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The toxicity and long-term persistence of heavy metals pose a major threat across environmental compartments.
Heavy metal contamination of soils poses long-term risks to groundwater resources, particularly in urban en-
vironments where rainfall-driven infiltration under unsaturated conditions can promote contaminant migration
toward underlying aquifers. The aim of this study is to assess how uncertainty in soil hydraulic and sorption
properties affects predictions of heavy metals migration from urban soils to groundwater. To this aim, we cast
our work in a stochastic framework that integrates column scale drainage experiments and batch sorption tests to
estimate key parameters governing water flow and heavy metal sorption dynamic, along with their associated
uncertainty. Monte Carlo simulations are then performed to mimic the rainfall-induced drainage of heavy metals
from metal-enriched soils through sewage sludge application. We consider two representative urban soil types
and five heavy metals commonly detected in urban environments, i.e. lead (Pb), copper (Cu), chromium (Cr),
nickel (Ni) and zinc (Zn). Our results indicate that Cr is highly mobile, while Ni, Zn, Cu exhibit consistently low
mobility across both soils. Lead displays a strong soil-dependent behavior, transitioning from high to low
mobility depending on the substrate. Outputs of a rigorous global sensitivity analysis reveal that, for highly
mobile metals, flow and transport parameters have significant influence on metals migrations, reflecting the
strong interplay of unsaturated flow and reactive transport processes. On the other hand, for low mobile heavy
metals, parameters defining the initial contamination conditions and soil water content dominate the temporal
evolution of metals retention in the soil. These findings indicate that parameter uncertainty and flow-transport
processes in the vadose zone should be explicitly considered in groundwater contamination risk assessment
protocols for urban environments.

1. Introduction

Heavy metals are among the most hazardous soil contaminants due
to their toxicity and non-degradable nature that could potentially result
in long-term ecological damages. Once released and accumulated in
soils, they can disrupt ecosystem functioning by affecting soil microbial
communities, invertebrates (e.g., earthworms, nematodes, arthropods),
and plant species that are highly sensitive to metal toxicity. Heavy
metals interfere with the microbial activities, enzyme dynamics, and
nutrient cycling leading to a decline in soil fertility and resilience (e.g.,
Giller et al., 1998; Khan et al., 2010), loss of biomass, species richness,
and trophic complexity (e.g., Kandeler et al., 1999; Stefanowicz et al.,
2008).

The impact of heavy metals extends beyond the soil compartment.
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Under specific hydrological conditions, particularly during rainfall
infiltration events, these contaminants can migrate through the unsat-
urated zone and reach underlying aquifers. Such processes are of
particular concern in urban and peri-urban areas, where both anthro-
pogenic inputs and population exposure risks are elevated (Kumar et al.,
2024; Ariman and Balkaya, 2025; Pan et al., 2025). Urban soils are
widely recognized as hotspots of heavy metal contamination due to the
superposition of multiple anthropogenic sources, including historical
industrial activities, traffic emissions, combustion processes, atmo-
spheric deposition, and poorly managed waste (Li et al., 2001; Lu et al.,
2010; Adamiec et al., 2016; Wang et al., 2024). Urban green spaces, such
as parks, gardens and urban woodlands, are increasingly recognized for
their provision of key ecosystem services, by supporting biodiversity,
regulating microclimates, and facilitating rainwater infiltration.
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However, their ecological performance can be severely compromised by
heavy metal pollution. The mobility of these contaminants depends on
multiple factors, such as soil pH, redox potential, organic matter con-
tent, and texture, which complicates the prediction of their behavior in
the subsurface environment (e.g., Ma et al., 2026). Once reaching
groundwater, they may persist and accumulate (Alloway, 2013; Toth
et al., 2016) posing significant concerns for water quality. The presence
of heavy metals in shallow aquifers has been linked to adverse effects on
human health and ecosystem services, reinforcing the need for inte-
grated studies that consider both soil and water compartments (Tian
et al., 2023; Khan et al., 2025; Rostami et al., 2025; Manan et al., 2026;
Liu et al., 2026).

Awareness of the environmental and health threats posed by heavy
metal pollution has led the European Union (EU) to develop regulatory
frameworks aimed at soil and water protection. Several existing policies,
such as the Water Framework Directive (2000/60/EC), the Industrial
Emissions Directive (2010/75/EU), and the Thematic Strategy for Soil
Protection (COM(2006) 231, COM(2021) 699), include measures to
control and limit metal emissions. The recent EU Soil Strategy for 2030
explicitly identifies the remediation of contaminated soils as a key pri-
ority, especially in urban areas. It emphasizes the importance of pro-
tecting soils as a non-renewable resource, recognizing their role in
supporting biodiversity, food security, and climate mitigation.

The fate of heavy metals in the subsurface can be predicted using the
laws of mass and momentum conservation. Solving these equations re-
quires to specify a set of hydraulic and transport parameters, imbuing
the characteristic of the soil and its interactions with water and heavy
metals (e.g., Selim et al., 2023; Xu et al., 2024) and to hydraulic con-
ductivity (e.g. Pan et al., 2009; He et al., 2023). These parameters are
typically inferred by means of laboratory or field experiments. However,
their estimation is ubiquitously affected by uncertainty (e.g., Kahl et al.,
2015; Younes et al., 2017; Ma et al., 2026; Kahl et al., 2015). Quanti-
fying the impact of parameters uncertainty on quantities of interest is a
critical issue in risk assessment frameworks (e.g., Dye et al., 2009; Deng
et al., 2009; Jiang et al., 2023; Shao et al., 2023). For example, Ye et al.
(2007) showed that in a reactive transport scenario involving radionu-
clide adsorption in an unsaturated aquifer, inclusion of uncertainty in
adsorption parameters substantially increases the uncertainty in radio-
nuclide fate prediction. The authors also reported a strong correlation
between percolating water fluxes and radionuclide concentrations,
suggesting that knowledge of the former could help reduce uncertainty
in the latter. Van der Grift and Griffioen (2008) identified the soil
sediment composition (i.e., organic matter, clay minerals and iron ox-
ides) as the dominant factors controlling heavy metal fate in a regional-
scale aquifer. Bonten et al. (2012) highlighted the importance of
including transient effects associated with water infiltration and heavy
metal transport to accurately predict metal fate at the catchment scale.

Beyond uncertainty quantification, identifying the dominant pro-
cesses and parameters controlling heavy metal transport is critical for
improving model interpretability and guiding data acquisition efforts.
Global Sensitivity Analysis (GSA) provides a rigorous framework for this
purpose. Among the available GSA strategies, the moment-based AMA
indices introduced by Dell'Oca et al. (2017) quantify the contribution of
the uncertainty in model parameters to the statistical moments of target
model outputs and have been successfully applied in a range of hydro-
logical and environmental studies (e.g., Bianchi Janetti et al., 2019;
Dell'Oca, 2023; Ceresa et al., 2023; Dell'Oca et al., 2023; Sandoval et al.,
2024).

In this work, we present, to the best of our knowledge, the first
comprehensive framework that integrates laboratory-scale experiments
with stochastic modeling, uncertainty propagation, and global sensi-
tivity analysis to investigate heavy metal transport processes in unsat-
urated urban soils. The overall workflow and interconnections among its
components are summarized in Fig. 1. Our goal is to assess the impact of
multiple sources of uncertainty in the percolation of heavy metals from
contaminated urban soils to the underlying aquifers. The specific
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Fig. 1. Workflow and interconnections among its components.
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objectives of this study are to: (i) estimate key hydraulic and sorption
parameters within a stochastic calibration framework; (ii) quantify how
residual (i.e. after calibration) parameter uncertainty propagates to
predictions of water flow and heavy metal retention or percolation; and
(iii) identify the dominant factors controlling heavy metal mobility
under unsaturated conditions. By explicitly linking experimental ob-
servations with probabilistic modeling and GSA, this study provides
process-based insights into heavy metal migration in the vadose zone
and its implications for groundwater contamination risk.

The manuscript is organized as follows. In Section 2, we describe the
experiments setup. Section 3 presents the theoretical modeling frame-
work and the stochastic calibration approach. Section 4 discusses the
main results, and concluding remarks are provided in Section 5.

2. Experimental set-up

The experiments were conducted on two soil horizons collected from
a peri-urban park located in northern Milano (Parco della Balossa, Italy).
The study area is part of Parco Nord Milano (in the Po Plain), an urban
park of high environmental and naturalistic value located within one of
the most densely urbanized regions in Europe. The park has developed
in a setting historically characterized by intense industrial activity (now
largely dismissed), along with agricultural use and subsequent resi-
dential development. Thanks to its strategic location, Parco Nord Milano
has been the subject of large-scale reforestation and green infrastructure
development since the late 1980s, explicitly aimed at enhancing soil
permeability, increasing infiltration capacity, and mitigating urban
flooding. While these measures provide important hydrological and
ecological benefits, they also enhance groundwater recharge pathways,
potentially increasing the vulnerability of the underlying aquifer to
contaminant leaching. As discussed in the introduction, we focus on five
heavy metals (Ni, Cu, Pb, Zn, Cr) commonly detected in urban soils,
particularly in areas that have undergone a transition from agricultural
and industrial to urban setting, such as the site considered in this study.
These metals are regulated under EU Directive 86/278/EEC on sewage
sludge application, and their selection enables comparison across a
range of mobility behaviors. Their occurrence in soils is linked to both
historical agricultural activities, such as the use of fertilizers, pesticides
and organic amendments (e.g., Adriano, 2001; Nicholson et al., 2003),
and current urban sources, including traffic emissions, construction
materials and atmospheric deposition (Manta et al., 2002; Ferreira et al.,
2016). Although trivalent chromium, Cr(III), is the dominant form in
most soils, including urban and sludge-amended systems, its strong af-
finity for mineral surfaces and its tendency to precipitate as hydroxides
make it essentially immobile under typical environmental conditions
(pH 5-8). Hexavalent chromium, Cr(VI), though generally found at
lower concentrations, is the most mobile and bioavailable species
because its anionic forms (Cr042_, HCrO. ) exhibit little sorption to
negatively charged soil particles (Bartlett and James, 1979; Fendorf,
1995). Because risk assessment requires evaluation of worst-case
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scenarios, and since localized oxidizing conditions (e.g. periodic dry-
ing-wetting cycles, presence of Mn oxides) can promote the oxidation of
Cr(II) to Cr(VI) in soils (Bartlett and James, 1979), we focused on
chromium transport in its hexavalent form. This provides a conservative
estimate of Cr mobility, representing upper-bound transport scenarios
relevant to risk assessment in contaminated urban soils.

Undisturbed soil samples were collected from a soil profile (see Ap-
pendix A, Table A1) employing PVC and iron cylindrical pipes. Ac-
cording to the World reference base for soil Resources (IUSS Working
Group WRB, 2022), the soil is classified as Mollic Cambic Umbrisols
(Loamic, Aric, Eutric, Humic). The presence of a mollic horizon, rich in
organic matter, and a cambic horizon with incipient clay illuviation
indicate a transition from fertile cultivated soils to more mature profiles,
typical of plains surrounding metropolitan areas. The first two horizons
selected for laboratory tests (topsoil and subsoil) differ primarily in
organic carbon and clay content. We performed two types of laboratory
experiments, as detailed in the following subsections: (i) percolation
tests on undisturbed soil columns under unsaturated conditions, to
determine soil hydraulic properties; and (ii) batch adsorption experi-
ments to assess soil-water partitioning of heavy metals.

2.1. Hydraulic tests

The experimental setup consists of a cylindrical soil column with a
diameter, D, of 0.14 m. The core height, L, is 0.25 m for the topsoil
sample and 0.2 m for the subsoil sample. A layer of clay pebbles 5 cm
thick is placed at the bottom of each column, sustained by a fiberglass
grid with 1 mm openings, to support the soil column while minimizing
interference with infiltration dynamics. Prior to testing, each soil col-
umn was saturated and then allowed to drain under gravity for about
two days to reach field capacity. Then, a constant water head of 10 mm
was applied at the column inlet using a 2-1 bottle held with a clamp by a
steel burette holder. The inflow Darcy flux, ¢i,(t), was determined by
recording the volume of water spilled from the bottle over time, t, with
evaporation prevented by sealing the column top with a plastic film. The
resulting average inflow flux is approximately 4 mmh ™!, comparable to
the mean rainfall intensity in the study area. The temporal evolution of

the cumulative percolated water volume, W(t), was monitored at the
column outlet using a funnel positioned below the soil core.

2.2. Batch adsorption experiments

We conducted batch experiments to characterize the soil-water
partitioning behavior of five selected heavy metals (Cr, Cu, Ni, Pb,
Zn). For each combination of heavy metal and soil horizon, the sorption
test was performed according to the following procedure. A water so-
lution with a prescribed initial heavy metal concentration, Cy, was
mixed with a soil sample at a soil to solution volume ratio of 1:2. Heavy
metals were introduced in the following forms: Cr as potassium di-
chromate (K=Cr20+) providing Cr(VI), Cu as copper chloride (CuClz), Ni
as nickel chloride hexahydrate (NiCl.-6H20), Pb as lead acetate trihy-
drate (Pb(CHsCOO)2-3H20), and Zn as zinc acetate dihydrate
(Zn(CH3COO0)2-2H20). Note that, the use of readily soluble metal salts
enhances their adsorption onto the soil matrix with respect to their
counterpart forms present in sewage sludge, where metals present in
sewage sludge are commonly complexed with organic matter, sulfides,
or other ligands that limit their bioavailability. The resulting suspension
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was shaken for 24 h at 50 rpm to promote metal partitioning and then
centrifuged for 15 min at 8000 rpm to segregate the liquid and solid
phases. Finally, the equilibrium concentration of dissolved heavy metal
in the water phase, C, was measured using an atomic absorption spec-
trometer, AAS (PinAAcle 500 Flame AAS, PerkinElmer) and the equi-

librium concentration of heavy metal adsorbed onto the soil matrix, S,
was evaluated via mass balance. This procedure yields equilibrium pairs
of C and S for each heavy metal corresponding to initial concentration
Cp. The procedure was repeated for nine initial concentrations, i.e.: Cp =
[0.5; 1.0; 2.0; 4.0; 8.0; 16.0; 32.0; 64.0; 128.0] ppm, enabling the esti-
mation of adsorption isotherm parameters as described in Section 3.

3. Theoretical framework and methodological approach
3.1. Modeling approach for flow and reactive transport

We model each soil column as a one-dimensional homogeneous
domain, where water flow occurs along the vertical, z, axis defined
positive downward. Under unsaturated conditions, water movement is
described at the continuum scale by the Richards' and Darcy’ equations

O0(h)\ oh oq
(C(h) +8s 0. )EZE

q=K(h) (%— 1)

where h [L] is pressure head, defined as h = p/(p g), p [IML™! T~2] being
water pressure; g [LT_2] gravitational acceleration and p [ML_B] water
density; q [LT 1] is the Darcy velocity along z; t [T] is time; 6(h) [—] is
the water content; c(h) = dé(h)/dh [L’l] is the specific moisture ca-
pacity; K(h) [LT'] is the unsaturated hydraulic conductivity; and S;
[L~1]is the specific storage, i.e., Sy = pgp0s, being 0, [—] saturated water
content (i.e., porosity), and g [M~'LT?] water compressibility.

The nonlinear system (1) requires constitutive relationships defining
the dependence of 6(h) and K(h) on the pressure head. Here, we employ
the widely used Mualem-Van Genuchten model, i.e.

@

Se(h):e(h)fe,: {(1+|ah") h<0

05 — 0, 1 h>0 )

K(So) =K1 (1~ s;/M)’"]2

where S.(h) [—] denotes the effective saturation; 0, [—] is the residual
water content; and K, [LT '] is the saturated hydraulic conductivity.
Parameters @ > 0 [L 1] and n > 1[—] are scale and shape parameters,
respectively, embedding water-soil interactions at pore scale and m =
1-1/n. Specifically, « is inversely proportional to the air-entry pressure
head and controls the scale of the soil water retention curve, e.g., high
values of a (typical of coarse-textured soils) indicate that water drains at
relatively lower pressure heads. Parameter n, associated to the soil pore-
size distribution, controls the steepness of the water retention curve, e.
g., higher n values (typical of uniform pore-size distribution) result in
steeper drop in water content as pressure head decreases.

Solute transport is governed by the advection-dispersion-sorption
equation, i.e.
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(%(GC +ppS) + ()(;J_ZC - % <0D —) = 3)
where C [ML~?] is the dissolved solute concentration, S [MM;SI] is
the adsorbed solute concentration (i.e., mass of solute adsorbed per unit
mass of solid phase, Mg); pp [Ms;s L73] is the soil bulk density. The
dispersion coefficient, D = oV + Dy, [L2T 1], accounts for both molec-
ular diffusion, Dy, [LZT’I], and mechanical dispersion, o; [L] being the
longitudinal dispersivity and V = q/6 the seepage velocity.

In our work, solute concentrations in the liquid and solid phases are
linked by an instantaneous adsorption/desorption equilibrium,
implying that the characteristic time scale for adsorption/desorption is
negligible compared to that of advection-dispersion processes. Based on
experimental evidence (see Section 4.2), we employ the Freundlich
isotherm, i.e.,

S=Kc" [€))

where Kf [M'™ L 3" M1 is a measure of sorption capacity, and n’
[—] reflects sorption intensity, i.e., nf=1 corresponds to linear sorption,
while nf < 1 (>1) indicated that sorption is favored at low (high) values
of C.

Egs. (1)-(4) are solved subject to the following initial conditions:

0(2,t = 0) = 0, = 0, +iy(6; — 6,) With 0 < iy < 1 5)

S(z,t = 0) = S = K'C™ (6)

i.e., the initial water content is expressed as a fraction of the total
possible range of water content. The effect of inherent uncertainty in iy
and Sy on model predictions are assessed in Section 4.

Boundary conditions are set to reflect the experimental setup: (i) at
the inlet, a prescribed Darcy flow is imposed, q(z = 0,t) = Gin(t), and
the dissolved solute concentration is set to C(z = 0, t) = 0; (ii) at the
outlet, a free drainage condition is applied, i.e., g(z = L, t) = K(h), and
0C(z =1L, t)/ 0z =0.

We solve the flow problem (1)-(2) using the open source numerical
code openRE (Ireson et al., 2023), which implements Eq. (1) according
to the method of lines coupled with an ordinary differential equation
solver. Solute transport is simulated with an in-house solver employing a
finite difference spatial discretization and a backward Euler time
method to model advection and dispersion. At each time step, dissolved
and adsorbed solute concentrations are equilibrated according to (4).

3.2. Stochastic calibration strategy

Due to our incomplete knowledge of the hydraulic and transport
properties of the soil samples, we treat parameters and initial conditions
of Eq.s (1)-(2), i.e. xp = [6r,65,1p, @, n,K;], Eq. (3), i.e. x; = [So, o], and
Eq. (4), i.e. x, = [n",KF], as uniformly distributed and uncorrelated
random variables.

Intervals of variation for xy are depicted as grey shaded areas in
Fig. 2b (topsoil) and Fig. 3b (subsoil). These ranges are defined based on
literature values to capture the broad variability observed across sandy
soil types (e.g., Younes et al., 2017; Babaeian and Tuller, 2023). Pa-
rameters embedded in x, are allowed to vary over several orders of
magnitudes, reflecting their wide variability reported in experimental
studies (e.g., Bianchi Janetti et al., 2012). Specifically, we allow n’ to
vary between 10~2 and 10, and K* between 10~2 and 10°. Considering
x;, we account for the scale-dependent nature of a; by modeling it as a
fraction of the column height, i.e., ¢; € [1/10 — 1/20]L (Neuman et al.,
2008). The parameter ranges adopted for Sy are reported in the Table 1.
For each heavy metal the minimum value of Sy, S‘aﬂ", reflects the natural
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background contamination while the maximum value of Sy, S§*®*, cor-
responds to the cumulative load resulting from five years of sewage
sludge application for agricultural use. This estimate is based on (i) the
Regional Council guidelines (Lombardy Region, 2019), which set a
maximum annual application rate of 5 t ha™! for soils with Cation Ex-
change Capacity, CEC > 15 cmol(; kg ~! and pH between 6.0 and 7.5
(conditions that are met for the soils considered in this study), and (ii)
the European legislation (Council of the European Communities, 1986,
2006; Italian Parliament, 1992) that prescribes the maximum heavy
metal concentrations in sewage sludge as: Cr 200 ppm; Cu 1000 ppm; Ni
300 ppm; Pb 750 ppm; and Zn 2500 ppm. We note that, although the
scenario considered here spans conditions from natural background
levels to cumulative loads resulting from five years of sewage sludge
application, the actual history of metal input to soils may be more var-
iable, for example due to the superposition of multiple metal sources.
Finally, since sewage sludge spreading is restricted to the surface, un-
certainty in Sy is considered only for the topsoil, while a deterministic
value corresponding to the natural background (i.e., SJi") is assigned to
the subsoil.

Stochastic calibration of x; is carried out based on the column flow
experiments as follows. For each soil type, we generate NMC Monte
Carlo realizations of x;. Then, for each realization we solve (1)-(2) and
evaluate the cumulated water outflow at the j-th observation time,
W;(x7). The flow objective function is then evaluated as.

1 &

W, — W (xy)
J=_ i f ‘ ()
Nt].

v;

=1

where /Wj denotes the experimental cumulated water outflow at time
ti and N is the total number of available observations. We then retain
only those parameters vectors x; for which J/ < 5% and use the accepted
realizations to derive the posterior joint probability density function
(pdf) of x;. It is worth noting that the accepted realizations also capture
any correlations among the model parameters, as further discussed in
Section 4.

A similar procedure is employed for the stochastic calibration of x,,
basis on the batch sorption experiments. First, for each soil-metal
combination, we generate NMC Monte Carlo samples of x,. Then we
solve (4) to compute the adsorbed concentration, S;(x,), corresponding
to the i-th experimental dissolved solute concentration, Ci. The sorption
objective function is defined as.

C))

where S; is the experimental adsorbed concentration corresponding

to the dissolved concentration 61-, and N is the total number of exper-
imental batch data points. We retain only those parameters vectors x,
resulting in J* < 15% for Cr, Cu and Pb and for J* < 30% for Ni and Zn.
For the latter heavy metals, the acceptance threshold reflects the fact
that the Frendulich isotherm (as well as other classical formulations,
details not shown) provides a less accurate representation of the
experimental data as detailed in Section 4. The accepted x, samples are
then used to construct the posterior joint pdf for x, for each soil-metal
combination. Stable posterior pdfs of x; and x, are obtained by retain-
ing approximately 10* samples, out of a total of NMC = 10” Monte Carlo
realizations. Regarding x,, we restrict our analysis to quantify the impact
of its uncertainty on the model output, as no experimental data are
available to enable a stochastic calibration of x;.
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3.3. Uncertainty quantification and global sensitivity analysis

After calibration, the residual parameter uncertainty (i.e., the un-
certainty remaining after calibration and captured by the posterior joint
pdf of model parameters) is projected to quantify the uncertainty in the
prediction of a target model output, y. Two target outputs are consid-
ered: (i) the time evolution of the cumulated water outflow, W(t) and (ii)
the time evolution of the total mass of heavy metal that remain adsorbed
onto the soil matrix, My(t). The latter choice is consistent with the
selected transport scenario (i.e. initially contaminated soil column
flushed by rain water) and reflects a focus on the progressive removal of
heavy metals from the soil matrix. Nonetheless, the proposed framework
is flexible and can be extended to other environmental targets. The
uncertainty in the prediction of W(t) and M,(t) is assessed in a Monte
Carlo framework by sampling the posterior pdfs of x; and x, and the
prior pdf of x; and by solving Egs. (1)-(6) for each sampled parameter
set.

Finally, we perform a global sensitivity analysis, GSA, by relying on
the AMA indices (Dell'Oca et al., 2017). In particular, we focus on the
AMA index associated with the expected value of a target quantity of
interest, y,

_ By [[EY] — Ex [yl] ]
E[y]

where E,.[] denotes the expected value with respect to parameter x;
while E_,,[] represents the expected value with respect to all model

AMAE,,

9
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Table 1
Values of SPi* and SP'** for each heavy metal.
sanin SBnax
[mg kg ] [mg kg™']
Cr 82.7 84.2
Ni 51.6 53.9
Zn 33.6 52.6
Cu 11.0 18.6
Pb 19.9 25.6

parameters but x;. AMAE,, quantifies the impact of the uncertainty in x;
on the variability of the expected value of y, thus capturing the pa-
rameter's influence on the expected model response.

4. Results and discussion
4.1. Soils hydraulic response

Fig. 2(a) shows the time evolution of observed cumulative water

outflow, W(t), for the topsoil. These data are used to perform the sto-
chastic calibration of the flow model parameters x; = [0y, 65,1y, a,n, K.
The corresponding posterior pdfs of these parameters are displayed in
Fig. 2(b), together which the Pearson correlation coefficients, p, where
non-negligible (i.e. |p| > 0.1). Analogous results for the subsoil are
presented in Figs. 3(a) and 3(b). Table 2 also lists the posterior median
and coefficient of variation, CV, for each flow parameter.

(@ ® ©0
L 4 [ s v
: 0.25
061 __ £ = 2 6,
0 0
W] 0.1 0.15 02 025 03 035 04 0.2
6,[-1 6.[-1 i
04r 0.5 Py =—0.26 0.4 §0.15
3 Par, =021 | 5, ~
(¥ (=¥
0 4 3 4 =
02 1 2 3, 4 5 2 3 5
e a[m™] nl-1 P
15 P, =—0.36 Py, =—0.18
5 ] =0.19
4 g1 B2 Pis, 0
0 10
t[h] 2 4 6 8 10¢10° 05 06 07 08 09 t[h]
K, [m/s] is[-]

Fig. 2. Topsoil: (a) temporal evolution of experimental cumulated water outflow, w (blue dots), mean model prediction, E[W]| (black curve), and associated un-
certainty interval (grey shaded area); (b) prior (grey shaded area) and posterior (solid curves) pdf of soil hydraulic parameters, together with the corresponding
correlation coefficients (when non negligible); (c) temporal evolution of the moment-based global sensitivity index AMAE,,.

(a) )
2.5 10
—~ Yt
- W B /\
2t — Ew] 0
01 015 02 5
i B
15 s Pon =—0.37
“-g ok, = 0-
1 0
2 3«
0 a[m™]
0.5 (‘_‘1'5 Pr,
=
a
0 05
0 10 1h] 20 30 2 Ki[m/ss] 10

1h]

Fig. 3. Subsoil: (a) temporal evolution of experimental cumulated water outflow, W (blue dots), mean model prediction, E[W] (black curve), and associated un-
certainty interval (grey shaded area); (b) prior (grey shaded area) and posterior (solid curves) pdf of soil hydraulic parameters, together with the corresponding
correlation coefficients (when non negligible); (c) temporal evolution of the moment-based global sensitivity index AMAE,, . (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Table 2
Posterior median and coefficient of variation (CV) of flow model parameters.
Topsoil Subsoil
Median cv Median cv
0r [-] 0.20 0.22 0.14 0.21
05 [-1 0.30 0.13 0.31 0.13
ip [—] 0.78 0.13 0.77 0.14
a[m™] 2.45 0.29 1.98 0.46
n[-1] 2.80 0.29 2.57 0.38
K [ms™] 3.8 x107° 0.64 3.6 x 107° 0.67

The topsoil consists predominantly of sand (see Table Al), the me-
dian values of @, n and K; suggests a well-sorted sandy soil that releases
water sharply once the drainage threshold is reached. The relatively
high values of a and n suggest a relatively uniform pore structure, with a
prevalence of fine sand, reflected also in the relatively low K; value. The
subsoil exhibits a lower o value, indicating a higher water retention
capacity and a slightly lower n, suggesting a broader pore-size distri-
bution and more gradual water release compared to the topsoil. These
characteristics are consistent with a sandy loam soil, as also confirmed
by the properties reported in Table Al.

Inspection of Figs. 2(b) and 3(b) reveals that, although the prior pdfs
of each parameter are uniform, each marginal posterior pdf exhibits a
clear peak. At the same time, we note long tails in the parameters pdf
and non-negligible CV values reflecting the uncertainty in the estimated
parameters, in particular for K; in both soils and (to a lesser extent) « and
n in the subsoil. This uncertainty is then propagated to estimate the pdf
of W. Figs. 2(a) and 3(a) include the temporal evolution of the posterior
mean of W, E[W] (continuous black curve), along with its uncertainty
interval (grey shaded area) bounded by 2" and 98™ percentiles, for the
topsoil and subsoil, respectively. In both cases, E[W] closely matches the
experimental data, with relatively narrow uncertainty intervals, indi-
cating a satisfactory model performance and reliable predictions of W.

The analysis of the Pearson correlation coefficients reveals consistent
patterns across both soils (i) iy is negatively correlated with K; and (ii) @
is positively correlated with K; and negatively correlated with n. These
patterns stem from the model formulation and the nature of the data
available for calibration. The negative correlation between K, and iy
arises because both parameters control W, as iy increases, K (governing
the velocity of the wetting front) tends to decrease (and vice versa) to
ensure that the simulated W remains consistent with the experimental
observations. The positive correlation between a and K; reflects their
combined influence in Eq. (2). As a increases the effective saturation, S,,
decreases (for a given pressure head), which during the calibration tends
to be compensated by higher values of K; to reproduce the water
outflow. The negative correlation between a and n is also linked to Eq.
(2). As a increases n tends to decrease to produce steeper water retention
curves, enhancing drainage as detected during the experiments.

In the topsoil, 6, and 6; are negatively correlated, consistent with
their joint control on S, in Eq. (2). Moreover, 6, and 0; are negatively and
positively correlated with iy, respectively. This behavior reflects the
interplay of these parameters in determining the initial water content in
the column, as described by Eq. (5). On the other hand, in the subsoil no
strong correlations are observed between 6, and 6;, not between either of
these parameters and iy. Instead: (i) iy is positively correlated with , as a
increases the average retention capacity of soil increases, thus requiring
higher i, values to achieve the observed W quantities (and vice-versa);
(ii) iy is negatively correlated with n, larger n values result in sharper
water release (i.e., flatter water retention curves), thus requiring smaller
iy values to achieve a good fit with the experimental W data. The shift
between non-negligible correlation between i, and 6;, 6, for the topsoil
to non-negligible correlations between iy, @ and n for the subsoil suggests
a change in the dominant factors controlling the cumulative water
outflow. In the subsoil, W is strongly governed by the infiltration dy-
namics, while in the topsoil, it is mainly controlled by the initial

Journal of Contaminant Hydrology 277 (2026) 104855

saturation.

In other to further analyzed this aspect, Figs. 2(c) and 3(c) depict the
sensitivity index AMAE,, in the topsoil and subsoil, respectively. In both
soils, we observe a fast decline in AMAE,, with respect to all parameters
as saturation condition approaches, i.e. (approximately) t; ~ 1 h for the
topsoil and t; = 1.5 h for the subsoil. In the topsoil, for times smaller than
t;, E[W] is sensitive to all flow parameters, with the greatest influence
from 6, and 6; followed by iy. These results highlight the dominant role
of the parameters controlling the initial water content on E[W]. On the
other hand, in the subsoil we note a comparable degree of sensitivity of E
[W] with respect to 6;, 05, a and n, indicating that infiltration dynamics
exert a dominant role in controlling the mean cumulative water outflow.
For both soils, a slower decline in AMAE,, is observed as the column
approaches fully saturated conditions (and E[W] becomes insensitive to
all parameters, i.e. AMAE,, ~ 0). The time required to reach this con-
dition is longer in the subsoil, due to its lower a and n values, resulting in
a slower and more gradual water release compared to the topsoil.

4.2. Heavy metals transport

Figs. 4 and 6 show the concentration of heavy metals adsorbed

during the batch experiments, S, in the topsoil and subsoil, respectively.
These data are used to perform the stochastic calibration of the
adsorption model parameters x, = [n", K*]. The resulting posterior pdfs
of these parameters are included in the pictures. The Pearson correlation
coefficients is negligible in all analyzed cases. Table 3 also lists the
posterior median and CV values for each parameter. The posterior pdfs
of K and n generally exhibit a clear peak, with only a few exceptions (i.
e., K* of Cu and Cr for the topsoil and of Pb in the subsoil), with generally
no or only moderate heavy tails. This, together with the relatively low
CV values listed in Table 3, indicates that the uncertainty associated
with these parameters after calibration is generally limited. This un-
certainty is then propagated to evaluate the posterior mean of S, E[S],
(see black solid curves in Figs. 4 and 6) and its associated uncertainty
interval (shaded grey area) bounded by 2nd and 98th percentiles. In-
spection of Figs. 4 and 6 reveals an overall satisfactory agreement be-

tween S and E[S] for Cr, Pb, Cu. Larger discrepancies are noted for Ni and
Zn, whose sorption behavior is not fully captured by the Freundlich
isotherm as well as by other classical models (details not shown). Un-
certainty bounds are also wider for Ni and Zn than for to the other
metals, a result that is linked to the higher acceptance threshold adopted
during the calibration of the Freundlich isotherm for these two metals
(see Section 3.2).

Overall, our results indicate that in both soils: (i) Cr displays the
highest mobility, consistent with its anionic, soluble, and strongly
oxidizing nature, particularly under the unsaturated conditions of the
experiment; (i) Ni and Zn show intermediate and comparable behavior
consistent with their weak complexation with organic matter, while (iii)
Cu appears as the least mobile metal, reflecting its strong affinity for
organic matter and mineral surfaces, which limits transport in both soils.
Otherwise, Pb shows low mobility in the subsoil and intermediate
mobility in the topsoil. The contrasting Pb sorption behavior between
soil horizons, where Pb shows lower sorption capacity in the more
organic-rich topsoil than in the subsoil, deviates from theoretical ex-
pectations but aligns with patterns observed in urban soils. This
apparent anomaly may stem from: (i) partial occupation of high-affinity
binding sites by background metals typical of urban environments,
which reduces the available sorption capacity (Violante et al., 2010); (ii)
competition for organic binding sites (McBride et al., 1997); and (iii)
formation of soluble Pb-organic complexes that enhance mobility rather
than retention at higher organic matter concentrations (Sauvé et al.,
1998). While these mechanisms are plausible and supported by previous
studies, they were not directly tested in our sorption experiments.

We conclude our analysis by computing how the residual (i.e., post
calibration) uncertainty in flow and transport parameters propagate to
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Table 3
Posterior median and coefficient of variation (CV) of the adsorption model parameters.
Topsoil Subsoil
K [mg! ~ "I'kg" | nf[-] K[mg! ~ "Ikg ! nf[-]
Median cv Median cv Median cv Median cv
Cr 3.3 0.13 0.86 0.08 3.3 0.12 0.82 0.10
Ni 63.8 0.33 1.31 0.11 17.6 0.08 1.29 0.04
Zn 34.3 0.27 1.37 0.10 53.2 0.32 1.36 0.11
Cu 6.5 x 10° 0.32 3.44 0.07 3.4 x 10° 0.53 2.34 0.13
Pb 4.5 0.18 2.97 0.06 4.3 x 10* 0.40 3.39 0.06
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Fig. 4. Topsoil: experimental adsorbed solute concentrations, S (blue dots), versus the corresponding dissolved concentrations for (a) Cr, (b) Ni, (¢) Zn, (d) Cu and (e)
Pb. The predicted expected value of S, E[S] (black curve), and its associated uncertainty interval (shaded grey area) are also shown. Each panel also displays the

adopted range of initial sorbed concentrations (shaded pink area, see Table 1) and the calibrated pdf of the adsorption isotherm parameters K* [mg1 - l”pkg’l] and

n [—1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Topsoil: temporal evolution of the mean model prediction (black curve) and associated uncertainty interval (grey shaded area) of the mass of heavy metal
adsorbed in the soil column, M;, together with the corresponding global sensitivity index AMAE,, for each model parameter. Results are shown for (a, f) Cr, (b, g) Ni,

(¢, h) Zn, (d, i) Cu and (e, 1) Pb.



A. Dell'Oca et al.

estimates of the mass of heavy metals remaining adsorbed onto the soil
matrix, i.e., M;, a quantity of particular interest for risk assessment
procedures. Figs. 5 and 7 show the predicted mean of M, E[M;] (black
solid curve) along with its uncertainty intervals (dashed grey area) for
the topsoil and subsoil, respectively. As expected, for the less mobile
metals (Ni, Zn, Cu, Pb) there is not a strong decrease in either the mean
and the uncertainty prediction intervals of M; over the investigated
period. In contrast, for the most mobile metal (Cr), a clear decrease of
E[M] over time is observed. However, this is also associated with larger,
and time-evolving, uncertainty bounds.

Figs. 5 and 7 also include the sensitivity indices AMAE,, for all pa-
rameters. The overall inspection of Figs. 5 and 7 reveals two distinct
sensitivity patterns, depending on the mobility of the heavy metal. In
case of low (Cu) and intermediate mobile (Ni, Zn) metals the highest
sensitivity are associated with 6; and, in the topsoil also with Sy. This
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indicates that, for these metals, the key controlling factors of E[M;] are
the maximum water content available for dilution (linked to ;) and, in
the topsoil, also the initial amount of metal adsorbed on the soil matrix.
For Ni and Zn, an increase in sensitivity to the parameters associated
with the adsorption process, K* and n ¥ is observed over time, reflecting
the onset of desorption processes as these intermediate mobile metals
become mobilized. This behavior is not displayed by Cu (the least mo-
bile metal) within the seven-days time scale here considered. For the
highly mobile metal Cr, all AMAE,, values are non-negligible and tend to
increase over time, indicating that Cr release is strongly impacted by the
strength and characteristic of the flow, transport and sorption processes.
At early times, sensitivity to 65 is dominant followed, for the topsoil, by
sensitivity to Sp. This suggests that, during the initial phase, E[M] is
primarily controlled by the maximum water content available for dilu-
tion (linked to 6;) and, in the topsoil, also by the initial amount of Cr
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Fig. 6. Subsoil: experimental adsorbed solute concentrations, S (blue dots), versus the corresponding dissolved concentrations for (a) Cr, (b) Ni, (c) Zn, (d) Cu and (e)
Pb. The predicted expected value of S, E[S] (black curve), and its associated uncertainty interval (shaded grey area) are also shown. Each panel also displays the

adopted range of initial sorbed concentrations (shaded pink area, see Table 1) and the calibrated pdf of the adsorption isotherm parameters K [mg1 - "kg7!| and

nf [-]. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

(a) 1B © () (e)
e ———— e —
Fie? 107 10° 10° 10%
M, 0 = M M, M,
10]‘Cr . Ni I il Zn N i Cu o ol Pb n—s
0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6
N ©) (h) (i) U]
0.1 10.06¢ 10.06 0.06 0.06
£570.08 ‘
G5 0.04 0.04 0.04 10.04
<0 ‘
004 0.02 0.02 0.02 0.02-
0.02f— ‘
—————————| —_— o
0° 0 0 0" 0
2 4 6 0 2 4 6 0 2 4 2 4 6 0 2 4
t[day] t[day] t[day] t[day] t[day]
—_— ¢ —n=—FK  =—K'—n" —aqa

Fig. 7. Subsoil: temporal evolution of the mean model prediction (black curve) and associated uncertainty interval (grey shaded area) of the mass of heavy metal
adsorbed in the soil column, M;, together with the corresponding global sensitivity index AMAE,, for each model parameter. Results are shown for (a, ) Cr, (b, g) Ni,

(¢, h) Zn, (d, i) Cu and (e, 1) Pb.
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Fig. 8. Time averaged global sensitivity index, AMAE,,, for the mass of heavy metal adsorbed in the soil column, M;, considering (a) the topsoil and (b) the subsoil.

sorbed onto the soil matrix. Over time, the influence of all other pa-
rameters increases, with the adsorption parameter K* becoming domi-
nant, indicating that desorption dynamics play an increasing important
role. Concurrently, as Cr is progressively mobilized from the soil, flow
and transport parameters exert a growing influence on the temporal
evolution of E[M;]. We further note that in case of Pb in the topsoil, the
sensitivity of E[M;] to the diverse parameters exhibits a mixed behavior:
it shares similarities with the mobile metal Cr (e.g., comparable AMAE,,
magnitude across parameters associated with diverse processes), while
also retaining features typical of low mobile metals (e.g., large and
persistent sensitivity to 6; and Sp). These findings are further supported
by Fig. 8, which displays the time averaged sensitivity index AMAE,, for
all parameters and heavy metals considered in (a) the topsoil and (b) the
subsoil.

5. Conclusions

We investigate the transport of five selected heavy metals (Cr, Ni, Zn,
Cu, Pb) in unsaturated urban soils by integrating laboratory experi-
ments, stochastic calibration, global sensitivity analysis and stochastic
forecasting techniques.

Our work leads to the following major conclusions:

e Cumulative water flow data provide valuable information for cali-
brating flow parameters. However these parameters, particularly the
saturated hydraulic conductivity, remain affected by non-negligible
residual (i.e., after calibration) uncertainty. This underscores the
need of adopting a stochastic approach during both the calibration
and prediction phases.

For highly mobile heavy metals, their mobility is impacted by
characteristic of the flow, transport and adsorption processes. On the
other hand, in case of low mobile heavy metals, their fate is chiefly
controlled by the maximum water content available and the initial
amount of metal adsorbed onto the soil. This finding has broad im-
plications for prioritizing data collection in contaminated site
investigations.

The methodological framework developed in this study is transfer-
able to urban and peri-urban contexts worldwide and can support the

formulation of science-based regulatory guidelines that explicitly
include and quantify prediction uncertainty, moving beyond the deter-
ministic safety factors that still dominate current practice (Carlon et al.,
2004). Potential extensions of this work include investigating the effects
of spatial heterogeneity in soil properties on vadose-zone flow and
transport processes.
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Appendix A. Main characteristics of the investigated urban soils

Table Al
Main characteristics of the soil profile.

Journal of Contaminant Hydrology 277 (2026) 104855

Soil Depth pH Org C tot N bulk density CEC BS Sand Silt Clay textural class USDA
horizon [cm] [%] [%] [g em ™3] [emol ;) kg 11 [%] [gkg ] [gkg™ 11 [gkg ]
Ap (topsoil) 0-32 6.4 3.00 0.18 0.99 17.90 76.3 552 384 64 SL
Bw1 (subsoil) 32-60 6.6 0.72 0.07 1.26 14.08 65.4 472 341 187 L
Bw2 60-94 6.6 0.52 0.06 12.11 62.3 540 286 174 SL
BC 94-122 6.7 0.21 0.03 6.24 52.1 793 152 55 LS
C 122-150 6.9 0.10 < 0.001 2.78 64.4 939 50 11 S

Data availability
Data will be made available on request.
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