, and addanceystem, the heat data set remains dominated by the e ect
integration of secondary data such as geophysical tomogeaphiof conduction. Heat is mainly stored around the injection
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well and is only slightly and very slowly withdrawn from

the reservoir at the pumping well. Some parts of the heat

are transported fully through conduction (immobile waterdan
solid matrix).

The presented study also shows that using
Euclidean distance for the distance-based global seigitiv
analysis, might be of limited interest for data sets
containing strong complementary behavior. It can result
in dierent sensitivities between needed parameterization
for the related output. An alternative proposition
to use the velocity ratio as a proxy for the model
response, as it allowed to clearly identify preferential
ow paths as the main explanation for the dierence in

the

is 5)

strong advective system at Hermalle-sous-Argenteau, heat
transport does not seem to be aected by porosity, as

long as realistic heterogeneity is considered, using a eértic

downwards increasing K-Trend distribution respecting the

borehole sedimentology. Indicators linked to local spatial

heterogeneity are sensitive parameters for both heat and
solute transport, stressing the need to use an adequate prior
description of the deposits, a prerequisite for any stochastic
Bayesian inversion.

The tracer velocity comparison shows that the prior

and the sampled Monte-Carlo simulations yield a better

representation of the joint heat and solute behavior as

observed on the eld. This is a key point for further research

tracer behaviors. steps in modeling and predicting the transport processes in

this aquifer.

CONCLUSION
DATA AVAILABILITY

New innovative imaging methods, namely joint heat and
solute tracer tests were combined with advanced eld dat&ote that the datasets analyzed for this study must be
analysis tools to better assess preferential pathways astbred on the HC Network (http://hplus.ore.fr/fen/enigma/
associated uncertainty in complex alluvial deposits. Thislata-hermalle) as a mandatory part of the funding project
paper demonstrates the limitation of deterministic inversio (ENIGMA ITN). The les are ready and currently under
approaches in capturing the complementary behavior ofipload. We guarantee, that they will be uploaded as it is a
heat and solute tracers. To overcome those limitationgnandatory requirement. Codes for DGSA are freely available a
a prior-uncertainty investigation and a heat-solute vepci https://github.com/SCRFpublic.
comparison are applied. Monte-Carlo simulations are used to
investigate the range of simulated data and are complementet§UTHOR CONTRIBUTIONS
by a distance-based global sensitivity analysis. The main
results are: RH generated the results, did most of the writing and the layou
Iof the contribution. TH was the main supervisor and motivator
for the paper, contributed mostly to the redaction and writing
part as well as assisted actively the modeling part. AD ensured
. . the nancial support of the joined tracer tests in Hermalleddi
the simulations. - :

the supervision of the previous work$\V(ldemeersch et al.,
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underlying approximations always yield a too smooth Kmethodologicaldiscussions, helped for the writing part ashe
distribution, failing to predict the solute breakthroughrue. main promoter of the Ph.I;): Of RH. .PG reviewed the paper from
3) In comparison to (over) simplied deterministic models a global and external position and is the second promoter of the

stochastic models allow for the relaxation of thoseph'D' project of RH.
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The global sensitivity analysis reveals that heat seems The Supplementary Material for this article can be found
be less sensitive to advection parameters like porosity thagnline at:  https://www.frontiersin.org/articles/10.38&art.
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1) Heat injection with absolute measured temperature signa
between 10 and around 4C, as observed for common heat
tracer tests, requires considering dynamic viscosity e éat

4

~
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