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within large areas, generating an anthropogenic diffuse contamination. The latter category frequently predominates in European Functional Urban Areas (FUA) and 
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1. Introduction

Stating that groundwater is the most sensitive and the largest 
body of freshwater in the European Union and the main source of 
public drinking water supplies in many regions, the European 
Community in 2006 (European Union, 2006) established some 
measures in order to prevent and control groundwater pollution. One 
of the main aim of the Community (European Environment Agency, 
2013) has been to issue rules for groundwater management and to 
identify point source contaminations as the first step toward 
remediation. Point sources (PS) can be defined as contamination hot 
spots releasing plumes with high concentrations. Nevertheless, in 
many urbanized areas, contami-nant plumes originated by single 
point sources frequently overlap with a widespread contamination 
caused by multiple-point sources (MPS). These are made up of a 
series of unidentifiable small sources clustered in a large area, 
generating a diffuse contamination not ascrib-able to a unique known 
source. These areas cannot be remediated by re-course to standard 
remediation techniques, mainly because: a) the identification of MPS 
is difficult or impossible by virtue of their small mass release and b) 
the wide extension of the contaminated areas. Therefore, the design 
of alternative remediation approaches beforehand requires methods 
to assess the presence of a diffuse contamination and methods to 
distinguish point source (PS) and multiple-point source (MPS) 
contribution.

Kuroda and Fukushi (2008) observed that urban areas are the most 
important MPS of groundwater contamination due not only to the small 
number of big industries, but also to the large number of residents, 
whose collective actions bring about serious consequences. The exten-
sion of sewage system networks and the inadequateness of old sewer 
systems to cope with the increased effluent load represent some major 
causes (Nolan et al., 2002; Stevenazzi et al., 2015, 2017). Further-more, 
other forms of urban MPS pollution include roadways, parkings and 
other surfaces of improperly managed construction sites from which oil, 
grease and toxic chemicals can be released (Frumkin, 2002).

Recently, a new statistical methodology has been developed in 
order to assess anthropogenic diffuse contamination in Functional 
Urban Areas (Alberti et al., 2016a). However, once the areas prone to 
diffuse contamination are defined, in order to plan the groundwater 
resource management it is still necessary to identify the areas most 
likely to con-tain the MPS. In the last 20 years, a large amount of 
methods were tested and developed to identify PS: Integral Pumping 
Tests (Alberti et al., 2003, 2011; Bauer et al., 2004; Bayer-Raich et al., 
2006) and inverse transport modeling (Carrera et al., 2005; Citarella 
et al., 2015; Zhang et al., 2016). Unfortunately, few methods have 
been developed to iden-tify anthropogenic diffuse contamination 
sources. Nevertheless, the identification of areas most likely to host 
potential MPS and the assess-ment of their strength is an issue of 
primary importance, and in this study it has been addressed through 
the help of groundwater modeling. The approach is that of inverse 
modeling, by which measurements of system variables provide the 
information required to identify the system parameters governing the 
flow equation.

In Functional Urban Areas (FUA), the frequent presence of a diffuse 
contamination by chlorinated hydrocarbons is the result of a wide-
spread use of these substances in many different production activities 
since the 1940s (Provincia di Milano, 1992). Transport of these 
contam-inants in groundwater depends on many variables, such as 
hydraulic conductivity, dispersivity, position and magnitude of 
sources. The un-certainties inherent in the link between source 
characteristics (position and magnitude) and concentration 
measurements make it impossible to unequivocally identify all the 
sources. Thus, a probabilistic frame-work allowing to quantify the 
uncertainties in the position of contami-nant sources responsible for a 
diffuse contamination should be adopted. For this purpose, the 
present paper focuses on the uncertainty of the hy-draulic 

conductivity distribution and consequently of the groundwater flow 
direction that conditions the advective component in the transport of 
contaminants (Pollock, 1994, 2012).
The problem of non-unique groundwater flow solution has been
ad-dressed by many authors. Carrera and Neuman (1986) discussed
how non-unique inverse problems can be solved in an
underdetermined context. In terms of hydrogeological reliability,
parameter sets should then be used to estimate model predictions of
interest. Therefore, the uncertainty of each model prediction can be
characterized by a proba-bility density function with a mean, which is
the approximation to the prediction of minimum error variance, and a
standard deviation that provides the uncertainty of the model
prediction (Herckenrath et al., 2011). Several methods are available for
quantifying uncertainty in pre-dictions by use of a calibrated model
(Tonkin and Doherty, 2009): linear methods are applied with a
variance propagation both in the traditional overdetermined inverse
modeling and in the underdetermined context (Bard, 1974; Draper
and Smith, 1981; Moore and Doherty, 2005). Non-linear methods of
predictive uncertainty were described by Christensen and Cooley
(1996).

The Null-Space Monte Carlo (NSMC) analysis provides a
mechanism for the exploration of the uncertainty associated to
measurement error, enabling the model to fill the observed data with
a suitable stochastic descriptor of parameter variability within the
study area. The classical methods such as likelihood uncertainty
estimation (Beven and Binley, 1992) are difficult to use in highly
parameterized models, especially in solute transport models. There are
several examples of constrained Monte Carlo analysis in the
groundwater context (Carrera et al., 2005; Guadagnini and Neuman,
1998; Harvey and Gorelick, 1995), but the high computational effort of
the model decreases the applicability of these methods. Tonkin and
Doherty (2009) presented a new method that achieves efficient
production of a multitude of calibration-constrained stochastic
parameter fields.

As Northern Italy is one of the most relevant urbanized and
industri-alized areas in Europe, it hosts a large number of sources of
contamina-tion that affect groundwater quality. These facts, together
with the availability of a large number of field data and a wide
quantity of studies, offer the possibility of finding useful pilot areas for
the analysis of diffuse contamination. In this paper, the NSMC
methodology is applied and tested in a pilot area in the N-E sector of
Milano FUA, where many hydrogeological and chemical data have
been collected at different loca-tions over thirty years. The procedure
aims at identifying the potential source areas of diffuse contamination
taking into account the uncer-tainties tied to the dynamics of the
advective solute transport in groundwater. Therefore, the purpose of
this work is not to identify the exact source positions but rather to
identify locations with an associated occurrence frequency where MPS
may contribute to PCE concentrations measured in groundwater
samples that exceed the Italian Decree Law (31/2001) drinking-water
standard of 10 μg/l.

1.1. Site hydrogeology and groundwater deterministic flow model

The modeled area is located in the Lombardy Region (Fig. 1), within
the Po Plain, and it includes the North-Eastern sector of Milan city and
some surrounding municipalities. The area is 120 km2 wide, lies at the
center of one of the most urbanized and industrialized areas in Europe
and is affected by groundwater contamination caused either by some
known plumes or by diffuse pollution. The central part is occupied by a
former steel plant, which had been active during most of the last
century. The area has been subjected to characterization and reclama-
tion since the '90s, hence a significant number of stratigraphic,
hydrogeological and concentration data are available covering a
period of about thirty years.

Some sectors of the Pilot Area are highly contaminated by chlorinated
hydrocarbons (mainly PCE and TCE) and Chromium VI. Thanks to recent
investigations funded by Regione Lombardia (ARPA Lombardia, 2016) it
has been possible to separate the plumes linked to PS from a diffuse con-

tamination linked to MPS (Alberti et al., 2016a). Through a multivariate 
statistical approach combined with transport modeling, a diffuse PCE 
contamination has been identified (Fig. 2 and Fig. S1) with average
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Fig. 1. a) Functional Urban Area (31municipalities extended for 486 km2) and b) pilot area (red square): the domain is extended 120 km2, main brownfields are centered on the domain.
concentrations varying from 2.9 μg/l (within the yellow zone) to 18.1 μg/l 
(within the red zone).

The main aquifers in the Lombardy Plain are hosted by a sequence
of plio-pleistocenic sediments that filled the Neogene Po plain
foredeep reaching a maximum thickness of approximately 500 m (Bini
1997; Carcano and Piccin, 2002; Perego et al., 2014). At the base of the
se-quence, pelagic sediments are mainly clay and silt. At the top, grave
and sand are predominant and fed the basin under the control o
Middle to Late Pleistocene glacial cycles. The origin of the latter is
alluvial and glacio-fluvial, and the hosted aquifers reveal the highest
transmissivity values. Four main aquifers (named from A to D) are
recognized in the Lombardy Plain, but only three were extensively
investigated through drillings in the Milan area (Alberti et al., 2014;
Alberti et al., 2016a, 2016b; Alberti and Francani, 2001; Francani and
Beretta, 1995; Gattinoni and Scesi, 2017; Pedretti et al., 2013). The case
study discussed here focuses only on aquifers A and B, which in the
Southern part of the domain are separated by a clay layer (aquitard)
that becomes discontinuous and then disappear Northwards (Fig. 2
and Fig. 3).

The deterministic groundwater flow model was previously imple-
mented through MODFLOW-2000 (Harbaugh et al., 2000) in  the
PLUMES project funded by the Lombardy Region (ARPA Lombardia
2015), and is used in this paper to build the stochastic flow model with
NSMC procedure. In this section, the site-specific deterministic  mode
is briefly discussed.

The flow model is made up of three layers, each of them uniformly
divided into square cells 50 m wide, for a total of 219 rows and 218 col-

umns. While the total covered area is approximately 120 km2, the area
of interest is smaller (about 1/3) and it is located at the center of the 
model domain corresponding to the Sesto San Giovanni municipality 
(Fig. 4). The first model layer has an average thickness of 30 m and rep-
resents the shallow aquifer (Aquifer A). The hydraulic conductivity 
ranges between 1·10−5 and 4·10−3 m/s. The aquitard lies at an average 
depth of about 40 m and is represented by the second layer with an av-
erage thickness of 5 m and an hydraulic conductivity that, from South to 
North, varies from low values (1·10−9 m/s) to sand and gravel values 
(1·10−3 m/s) where the clay lens disappear (aquitard boundary is the 
red line in Fig. 2). This allows for the representation of the pinch-out of 
the clay layer and the presence of a unique aquifer in the northern part 
of the domain. Underneath, a second aquifer (Aquifer B) is present and 
partially separated from the shallow one. This aquifer is represented by 
the third layer with a hydraulic conductivity varying between 1·10−5 

and 1.5·10−3 m/s and an average thickness of 60 m. Boundary 
conditions (Fig. 4) were computed from piezometric surface maps 
generated from the hydraulic head survey of May 2014 (showed in Fig. 
2 a and b). Constant heads are deemed suitable as the previous 
piezometric campaigns showed a stable direction of the groundwater 
flow and the area of interest lies at the center of the model domain at a 
distance of 4.5 km from boundaries (Fig. 4). Internal boundary 
conditions represent rivers, irrigation channels and groundwater 
withdrawals. The MODFLOW RIVER package has been used to represent 
the Lambro river, the levels of which were measured during May 2014 
and geometry characteristics were gathered from public documents. 
Two main irrigation channels (Villoresi and Martesana) are represented 
through the WELL package (Fig. 4) in order to consider their constant 

leakage
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Fig. 2. The figure shows the median PCE concentration data at each monitoring wells (derived from the ARPA database, 2010–2014), the diffuse contamination map (ARPA 
Lombardia, 2016) and the groundwater head monitored in May 2014 for a) shallow aquifer (Aquifer A) and b) semi-confined/confined aquifer (Aquifer B).
into the aquifer: using data shared by the irrigation Consortium the in-
flow was calculated as the total water loss at the bottom of the channel
stretched within the domain. Public and private withdrawals (Fig. S2)
are inserted as constant outflows based on information gathered at the
local public water utilities and at Regione Lombardia. Finally, surfi-cial
recharge to the aquifer system for spring 2014 was simulated using
the RECHARGE package with values calculated as the sum of re-charge
from precipitation and from the secondary irrigation channel network
(Alberti et al., 2016; Alberti and Francani, 2001). The latter one does
not account for the leakage from the bottom of the two main channels
(which is represented through the WELL package), but only the
amount of water that is distributed on crop fields by the secondary
channel network. Recharge from precipitation was estimated by the
Thornthwaite method (Thornthwaite and Mather, 1955) and
distributed  based on land use and land cover (Fasolini and Zini, 2014)
Recharge from secondary irrigation channels was calculated based on
the irriga-tion network and flow data provided by the Irrigation
Consortium (Consorzio Villoresi).

As stated above, the model was previously calibrated in a deter-
ministic way with the iterative parameter estimation software pack-
age (PEST), implemented in the Modflow Windows graphical
interface GWV6 (Doherty, 2010, 2014; Doherty et al., 2005;
Rumbaugh and Rumbaugh, 2014). A set of 63 water levels, measured
in May 2014, were used, in accordance with Doherty and Welter
(2010), to calculate the objective function as in Eq. (1). PEST aims
at minimizing the objective function adopting the gradient-based
Gauss-Marquardt-Levenberg algorithm. At the end of the process
the model reached a good fit  to measurements with an absolute re-
sidual mean of 0.16 m and a scaled absolute residual mean of 0.3%
(Fig. S3, Table S1).
A groundwater model typically represents a complex natural system 
with a set of mathematical equations and boundary conditions (BCs) 
that describe the main processes governing groundwater flow. In addi-
tion to some intrinsic errors (assumptions and simplifications overall), 
hydrogeologic errors are a combination of errors mainly based on 
estimation of hydrogeologic parameters, recharge and BCs during the 
calibration procedure (Troutman, 1985). Furthermore, close 
agreement between simulated and measured values does not 
guarantee that the estimated parameter values (in this case 
hydraulic conductivities) represent a unique parameter set. 
Alternate hydraulic conductivity combinations may generate model 
calibration results that are equally valid and should be considered 
through a stochastic approach.

2. Methodology

The proposed methodology has been developed during the PLUMES
regional projects (2015–2016) and further during and the European
project AMIIGA (Interreg Central Europe, CE32 2017–2019), which
among the outputs has the aim to create effective tools for Public
Authorities useful to develop groundwater management plans in FUAs
affected by diffuse contamination.

Starting from the deterministic calibrated model, a process called
Null-Space Monte Carlo (NMSC) is used to randomly generate 400 dif-
ferent realizations of hydraulic conductivity (K) fields, all of which pro-
vide a satisfactory fit to observations. The variability in the K- fields
reflects the uncertaintywithwhich the system is knownand represented
by the model; this variability translates into differences in the distribu-
tion of simulated heads, hence in the paths followed by the contami-
nants. As determining the likely position of small distributed sources
(i.e. MPS) that are responsible for diffuse contamination is the main



Fig. 3. Hydrogeological cross-section N-S of the pilot area corresponding to line A-A’ of Fig. 2.
focus of this study, a calibration-constrained Monte-Carlo analysis com-
bined with particle back-tracking (MODPATH version 5) has been 
used to explore the uncertainty governing the particle pathlines, 
which in turn is associated with the position of MPS. The purpose of 
calibration-constrained Monte-Carlo analysis is therefore to generate 
a suite of pa-rameter field realizations that express the variability in 
the particle paths (which in turn represent the advective paths followed 
by contam-inants in groundwater) as a function of the uncertainty in 
model param-eters. Each of the different parameter sets generated in the 
Monte-Carlo procedure is subjected to the constraint that model 
outputs provide a good match with their respective observations (i.e. 
head targets). Calibration-constrained parameter field generation was 
implemented using the Null-Space Monte Carlo (NSMC) method 
described by Herckenrath et al. (2011) and Tonkin and Doherty 
(2009), and imple-mented in the PEST package (Doherty, 2010, 2014; 
Doherty et al., 2005). The advantage of the method compared to 
standard Monte-Carlo is that NSMC is able to generate many models, 
all respecting a user-specified objective function threshold (Eq. (1)) 
using at most a few PEST calibration iterations for each realization.

For the case presented in the current paper, the implementation 
of the NSMC method, combined with particle back-tracking, requires 
the following steps summarized in Fig. 5:

1) The first step of the NSMC method is to calibrate a single model; a
parameter estimation was performed using the truncated singular
value decomposition technique “SVD-assist” (Tonkin and Doherty,
2005), to minimize the objective function defined as

φ ¼ h−Xp
� �T

Q h−Xp
� �

ð1Þ
where h is the vector of observation data (only hydraulic head observa-
tions were available), X is the sensitivity matrix of the simulated data
with respect to each parameter values, Q is the matrix of the squared
observation weights, and p is the vector of current parameter values.

For SVD, the estimated parameter set p is given by the following
equation expressed in terms of the resolution matrix R:

P ¼ Rpþ Gε ð2Þ

where G is a matrix of a generalized inverse of XTQX and ε expresses
measurement noise. In the absence of the latter, the resolution matrix
represents the estimated values of p as a weighted average of true
parameters pmultiplied by each row of R. In this context, a unique solu-
tion to the inverse problem is attainable.

2) Based on the calibrated deterministic model, it is possible to gener-
ate calibration-constrained parameter sets with high computational
efficiency. A set of parameter realizations is generatedwith the PEST
utility RANDPAR. From Eq. (2), parameter error can be expressed as
follows:

ðp−pÞ ¼ I−Rð Þp−Gε ð3Þ

where I is the Identity matrix. Since p is unknown, Eq. (2) cannot be
solved but statistical properties of the parameter error can be computed
as

Cðp−pÞ ¼ I−Rð ÞC pð Þ I−Rð ÞT þ GC εð ÞGT ð4Þ

where C(p) is the parameter covariance matrix that expresses the in-
nate variability of the parameter based on knowledge of the properties,



Fig. 4. Boundary Conditions and internal conditions: Constant head with-blue, river (green) and channels (light-blue) simulated with WELL package as losses).

Fig. 5. Flowchart of the inverse iterative Null Space MONTECARLO
in this case on the variogram model. This equation is divided into two
parts: the first term depends on the null-space component of p and ex-
presses the loss of system details during the calibration process, while
the second depends on the measurement noise of observations from
which p is estimated.

2a) Using SVD for inversion, the difference between I and R is given
by projection onto the null space, which is defined by

I−R ¼ V2V2
T ð5Þ

The right-hand side term of Eq. (5) is the calibration solution sub-
space used to project differences between stochastic parameter realiza-
tions generated using C(p) and the calibrated parameter values onto the
calibration null space as

ðp−pstÞT ¼ V2V2
T ðp−pstÞ ð6Þ

where pst represents the stochastic parameter values and the first term
ðp−pstÞT , equals the projected parameter difference. Finally, the
projected differences (projection in the null space can be undertaken
using the PNULPAR utility) are added to the calibration parameters to
generate new calibration parameter sets p. Under most circumstances,



this replacement will result in a slightly decalibrated model, depending
onmodel non-linearities and on the fact that the cutoff between calibra-
tion solution and null space is not sharp (therefore, it does not corre-
spond with the location of zero-valued singular values).

2b) Whether the model is decalibrated (i.e. the objective function is 
above a defined threshold), recalibration is effected, through the 
SVD-assist methodology (Doherty, 2015), by adjusting only the 
solution-space-parameter eigencomponents, which are the

coefficients of vectors making up the matrix obtained from SVD
of

ffiffiffiffi
Q

p
X. This adjustment usually requires one or two PEST itera-

tions (Doherty, 2015) that, using SVD-assist, have been under-
taken, in the present case, with 20 Modflowmodel runs at most.

3) UsingMODPATH, it is possible to advectively back-trace the par-
ticles, which originate in correspondence with the monitoring
wells subjected to a diffuse contamination. A MODPATH simula-
tion is undertaken for each model implemented using a random
parameter hydraulic field (2b).

The NSMC method has a number of advantages that, together, can 
substantially improve the calibration-constrained stochastic parameter 
fields. For example, it is model-independent, it can be used with any 
type of model and it allows the setting of constraints in order to repli-
cate observations of the system state.

2.1. Procedure overview of particle back-tracking under uncertainties

The flow chart in Fig. 6 shows in greater detail the previously 
described step (3), developed in this study in order to assess areas 
with a high occurrence frequency to be associated with a diffuse 
contamination.

Starting from each of the 400 generated stochastic K-fields, the 
following steps were undertaken:

Step 3a. For the i-th generated K-field, the monitoring wells 
whose monitored median PCE concentration values (time interval 
2010–2014) exceeds the concentration of 10 μg/l, were considered as 
starting locations of each particle. As the PCE limit under the Italian 
drinking water standard is 10 μg/l, the choice to consider only points 
above this value was taken with a view to only focus on MPS responsible 
of a medium-high diffuse PCE contamination.
Fig. 6. Flow diagram of the Monte Carlo back-tracking using MODPATH.
Step 3b. Using MODPATH, a particle back-tracking was performed 
for each i-th K-field. This approach was chosen to simplify the solute 
transport process by considering only the advection. Dispersion, 
diffusion, decay and sorption were neglected because the aim of the 
methodology is neither to represent the concentration distribution in 
groundwater, nor to find the exact position of the sources. The simpli-
fied approach aims at identifying the most probable paths followed by 
groundwater contamination, which coincide with the groundwater 
flow directions. An alternative method that applies NSMC considering 
all the transport processes and the release of contaminant mass can 
be found in (Alberti et al., 2017), but its application is more 
complicated as it requires a transport model, which also takes a far 
higher simulation time compared to particle tracking.

Step 3c. At the end of the cycle, the total number of particles that 
passed through each model cell is summed for all the simulations. 
Alter-natively, particle end point analysis could be used considering 
that the source should be located where the particle enters the 
aquifer via recharge. However, for the pilot area studied here, it is 
known that in the past some industries used to directly discharge 
contaminated waste waters into the aquifer through deep-screened 
injection wells. Therefore, the particle count approach has been 
considered more suitable in identifying areas where MPS are most 
likely positioned. The result consists of a map for each aquifer layer 
highlighting the areas most frequently interested by the passage of 
particles, i.e. by con-taminated groundwater. These areas are 
considered as having the highest likelihood to host MPS responsible 
for the medium-high diffuse PCE contamination.

2.2. Stochastic model implementation for the pilot area

The parameterization of the model employed the pilot point tech-
nique to represent the spatial variability of horizontal hydraulic conduc-
tivity in Layers 1, 2, 3 (vertical hydraulic conductivity was tied to 
horizontal with a factor of 0.1). Pilot points parameterization of the 
model domain took into account two different levels. A regular grid 
was distributed uniformly with a separation distance of 2 km. This 
reg-ular grid was supplemented with individual pilot points in 
correspon-dence with pumping test, where the value of hydraulic 
conductivity could be considered with a low uncertainty. For 
purposes of random parameterization, the log for each pilot point was 
assigned in a range between lower (1·10−5 m/s) and upper (1·10−2 

m/s) bounds based on expert knowledge (log-stratigraphy in pilot 
area). The pilot points representing wells subjected to pumping tests 
were assigned a very narrow range. A total number of 130 pilot points 
were used for the parameterization of hydraulic conductivity during 
NSMC procedure (Fig. 7). Assuming a normal distribution, the bounds 
for the log of each K pilot point (previously defined) were supposed to 
comprise the 95% confidence interval of the estimate.

The spatial structure of the log of hydraulic conductivity was de-
scribed by an exponential variogram and the interpolation of the K-
field calculated by PEST was done by ordinary kriging (in S4 an example 
of K distribution is represented). A number of 400 realizations were gen-
erated and then calibrated (for a total number of 20,970 Modflow model 
runs) using the NSMC approach already described. The deterministic cal-
ibrated model has a ϕ (See Eq. (1)) of 6.21, an Absolute Residual Mean 
(ARM) = 0.47 m, an ARM scaled on range of observations = 0.013 and a 
water balance error b 1%. It is generally acknowledged that the thresh-old 
objective function below which a model is deemed to be “calibrated” is 
somewhat subjective. In the present case study, models with a ϕ lower 
than 6.21 were obtained during calibration, although the high K hetero-
geneity of these models showed a potential overcalibration. The smooth-
er K distribution of the deterministic calibrated model satisfies the need 
to avoid overcalibration while keeping the fit to measurements suffi-
ciently low. Consequently, a ϕ of 6.21 was considered a sufficiently 
high threshold to give PEST the “room to move” to span the parameter 
space. Moreover, these calibration statistics were judged satisfactory by



Fig. 7. Pilot point grid for a) Layer 1 and b) layer 3. The values represented are the median of the sampled distribution used during NSMC procedure.
public authorities for the modeling purposes; for this reason among the 
400 models, only those with a final ϕ lower than 6.21 were retained; con-
sequently, 11 models were discarded and the 389 models accepted have 
an ARM ranging between 0.36 and 0.47 m. Fig.8 shows the scatter-
diagram of initial and final objective function: constrained-parameter 
calibration with NSMC allows to reduce the initial objective function.

Fig. 9 shows the interpolation map of standard deviation of log (K) 
in pilot points. The values are in line with the range of reasonable 
values, as defined for every pilot point on the basis of geological 
knowledge and pumping test interpretation. In other words, the 
uncertainty in parameter values is adequately represented by the 

sampled values and areas

Fig. 8. Scatter diagram for the 400 k-fields. Only 11 simulations were excluded because ϕ
with a low variation (green zones in Fig. 9) mainly correspond to 
those pilot points having narrow boundaries based on available 
pumping test results.

The calibration dataset consists of head measurements monitored 
during the piezometric campaign in May 2014. A total of 63 head 
targets were placed in Layer 1 (50 points) and Layer 3 (13 points) 
(Fig.10) based on the well screen depths.

The 389 calibrated models were used to backtrack particles from the 
monitoring wells showing a median PCE value higher than 10 μg/l, that 
corresponds to 41 final locations (red and violet dots in Fig. 2). In most 
cases, PCE concentrations were collected from monitoring wells with an
is higher than 6.21 objective function (black line) of deterministic calibrated model.



Fig. 9.Map of standard deviation of Log (K) on a cell by cell basis; a value of 1 means a variation of an order of magnitude in K values.
identified well stratigraphic log reporting the screen depth. As particle 
back-tracking analysis is sensitive to the starting depths of the particles, 
the assignment of their starting locations was based on the actual screen 
position. For each well, a particle was added at the center of the 
screened depth for each layer crossed by the screen length (e.g. if the 
well screens cross all three layers, 3 particles were added, one in each 
layer). Considering the uncertainty associated with the hydraulic con-
ductivity value, the direction of the simulated pathlines differed for 
the same particle starting locations because of different K-fields gener-
ated with the NSMC procedure. By computing the number of particles 
crossing every model cell in all the 389 simulations, it is possible to 
obtain maps (Fig. 11 and Fig. 12) of occurrence frequency of the particle 
traveling in each aquifer layer (i.e. Layer 1 and Layer 3).

3. Results and discussion: particle back-tracking under NSMC 
procedure

For cells with a high frequency, the simulated particle tracking 
outlined the approximate area that contributed to a diffuse PCE contam-
ination exceeding the legal drinkable water limit. Multiple Point Sources 
of PCE might contribute to the observed contamination in wells if they 
are located anywhere along the particle pathlines. The representation in 
maps and the interpretation of results can be difficult in areas where the 
particle pathlines overlap. For this reason, in the present paper the 
resulting pathlines have been grouped based on the location of well 
screen (Aquifer A or Aquifer B). Fig. 11 displays, for each model
cell, the particle occurrence frequency for the particles starting in Aqui-
fer A (Layer 1). In this case, particles flow in Layer 1 only, because in the 
backtrack path they progressively move toward the water table. Orange 
and red colors identify zones (strips) having an occurrence frequency 
higher than 50% and consequently a higher probability to host MPS re-
sponsible of the medium-high diffuse contamination (i.e. N10 μg/l) de-
tected in the area of interest. For the sake of simplicity, in the following 
figures the areas where MPS are most likely positioned are indicated 
with numbers and letters (e.g. "1A" refers to area 1 in Aquifer A). The 
highest frequencies (N75%) are found in the central area of Sesto San 
Giovanni (2A) and near the border between the latter and Brugherio 
(3A).

In Fig. 12, the particle occurrence frequency for particles starting in 
layer 3 is represented; in this case some particles, mainly those placed 
North to the aquitard limit, move backward while decreasing the 
depth and partially flowing into Layer 1. Also, in this map, some areas 
having an occurrence frequency higher than 50% have been identified. 
It is interesting to note that wells pertaining to the public water supply 
of “Centrale Gorla” are hit by a diffuse contamination caused by MPS 
falling into the strip identified with the code 1B, which has a long 
N\\S extension but a small width (b500 m). Furthermore this strip 
overlaps with the strip (1A) identified in Layer 1, showing that the 
MPS responsible of the diffuse contamination can be the same for both 
aquifers. A similar situation occurs in the central sector of Sesto San 
Giovanni, where the monitoring wells in Layer 3 are subjected to a 
diffuse contamination coming from MPS likely positioned in a narrow



Fig. 10.Monitoring wells where heads weremeasured in May 2014. Points represent the heads representative of the Layer 1, whereas the squares ones are representative of the Layer 3.
strip (b250 m, 3B) that overlaps with the strip (2A). Differently the 
strip (2B) is not overlapping with any strip in Layer 1, although the 
small number of monitoring wells screened in this Layer affects the 
reliability of this result. Finally, the strip (4B) shows only cells having 
a frequency lower than 50%, indicating that MPS linked to (3A) likely 
influence groundwater quality in Layer 3 because the particles 
starting in Layer 3 (that in this part of the model represents the 
deepest part of the unseparated aquifer) flow back to the immediate 
upgradient portion in Layer 1.

In the present paper, the only parameter subjected to variation within 
the NSMC approach has been the distribution of hydraulic conductivity. 
Whereas other parameters could be taken into account, limiting the 
number of parameters enabled attention to focus on evaluating the 
potential of this method while keeping the procedure manageable.

For the Milano's FUA considered here, future applications of the 
method should take into account all the potential sources of 
uncertainty related to contaminant flow paths (e.g. BC, recharge, river 
water exchanges). As an illustrative example, the paths resulting from 
the application of different perimeter boundary heads (Haitjema, 
1995), which represent water level conditions observed in previous 
years (from 2008 to 2013), were calculated. Although, for the study 
area here considered, the spread of the different particle paths 
starting from the center of the model is limited, the example shows 
how, in the model domain, other sources of uncertainty can affect the 
flow paths, suggesting that in some cases, the high-probability areas 
may actually be wider than assessed by the above NSMC results.
The Fig. 13 shows that varying the BCs doesn't affect the results in 
the central part of the model, as particle backtracked paths still lie 
with-in the area identified by varying the conductivities. Differently in 
the Eastern and Western parts of the model (outside the area of 
interest and hence not represented in the maps), an influence on the 
flow path is more pronounced and it is linked to the variability of the 
main flow direction. Future exercises could assess the uncertainty 
related to more than one parameter, such as BCs (Fig. 13), recharge 
and conduc-tance of internal conditions as follows:

- BCs: it is suggested to consider BCs as part of the NSMC 
simulations, considering for example a distribution or a variance of 
flow directions based on a representative time span of piezometric 
surveys; by sampling different flow directions (i.e within a GIS 
platform), it could be possible to explore the variability of the path 
due to different BCs realizations.
- Recharge: many authors (Baalousha, 2016a, 

2016b) considered uncertainty analysis by sampling the 
distribution of a dataset of infiltration rates spanning many years.

- Internal boundary conditions: the variability of the conductance 
of river and channels could be sampled within the NSMC 
procedure (Juckem et al., 2014).

In addition, it must be noted that results obtainedwith the proposed
methodology can be influenced by the distribution of the monitoring
wells. This is mainly true when the clustered monitoring wells are



Fig. 11.Contributing areas (Layer 1-Aquifer A)definedby frequency occurrenceof particle backtracking for 389models. All areas are circumscribedby particle pathways outlining the areal
extent of the zone of contribution to diffuse contamination for a group of 16 groundwater sampling locations in northern Milan having a median concentration N 10 μg/l recognized by
Regione Lombardia as a diffuse contamination.
positioned along the average groundwater flow direction: in this case,
the number of particle passages is summed along that direction, such
as along strip 3A. On the other hand, clustered monitoring wells placed
orthogonal to groundwater flow direction don't influence the results
because particles for each K-field would move mainly parallel to each
other, thus not summing up, such as in strip 2B. Only a regular monitor-ing 
well grid (impossible to have in such a huge area as the study area) would 
prevent the influence of groundwater sampling deriving from clustered 
monitoring wells. The methodology proposed has the advantage that maps 
showed in Fig. 11 and Fig. 12 are reporting all the starting



Fig. 12. Contributing areas (Layer 3-Aquifer B) defined by frequency of particle backtracking for 389models. All areas are circumscribed by particle pathways outlining the areal extent of
the zone of contribution to diffuse contamination for a group of 25 groundwater sampling locations in northern Milan having a median concentration N 10 μg/l recognized by Regione
Lombardia as a diffuse contamination.
points of each particle, thus, they show all the necessary information to
interpret the results. Nevertheless, in order to reduce the effect of sam-
pling positions future research would need to evaluate the opportunity
to apply geometric methods (e.g, a buffer surrounding the points) or a
weight method (e.g. placing more particles at isolated wells).
4. Conclusions

The anthropogenic diffuse contamination in urban areas is a chal-
lenging problem that requires new tools able to support Public Author-
ities in planning their activities. This paper is presenting a new



Fig. 13. Contributing areas a) Layer 1-Aquifer A and b) Layer 3-Aquifer B defined by frequency occurrence of particle backtracking for 389 models and superposition of particle pathlines
backtracking (with continuous line) given boundary heads from 2008 to 2013 heads surveys.
approach, based on numerical modeling, devoted to identify areas 
with the highest likelihood to host potential Multiple Point Sources 
(MPS) responsible of a diffuse contamination.

The methodology has been applied in the N-E sector of the 
Milan Functional Urban Area, where a PCE diffuse contamination 
has been acknowledged by Regional Authorities. In order to 
address the uncertainty related to the sources contributing to PCE 
diffuse contamination, a 3D groundwater flow model was 
implemented. After-wards, a Null-Space Monte Carlo inverse 
modeling procedure was applied to generate 389 models, each 
characterized by a different distribution of hydraulic conductivity 
but all of them respecting the constraint of a good fit to 
calibration head measurements. Back-tracking, for each 
realization, the path of particles that start from contaminated 
monitoring wells and computing for each model cell the number 
of particle passages, it has been possible to produce maps 
representing the particle occurrence frequency. The value of these 
maps is to show the areal extent of the zones (strips) that most 
probably contain MPS responsible of the detected PCE diffuse 
contamination. Each cell contained in the strips should be 
considered as a potential area of PCE release, with a high 
probability (N75%) for the red cells and a low probability (b25%) 
for the green ones (see Fig. 11 and Fig. 12). The uncertainty 
predictive analysis will help Public Authorities to optimize public 
economic resources by planning investigations preferentially in 
those areas that are likely responsible for the diffuse contamination. 
Furthermore, the results of the stochastic methodology highlight 
areas where the FUA monitoring network should be improved to 
better survey the fate of diffuse contamination. Finally, the 
management of pumping for public use can also be improved if the 
upgradient presence of MPS clusters is accounted for.

For the present study, the methodology has been successfully 
applied to PCE contamination considering only the uncertainty linked 
to the distribution of hydraulic conductivity. Actually, there are no 
limitations to the application to any other chemicals whose presence 
in groundwater has been recognized as being linked to a diffuse con-
tamination. Future research developments should consider a higher 
number of parameters to increase the exploration of the uncertainty 

linked to the hydrogeological properties.
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