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Abstract

Municipal solid waste landfills are complex systems in which leachate accumulation
can generate both environmental and geotechnical hazards. In this context, Electrical
Resistivity Tomography (ERT) and Time-Domain Induced Polarization (TDIP) pro-
vide complementary sensitivity to pore-fluid conductivity and interfacial polarization
processes, thus offering significant potential for non-invasive landfill monitoring.
However, the practical use of these methods is still limited by three major issues:
the poor quality of TDIP data, the lack of rigorous uncertainty quantification in
local deterministic inversions, and the difficulty of integrating multiple geoelectrical
outputs into a single, operationally meaningful interpretation.

This thesis addresses these limitations through three complementary research
lines. The first focuses on the improvement of TDIP data quality by means of full-
waveform acquisition and advanced signal processing specifically designed for 100%
duty-cycle measurements, enabling a full-decay forward modelling and inversion. The
second investigates uncertainty analysis through a global inversion framework for joint
ERT/TDIP data, with the aim of moving beyond single deterministic models toward
ensembles of plausible solutions and associated statistical indicators. The third
develops machine-learning clustering approaches for the integrated interpretation of
multiparameter tomographic models, progressively moving from hard clustering to
target-oriented fuzzy mapping.

Within the broader framework of environmental engineering, these developments
are relevant because they contribute to the identification, delineation, and monitor-
ing of leachate-related targets in complex landfill systems, thus supporting more
informed site characterization and management decisions. Rather than proposing
a single unified workflow from the outset, the thesis develops three distinct but
converging methodological directions, providing both advances in applied geophysics
and practical tools for more reliable landfill monitoring and management.
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1

Chapter 1

Introduction

Waste management is one of the main challenges facing contemporary society and
despite the progress of the circular economy, land disposal sites are currently the
most common destination for waste globally. The main cause of contamination
associated with Municipal Solid Waste (MSW) landfills is related to leachate, which
is a liquid formed when rainwater filters through waste placed in a landfill. When this
liquid comes into contact with buried waste, it draws out chemicals or constituents
from them. This potentially highly polluting liquid can vary in composition over
time and depending on the type of waste, but typically contains high concentrations
of dissolved organic matter, inorganic chemicals and heavy metals. In addition to
polluting the soil and groundwater systems due to leakage from the landfill, the
leachate can also generate geotechnical instability in the case of waste disposal sites
located on slopes. For these reasons, leachate must be properly managed, monitored
and collected, in order to maintain its level at the bottom as low as possible.

Among near-surface geophysical techniques, electrical methods, such as electrical
resistivity tomography (ERT) and time-domain induced polarization (TDIP), have
repeatedly demonstrated potential for landfill investigations, even though the inter-
pretation of electrical models in landfills is often ambiguous: the detected anomalies
may have multiple competing explanations (e.g., leachate, moisture, clayey cover,
metallic inclusion, heterogeneity of waste composition), and the inversion process
itself can introduce non-uniqueness, resolution loss, and uncertainty that are rarely
communicated in a form directly usable for decision-making (De Donno et al., 2024).

This thesis addresses the above challenges through three complementary re-
search lines, each designed to overcome a specific limitation that currently affects
geoelectrical investigations in landfill environments.

First, a methodological line is devoted to improving the quality and reliability of
TDIP data, with particular emphasis on full-waveform acquisition and processing
strategies aimed at mitigating noise, spikes, drift, and other waveform distortions.
In this thesis, this line is not an end in itself: the processing stage is specifically
developed to produce waveform data of sufficient quality for full-decay inversion, so
that the TDIP data can be exploited more consistently than in conventional gated
approaches.

A second research line focuses on inversion uncertainty, exploring global inversion
strategies to move beyond single deterministic solutions and provide a more robust
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characterization of plausible subsurface models.
Third, an interpretation line addresses the need for more objective and op-

erationally usable outputs, through multiparameter machine-learning clustering
methods that simplify the interpretation of ERT/TDIP-derived models and provide
confidence-aware target localization.

Each research line is represented by a dedicated publication (or set of publications,
in the case of the clustering topic). Accordingly, this thesis uses them as the core
scientific contributions, while expanding on the broader theoretical framework, the
links between research lines, and the methodological aspects that are only partially
addressed in individual articles. For paper-specific details (e.g., full methodological
derivations, parameter settings, and complete result sections), the reader is referred
to the corresponding chapters/publications.

Rather than presenting these components as a fully unified workflow from
the outset, this thesis develops and validates them as three distinct but converging
directions. Their progressive integration is a key perspective for future work, with the
long-term goal of building a complete processing–inversion–interpretation framework
in which advanced polarization modelling (including full-decay and global inversion
approaches) can be directly linked to environmental parameter estimation (e.g.,
saturation-related indicators) and machine-learning-assisted interpretation.

The remainder of the thesis is organized according to the three research lines
introduced above, after this introduction (Chapter 1):

• Chapter 2 presents the state of the art of electrical methods for landfill
characterization and provides the theoretical background that is not covered
in the appended papers.

• Chapter 3, corresponding to the Paper #1, deals with the full-waveform
processing and full-decay inversion framework.

• Chapter 4, corresponding to the Paper #2, focuses on global inversion of ERT
and IP data, including motivation, principles, and implementation.

• Chapter 5 addresses machine-learning techniques for integrated interpretation:
hard clustering (Paper #3), soft clustering with synthetic analysis and cluster-
number selection (Paper #4), soft clustering on target-oriented field data
(Paper #5).

• Chapter 6 summarizes the main contributions, discusses limitations and open
challenges (e.g., single workflow, time-lapse monitoring), and outlines future
work.

Part of the research activities underlying this PhD was conducted during a
visiting period (March–June 2025) at Géosciences Rennes, CNRS – Université de
Rennes (France). The visit focused on advanced TDIP characterization of an MSW
landfill through full-decay forward modelling and inversion for leakage detection,
and on the development of a dedicated pole–dipole-based investigation line aimed at
improving sensitivity to leakage-related targets. The results of this visiting activity
are not reported in this thesis; they are mentioned here to contextualize the broader
research framework and collaborations.
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Chapter 2

Background

2.1 State of the art of electrical methods in landfills:
strengths and sources of interpretative ambiguity

Applied geophysics represents an effective tool for the accurate characterization
of landfill properties. Its relevance is indirectly acknowledged in Article 13 of the
D.Lgs. 36/2003 on landfills, which regulates leachate management and monitoring
activities. At the European level, landfill management and monitoring are framed
by Council Directive 1999/31/EC and its later amendment Directive (EU) 2018/850,
in coordination with the general principles established by Directive 2008/98/EC on
waste. The landfill operator is required to demonstrate compliance with regulatory
requirements, including the assessment of leachate flows and volumes. Such an
assessment may be supported by spatial screening carried out using geophysical
techniques. A variety of geophysical methods can be employed for these purposes,
mainly including electrical, electromagnetic (EM) and seismic methods (De Donno
et al., 2024).

Among geophysical methods, electrical techniques have been increasingly used for
landfill characterization (Soupios and Ntarlgiannis 2017; Nguyen et al. 2018; Juarez
et al. 2023). These methods have proven to be powerful tools for this purpose, as
the strong electrical contrasts between waste, leachate, and surrounding formations
make the electrical properties an appropriate proxy for landfill studies. In addition,
electrical prospections offer several advantages compared to other techniques and
direct investigations, such as non-invasive survey, cost-effectiveness, rapid data col-
lection, high resolution capabilities, spatial coverage. The acquisition of tomographic
high-resolution data also reaches significant depths and enables the assessment of
both resistive –with the so-called electrical resistivity tomography (ERT) method–
and capacitive behaviour –using the time domain induced polarization (TDIP)
method– of the waste mass and the surrounding formations. Overall, these methods
cover the aspects and issues concerning landfill characterization and management
such as leachate detection, waste characterization, characterization of cover material,
settlement and erosion detection, long-term monitoring (De Donno et al., 2024).

In fact, ERT and TDIP methods have complementary sensitivity to landfill-
relevant processes. On the one hand, ERT primarily reflects bulk electrical conduction
controlled by fluid conductivity, saturation, porosity and temperature. On the other,
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TDIP reflects charge storage and relaxation phenomena associated with electrical
double layers, membrane polarization, and interfacial effects; in the anthropogenic
environment, polarization can be influenced by metallic elements, organic matter,
microbial activity, and saline leachate (Binley and Slater, 2020). IP information is
therefore essential for landfill monitoring, as it helps reduce interpretative ambiguity.
In fact, different materials may exhibit similar resistivity values, while displaying a
distinct polarization behavior, or vice versa, thereby enhancing the reliability and
reducing the ambiguity of the final geophysical reconstruction.

However, the joint interpretation of ERT–TDIP in landfills still leaves residual
ambiguities. In particular, the relationship between highly conductive areas and
chargeability responses remains difficult to interpret, and the optimal strategy for
combining the two datasets is still an open issue. Furthermore, landfill environments
amplify the intrinsic difficulties of geophysical interpretation. Waste bodies are
heterogeneous, anisotropic, and often time-variable, while electrical responses may
be dominated by high noise levels arising from localized conductive objects or by
acquisition artefacts.

These residual ambiguities motivate the main three aspects addressed in this the-
sis: (i) TDIP data quality, tackled through full-waveform acquisition and processing;
(ii) model uncertainty, obtained through global inversion; and (iii) interpretability
of multiparameter outputs, achieved via clustering-based integration into a single
model for target delineation.

2.2 Electrical properties

The electrical resistivity ρ [Ωm], as well as its reciprocal electrical conductivity σ
[S/m], is a physical property of material and it is defined as the capability of a
medium to resist to an electric current flow I. Therefore, by indirectly inferring from
other measurements, it is possible to evaluate the capability of a medium to be a
good conductor or not. For this reason, resistivity is a key parameter in the context
of MSW landfills. Because leachate is typically rich in dissolved ions, it commonly
exhibits low resistivity, which contrasts with materials typically located in landfills
(i.e., unsaturated waste, geomembranes, such as high-density polyethylene - HDPE),
thus it is possible to identify it on the basis of ERT models.

In porous media such as waste masses, resistivity reflects the combined effect
of several conduction mechanisms. Specifically, conduction is mainly due to the
motion of ions (electrolytic or ionic conduction, σf ) or, more rarely, to the motion
of electrons as charge carriers (electronic or ohmic conduction, σm). In applied
geophysics, ρ is typically interpreted as bulk (electrolytic) conduction, i.e., the
motion of free ions within the pore fluid that provides a low-resistance pathway for
current flow. An important exception in landfills is the presence of metallic waste,
which can introduce strong electronic conduction pathways that can locally dominate
the measured response, potentially masking the ionic conduction of the porous
matrix and complicating the interpretation of resistivity anomalies. Archie (1942)
empirically demonstrated that the ratio between the bulk (volumetric) resistivity
and the water resistivity (ρw) of which the rocks and soils are saturated remains
constant:
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ρ

ρw
= const = F, (2.1)

where the constant F , named formation factor, is an intrinsic characteristic of
each rock or soil type, expressed as:

F = aΦ−m, (2.2)

where Φ is the porosity (given by the ratio between pore volume V v and bulk
volume VT ), while a (tortuosity factor) and m (cementation exponent) are two
constants to be determined experimentally as they vary depending on the type of
rock or soil. In case of partially saturated porous media, eq. (2.1) is then modified
as follows:

ρ = aΦ−mS−nρw, (2.3)

where S is the degree of saturation (expressed as the ratio between water volume
V w and pore volume Vv), and n is an experimental constant referred to as saturation

exponent. Archie’s law relies on the assumption that conduction is mainly electrolytic
through pore fluids and that the solid matrix is essentially non-conductive. These
conditions are often only partially met in practice; clay-related surface conduction
and strong heterogeneity can cause significant deviations. Archie-type relationships
should therefore be regarded as first-order guidance and must be applied with caution
in landfill environments.

In addition to the bulk conduction that has been described previously, soils may
also show other conduction mechanisms. For environmental engineering applications,
a relevant conduction mechanism emerging in a porous medium is the one associated
with the so-called Electrical Double Layer (EDL) (Binley and Slater, 2020). For
structural reasons, on the surfaces of discontinuity grain/fluid of particles, an
accumulation of negative charges is usually observed. Hence, positive dissolved
ions are adsorbed on surface in order to restore local neutrality, forming a first
layer (called Fixed or Stern layer), characterized by a high concentration of cations.
More externally, weaker chemical bonds are established, generating a second layer
(named Diffuse or Gouy layer), much thicker than the Fixed layer. The sum of
these two layers gives the EDL, which generates an additional surface conduction
(or electromigration) described below.

Furthermore, under the action of an external electric field, soil may act as a
capacitor, which means that it is able to be polarized. This effect, known as Induced
Polarization (IP), is characterized by the displacement of charged elements in the
subsoil in response to an external electric field. The polarization mechanisms differ
depending on the type of medium and on the frequency of excitation (ω0) in which the
phenomenon is activated, or its inverse, named relaxation time (τ0), which is the time
taken by the medium to return to the equilibrium condition after the electric field
has stopped (Binley and Slater, 2020). Low polarization phenomena (ω0 < 106 Hz)
are associated with the polarization of the pore/grain system of a saturated porous
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material; therefore it is related to the peculiar geometry or composition of the
porous medium. Although different polarization mechanisms as membrane or
interfacial polarization can also be non-negligible, in landfill environments, the
measured polarization is often governed by EDL-controlled interfacial processes.
They are caused by surface charging and counter-ion dynamics on charged interfaces,
generated by the highly reactive surfaces of the waste matrix (mineral fines and
organic matter), by biogeochemical processes such as microbial/biofilm activity and
by ion-exchange/sorption reactions that modify EDL chemistry (e.g. Kessouri et al.
2019; Rahmani et al., 2025).

Therefore, in order to represent the IP contribution, the measured electrical
conductivity generated by the EDL can be expressed as a complex property (σ∗

s ,
defined here as frequency-independent for the sake of simplicity), which can be split
into a real part (σ′

s), that measures the surface conduction (or electromigration)
strength generated by EDL, and an imaginary component (σ′′

s ), representing any
temporary, reversible charge storage mechanisms (Binley and Slater, 2020):

σ∗
s = |σs| eiφ = σ

′
s + iσ

′′
s , (2.4)

where |σs| is the surface conductivity magnitude and φ is the phase, which
represents the lag of the induced electric field with respect to the injected current.
The magnitude is related to the real and imaginary parts of the complex conductivity
as follows:

|σs| =
√

(σ′
s)2 + (σ′′

s )2
, (2.5)

On the other hand, since at low frequencies used in this application the charge
storage is small relative to electromigration, the phase can be written as:

φ = tan−1
[

σ
′′
s

σ′
s

]
≈

[
σ

′′
s

σ′
s

]
, (2.6)

which states that the phase angle is proportional to the polarization strength of
the medium divided by the electromigration strength of the medium.

The whole conductivity (Fig. 2.1) is therefore a complex parameter, both including
electrolytic conductivity (σf ) and complex surface conductivity (σ∗

s) representing
conduction and polarization occurring in the EDL:

σ∗ = σf + σ∗
s = σf + σ

′
s + iσ

′′
s , (2.7)

since the solid-matrix contribution (σm) for low-frequency investigation and
non-metallic materials is commonly treated as negligible compared with pore-fluid
conduction and EDL effects. In the end, the real and imaginary components
of the measured complex conductivity are related to the electrolytic and surface
conductivity mechanisms as follows:
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Figure 2.1. Main conduction pathways and EDL polarization in a non-metallic porous
medium (Flores-Orozco et al., 2020).

σ′ = σf + σ′
s, (2.8a)

σ′′ = σ′′
s . (2.8b)

Equation (2.8a) describes that real conductivities result from the parallel elec-
trolytic and surface conduction pathways within the porous medium. At the same
time, eq. (2.8b) highlights that the imaginary conductivity only senses the surface
pathway and is therefore independent of the electrolytic conduction pathway. More-
over, generalizing the eq. (2.6), being the phase an index of the IP response, if σ

′ (i.e.,
volumetric and/or grain/fluid interface conductivity) increases because of a higher
saturation of the medium, the IP effect decreases even if polarization is present. It
should also be acknowledged that this conceptual trend, namely the possible decrease
of the IP response in fully leachate-saturated zones, is not consistently applied, as
simplified approaches were adopted for clustering (e.g., Papers #3 and #4) for the
sake of simplicity.

2.3 Electrical resistivity tomography (ERT) and time-
domain induced polarization (TDIP)

In field surveys, the complex conductivity σ∗(ω) is inferred from controlled-source
geoelectrical measurements acquired either in the frequency-domain (FD), through
sinusoidal excitation at discrete (low) frequencies, or in the time-domain (TD),
through the analysis of the transient response following current injection. Therefore,
while frequency-domain measurements aim at reconstructing σ∗(ω) explicitly across
a range of frequencies, time-domain response must be transformed or interpreted to
retrieve equivalent spectral information. Field-scale comparisons have shown that
TD methods can offer improved robustness and signal-to-noise ratio under realistic
survey conditions, often leading to more reliable parameter estimation than FD
ones, particularly in electrically noisy environments and for low-chargeability targets
(Maurya et al., 2018).

Among the TD techniques, the most popular is the ERT method, where data
acquisition is often carried out grounding simultaneously along an alignment a large
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number of electrodes, all connected through multi-conductor cables to a resistivity-
meter (powered by an external battery). The resistivity-meter is a single device that
combines together both the ammeter and the voltmeter, being capable of measuring,
for each quadrupole i, both the current intensity (Ii) and the potential difference
(∆V OBS

i ). Consequently, the measured apparent resistivity ρOBS
a,i is simply given by:

ρOBS
a,i = Ki

∆V OBS
i

Ii
with i = 1, 2, . . . , NQ, (2.9)

where Ki is the geometric factor and NQ is the number of observations (quadrupoles)
(Binley and Slater, 2020). The values in eq. (2.9) are simply provided by measur-
ing the steady-state transmitted current (Ii) and the resulting voltage differences
(∆V OBS

i ) on electrode pairs at different distances from the current injections, both
recorded by the resistivity-meter. A convention is generally adopted to represent the
measurements, consisting of reporting the measured apparent resistivity values on a
vertical cross-section, the so-called ”pseudo-section” (Fig. 2.2). Such representation
of apparent resistivity indicates only in a qualitative way the trend of resistivity vari-
ations in the subsoil both horizontally and vertically, since the measured resistivity
is only an ”apparent” value (Binley and Slater, 2020).

Figure 2.2. Example of representation of observed data through the apparent resistivity
pseudo-section (ERT tomography of a MSW landfill, Rennes FR).

In fact, the investigated medium is not homogeneous; therefore, when a current
I is injected through the electrodes, the observed potential difference ∆V OBS is a
function of not only the distance between the electrodes, but also the resistivity
and relative position of the different media (layers, inclusions, etc.) with respect
to the electrodes. Therefore, the resistivity value from equation (2.9) does not
coincide with the ”true” value of resistivity of the subsoil, which cannot be directly
measured. Consequently, the correct approach for retrieving the real resistivity model
of the area is to perform data inversion. The inversion procedure is an iterative
mathematical process that involves comparing the apparent resistivity predicted by
a given resistivity model with the corresponding observations. For this reason, the
knowledge of the electrostatic field equation and of its solution for the potential is
required (see Chapter 3).

Nevertheless, when polarization is present, ERT measurements alone are insuffi-
cient because the voltage response becomes time dependent. TDIP measurements
explicitly record this transient behaviour, enabling the estimation of polarization-
related parameters in addition to resistivity. Under the assumption of low-frequency
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polarization, the IP phenomenon is often modelled through the chargeability m
defined as:

σ∞ = σ0 (1 − m) , (2.10)

where 0 ≤ m < 1, σ∞ is the DC (direct-current) electrical conductivity (the DC
electrical resistivity is ρ∞ = 1/σ∞) and σ0 is the instantaneous conductivity. This
formulation corresponds to the linear approximation of the polarization effect, valid
for typical near-surface TDIP surveys and small chargeability values (Seigel, 1959).
So far, the acquisitions of ERT and TDIP data have been performed sequentially,
using the same equipment and multi-electrode configuration, but the current must
be injected for a longer time than in a stand-alone ERT survey, so as to activate the
polarization mechanisms. To understand it better, it is useful to look at the raw full
wave-forms data rather than the sampled data.

Recent developments in geoelectrical equipment (e.g. ABEM Terrameter LS2,
IRIS I-FullWaver, etc.) have given access to advanced acquisition systems, enabling
a 100% duty cycle current waveform (Fig. 2.3). The instruments allow for faster
acquisitions and a better Signal-to-Noise Ratio (SNR), which are critical parameters
in landfill environments (Olsson et al., 2015).

Figure 2.3. Injected current and measured potential for the 100% duty cycle waveform
(Olsson et al., 2015).

When a current is activated in case of polarizable media, a potential increase
due to polarization effects (charging phase) is observed (Fig. 2.4), starting from the
instantaneous voltage immediately after the activation of the current (V0) up to the
so-called stationary voltage (V∞) at the end of the pulse (for simplicity V is used
instead of ∆V to define a voltage difference).

We can now define:

Ma = V∞ − V0
V∞

, (2.11)
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Figure 2.4. Voltage charge curve after current switch-on.

where Ma [dimensionless or mV/V], named (apparent) chargeability, is the model
parameter of the IP effect as it expresses the contribution of the polarization effects
into the recorded potential. In other words, Ma quantifies the capability of a
material to store electrical charges when an injected current is applied. The apparent
chargeability Ma typically ranges from a few mV/V to hundreds mV/V. Therefore,
the capacitive effect is orders of magnitude weaker than the resistive one.

As well as for resistivity, only an apparent chargeability (Ma) can be experi-
mentally observed (Fig. 2.5) and an inversion process is required for retrieving the
”true” chargeability. The problem would be closed if both the potential V∞ and V0
are measurable, so that the apparent chargeability is obtained by applying (2.11),
but this is not the case. In fact, even if the stationary voltage (V∞) is actually
measurable with good accuracy once the pulse duration has been set correctly, the
measurement of the instantaneous voltage (V0) is not practically feasible. This is
due to the fact that the measurement is affected by the disturbances that occur
immediately after the current switch-on (i.e., spikes) and by electromagnetic (EM)
induction phenomena, arising when there is a variation of the electric field with time.
However, induction phenomena generally decay quickly after the current switch-on
(1 - 20 ms). As a consequence, measurements shall be performed with a certain
delay time t0 = tdly, given by the time interval in which induction phenomena occur,
in order to neglect them (Binley and Slater, 2020). Therefore, also to avoid the
effects of spikes, an integral measurement of the chargeability is often computed,
by appropriately sampling (generally in a logarithmic way) the IP curve through a
finite number j = 1, 2, . . . , Ng of time windows (gates) ∆tj = tj − tj−1 (Fig. 2.4).
For every j-th gate, the area above the charge curve is calculated, normalizing it to
the maximum value of potential calculated in the same time interval. This gives the
observed partial chargeability:

MOBS
j =

∫ tj

tj−1 (V∞ − V j) dt

V∞(tj − tj−1) , (2.12)

Therefore, in practice the observations are given, for each quadrupole i =
1, 2, . . . , NQ, by the integration over the entire sampling range (from t0 = tdly

to tNg ), yielding the so-called integral (total) apparent chargeability MOBS
a,i , given

by the weighted average of the partial chargeabilities (MOBS
j ) for their sampling



2.3 Electrical resistivity tomography (ERT) and time-domain induced
polarization (TDIP) 11

windows:

MOBS
a,i =

∑Ng

j=1 MOBS
j ∆tj∑Ng

j=1 ∆tj

. (2.13)

Thus, instead of the instantaneous apparent chargeability, given by (2.11), which
cannot be measured practically, the MOBS

a,i value is used, even if it is not its actual
reproduction. This implies that in the reconstruction of the inverted model, the
chargeability values may not correspond to the absolute (real) ones, thus only relative
comparisons can be made (Binley and Slater, 2020). In the following, the term
chargeability will therefore be specified as theoretical, apparent, integral or intrinsic,
depending on the context.

Figure 2.5. Example of representation of observed data through the apparent integral
chargeability (TDIP tomography of a MSW landfill, Rennes FR).

As a final remark for landfills, other than being distinguished as a medium
with high conductivity due to a great ions’ concentration, the leachate may be also
associated with a decreasing chargeability. In fact, as already mentioned, when
the saturation increases a lot, the IP response decreases, but without collapsing
to zero. Therefore, the leachate is characterised by a chargeability that tends to
be lower with respect to zones where dry waste and high biochemical activity are
present. This trend is not universal and must be interpreted in the context of waste
composition, salinity, and local biogeochemical conditions.

Finally, in Papers #1 and #2, the inverted geoelectrical parameters are also
transformed into water (leachate) content and cation exchange capacity (CEC)
through petrophysical relationships derived from the joint use of DC conductivity
and normalized chargeability (Revil et al., 2020). In this approach, the conductive
term mainly reflects pore-fluid transport and saturation conditions, whereas the
polarization term provides information on surface-related electrochemical properties
of the waste matrix. As a result, water content is estimated as a saturation-dependent
variable, while CEC is used to describe the ion-exchange capacity of the medium.
These transformations extend the interpretation from geophysical observables to
environmentally meaningful parameters, although they must be applied with caution
in landfill environments because of strong heterogeneity and variable fluid chemistry.
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2.4 Paper #1: From full-waveform data processing to a
full decay forward modelling and inversion

As introduced before, to the new generation of resistivity-meters, the complete
waveform of the injected current and measured potential signal can now be recorded.
Full-waveform data are very useful because they allow to increase the reliability
and quality of data through the possibility of performing precise signal processing,
especially for TDIP measurements which are more sensitive to noise than resistiv-
ity measurements. Moreover, thanks to developments in time-domain measuring
procedures, the use of a current injection via a 100% duty cycle waveform makes it
possible to retrieve the IP information during the on-time (i.e., when the potential
increases during the acquisition). Therefore, by acquiring TDIP measurements while
the current is being transmitted, without off-time periods (i.e., using a 50% duty
cycle), the acquisition time is effectively halved. It is also demonstrated that the
use of a 100% duty cycle waveform generates a superposition of the IP charge-up
and discharge. Consequently, another advantage of this acquisition mode is that the
SNR can increase up to a factor of 2 with respect to a 50% duty cycle, resulting in
an improved IP data quality (Olsson et al., 2015). While taking these significant
developments into account, drawbacks still remain for TDIP measurements. Specifi-
cally, there are limitations that compromise the correct extraction of information
from TDIP data in the field. In practice, the most critical issues are related to: (i)
noise components (e.g., harmonics and transient spikes), (ii) slow time-dependent
distortions such as electrode polarization drift, and (iii) waveform distortions related
to coupling and superposition effects that complicate the separation of the true
polarization response from acquisition artefacts.

The first research line of this thesis is documented in Paper #1, which develops an
advanced processing-and-inversion workflow for 100% duty-cycle full-waveform TDIP
data acquired in MSW landfills. The paper combines harmonic suppression, spike
removal, Cole–Cole-based drift correction, stacking/gating, and automatic quality
control to obtain reliable decays for full-decay spectral inversion, and compares the
results with the classical two-step integral-chargeability approach. For this reason,
full-waveform acquisition and processing are not only a technological upgrade, but
also a methodological prerequisite: it enables waveform-level quality control and
dedicated signal processing steps that are essential to obtain reliable IP decays. This
is particularly important when the subsequent interpretation relies on full-decay
inversion, which is inherently sensitive to the transient shape and therefore requires
a processed dataset. Once the full waveforms have been quality-controlled and
processed, the resulting decays can be used in the inversion framework. Before
this step, it is necessary to establish a consistent forward model for dispersive
electrical behaviour. This behaviour has been thoroughly explained previously in
terms of complex conductivity (eq. 2.7). To model it through parametrization, the
Cole-Cole model (Cole & Cole, 1941; Pelton et al., 1978) is one of the simplest
and most used ones. It can be expressed in terms of complex resistivity, as a
function of: ρ0, that denotes the direct-current (DC) resistivity [Ωm]; m0, which is
the intrinsic chargeability [dimensionless or V/V] and is different from the integral
chargeability previously introduced; τρ, that represents the time constant [s] and
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equal to the inverse of the angular frequency ω at which the imaginary resistivity
ρ”(ω) reaches its minimum; c, that is the frequency exponent [dimensionless] and
defines the sharpness/flatness of the spectrum. This parameterization is widely
used because of its simplicity and physical interpretability, but in inversion it may
suffer from parameter correlations (especially between m0 and c, as demonstrated by
Fiandaca et al. 2018), which can reduce model stability and increase non-uniqueness.
Nevertheless, it provides a practical and well-established basis for forward modelling
of TDIP data, and it is therefore adopted here as the starting spectral description of
the dispersive electrical response.

Although the landfill-oriented Paper #1 reports the workflow and its application,
a compact summary of the underlying full-decay forward/inversion formulation is
provided here to make the thesis self-contained.

Since the IP data are acquired in TD the complex impedance must be transformed
back into a transient (time-dependent) response. The TD step-off response is obtained
through an inverse Fourier sine transform (De Donno and Cercato 2023):

V S−OF F
q (t) = Zq(0) − 2

π

∫ ∞

0
Im

(
−Zq

∗(ω)
iω

)
sin (ωt) dω, (2.14)

where Z∗
q (ω) is the complex electrical impedance and Zq(0) is the DC response

for ω = 0. Then, the TD step-off response is evaluated via a Fast Hankel transform
for fixed log-spaced times (0.01–8 s), after interpolating the frequency response to
10 points per decade with cubic splines to improve transform accuracy.

Full-decay inversion is performed within a Gauss–Newton framework using the
above-mentioned Cole-Cole parameterization (model m) of the polarization response,
with log10-transformed model parameters (x) and inequality constraints [a, b] to
improve numerical stability and keep the solution within physically plausible ranges
(Kim and Kim 2011). The modified Gauss–Newton model update (δx(n)) is written
in the transformed parameter space as:

δx(n) =
[
(PT J)T WT W(PT J) + β(n)RT R + λ(n)I

]−1

×
{

(PT J)T WT W
[
d − g

(
m(n))]

− β(n)RT R
(
m(n) − m0)}

,
(2.15)

being J the Jacobian matrix, PT = ∂m
∂x = log 10 (b−m)(m−a)

(b−a) , W = diag
(

1
s2

)
the

data weight matrix (s are the observed standard deviations), R the smoothness
matrix (second-difference operator using the four neighbours of the k-th block), I
the identity matrix, d the observed and g

(
m(n)

)
the predicted data vectors and β

and λ regularization parameters at the n-th iteration; if the error increases, an inner
loop explores alternative λ values to recover a decreasing-misfit update.

Further details regard the computation of the Jacobian in the frequency domain
followed by the same time transform used for the forward response. In particular,
the frequency-domain Jacobian is derived by matrix multiplication of the FD sensi-
tivity with the partial derivative of the complex resistivity with respect to the CC
parameters using the chain-rule (De Donno and Cercato, 2023) as:
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Jq,k
F D = ∂Zq

∗(ω)
∂ρk

∗(ω) · ∂ρk
∗(ω)

∂mk
. (2.16)

In the present thesis, these formulations provide the methodological basis just for
the full-decay inversion workflow discussed in Paper #1, while later chapters focus
on uncertainty and interpretability aspects through global inversion and machine-
learning-based integration.

2.5 Paper #2: Global inversion strategies

As discussed in the first section, widely used geoelectrical investigations in landfill
environments are affected not only by data-quality issues (particularly for TDIP), but
also by a second major limitation: the lack of rigorous uncertainty quantification in
inversion results. In fact, ERT/TDIP models are obtained through deterministic local
inversion schemes, resulting in a single best-fitting model under given regularization
assumptions. Local methods (such as the Gauss–Newton approach presented in Paper
#1) iteratively update a starting model and converge toward a nearby minimum of
the objective function, depending on initialization, regularization choice, and the
local curvature of the misfit surface (Loke and Barker, 1996; Sen and Stoffa, 2013).
Even if these methods are computationally efficient, they do not provide probabilistic
information about the range of models compatible with the data.

In order to overcome these limitations, in Paper #2, a global inversion strategy
for ERT/IP data is introduced. These methods differ in how they explore the model
space, exploring a much broader portion of the parameter space through stochastic
sampling. For this reason, they reduce dependence on subjective choices and enable
a statistically meaningful assessment of uncertainty. Despite these advantages, global
inversion has rarely been applied to 2D TDIP problems, due to their computational
cost. In fact, this routine needs to repeat forward modelling over thousands to
millions of trial models, becoming expensive when the inversion is performed in a
joint ERT/TDIP framework. To reduce this computational cost, model-reduction
strategies have been applied to probabilistic inversion of ERT data (e.g. Fernández-
Martínez, 2015; Aleardi et al., 2022), but this solution may affect spatial resolution
and can bias the resulting uncertainty estimates.

Considering a good balance between computational efficiency and global search
capability, the Very Fast Simulated Annealing (VFSA) method (Ingber, 1989) is
adopted as global inversion algorithm. This method is applied on an unreduced
full 2D mesh, using parallel independent runs, logarithmic parameterization and
inequality constraints to retrieve a probabilistic description of model variability
(Cercato, 2011; Sen and Stoffa, 2013). The choices of inversion parameters and the
operation of the algorithm itself are described in detail in the Paper #2.

Although this approach has previously been applied to ERT inversion (Sharma,
2012), to our knowledge this represents one of the first applications on an unreduced
full 2D mesh in a joint ERT/TDIP framework. In this context, global inversion
is particularly relevant because interpretative decisions (e.g., identifying leachate
accumulation zones) can carry operational consequences. In fact, interpretations
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are often based on anomalies whose geometry, depth, and intensity may be strongly
influenced by smoothness constraints, poor sensitivity at depth, and limited data
coverage. By contrast, the global inversion strategy proposed explicitly estimates
model uncertainty from the ensemble of accepted solutions, thereby helping to
distinguish robust features from weakly constrained regions and reducing the risk of
over-interpretation in environmental and geotechnical decision-making.

In summary, while the state of the art confirms the diagnostic potential of
ERT/TDIP for landfill monitoring, it also highlights a persistent methodological
gap: uncertainty is rarely quantified in a rigorous statistical sense, especially in 2D
landfill-focused applications. Paper #2 is intended as a direct response to this gap,
by introducing a computationally demanding but methodologically robust global
inversion approach that complements the deterministic workflows commonly used in
practice and provides an explicit uncertainty layer for interpretation.

2.6 Paper #3, #4 and #5: Machine-learning techniques
for integrated interpretation

Beyond data quality (Section 2.4) and uncertainty estimation (Section 2.5), a third
limitation often encountered in landfill geophysics is interpretative complexity:
ERT/TDIP inversion typically yields separate geophysical sections (such as ρ and
m0 inverted models) that are commonly interpreted by qualitative comparison,
leaving residual ambiguity and making the results difficult to communicate in an
operational way to other professionals involved in the landfill management. This gap
is particularly relevant in such environments, where heterogeneous waste composition,
clay-rich barriers, metallic debris, and spatially variable saturation can produce
electrical signatures that are not uniquely attributable to leachate. As a result, even
when anomalies are detected, translating multi-parameter geophysical outputs into
a clear delineation of leachate-related zones remains difficult.

To address these interpretative ambiguities, Paper #3, #4 and #5 present a
novel approach for data integration where geoelectrical models are processed and
analyzed using machine learning (ML)-based algorithms. ML techniques have paved
the way for advancements in many different fields, since it allows the analysis of
large datasets and develops intelligent systems that are capable of adapting and
improving over time (Zhang et al., 2022). It can be broadly classified into two main
categories: unsupervised learning and supervised learning. In this Thesis, the focus
is on unsupervised clustering, that makes it possible to identify areas with similar
electrical properties, i.e., corresponding to a plausible accumulation of leachate, by
assigning them to different groups (clusters), as well as to provide a confidence proxy
via membership. This results in an integrated and quantitative representation of the
subsurface that can be interpreted more consistently for leachate mapping.

A first step in this direction is provided by hard clustering, where each cell
is assigned to a single cluster, yielding a unique ”integrated model” that replaces
separate sections with a classified image of the subsurface. The K-Means algorithm
(Lloyd, 1982) is used, which has numerous advantages, including reduced computa-
tional complexity and very simple implementation. At the same time, the choice
of the initial position of the centroids and the number of clusters with which to
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divide the dataset can greatly influence the effectiveness of the analysis conducted.
This approach is deeply described in Paper #3, which proposes distance-based
color coding to facilitate the identification of leachate-accumulation zones in a less
ambiguous manner than visual inspection of individual parameter maps.

However, hard clustering intrinsically produces sharp boundaries and does not
provide an explicit measure of how reliable the assignment is at each location. For
this reason, in this research line a second algorithm used is the Fuzzy C-Means
algorithm (Bezdek, 1984), which allows the confidence of cluster assignment to be
evaluated locally. In fact, this algorithm belongs to the soft clustering group, where
each cell is associated with membership values (between 0 and 1) that quantify
the degree of belonging to each cluster. In practice, membership values are used
here as a practical proxy for classification confidence, not as posterior inversion
uncertainty. This is the key methodological advance documented in Paper #4, where
hard clustering is used to first localize the cluster(s) most compatible with leachate,
and fuzzy C-means is then applied to evaluate membership within and around these
clusters, improving the delineation of leachate boundaries and enabling comparisons
with well observations. In addition, this work addresses a critical practical aspect
that is often left implicit in clustering-based interpretation, namely the selection of
an optimal number of clusters. This is investigated through objective cluster-validity
criteria (Calinski–Harabasz and BIC) and synthetic tests, providing a reproducible
basis to balance over-segmentation before transferring the methodology to field data.

Finally, Paper #5 generalizes the approach into a target-oriented fuzzy mapping
strategy for integrated multiparameter tomographic datasets, emphasizing that in
many environmental and engineering applications the goal is not a full stratigraphic
reconstruction, but the robust detection and localization of a specific target (leachate
accumulation in this case). Paper #5 formalizes the use of fuzzy membership as
a reliability indicator, combines geoelectrical data with well data to validate the
clustering models. In particular, the ultimate goal is to improve the ability of
clustering to delineate the most saturated zones on the basis of chargeability-related
information.

The present Thesis complements Papers #3-#5 by explicitly framing clustering as
a response to a persistent state-of-the-art gap in landfill investigations: geoelectrical
imaging often delivers valuable but fragmented information, whereas operators
require a compact, quantitative, and communicable output.
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Chapter 3

From full-waveform data
processing to a full decay
forward modelling and inversion



18
3. From full-waveform data processing to a full decay forward modelling and

inversion
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full-decay inversion
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The manuscript presented in this chapter is currently under review for publication in
the Journal of Applied Geophysics and is reported here in its complete form.

3.1 Abstract

Geophysical imaging and monitoring of municipal solid waste landfills are pivotal for
assessing leachate accumulation, which can contaminate the surrounding environment
and/or trigger instability for slope landfills. Electrical resistivity tomography and
time-domain induced polarization have proven effective for these purposes, although
they are often strongly affected by noise in such complex environments. In this study,
we developed an advanced workflow for processing and inversion of full-waveform
electrical data with a 100% duty cycle, designed to enhance the signal-to-noise ratio
and facilitate the application of full-decay inversion. The processing workflow includes
harmonic suppression, spike removal, drift correction based on Cole–Cole modelling,
automatic gate filtering, and rigorous quality control. Filtered data are inverted
using a spectral Cole–Cole formulation within a 2.5D framework and compared
with results obtained from the classical two-step integral chargeability inversion.
The spectral inversion enables the a-posteriori computation of an unbiased integral
chargeability, which assists in estimating water content and cation exchange capacity
through well-established petrophysical relationships. This approach is applied to a
landfill located on a steep slope in Central Italy. The results reveal a three-layer
landfill structure, with conductive zones associated with leachate accumulation and
highly chargeable zones related to biologically active waste masses. The results
are validated by leachate levels logged in two wells. The study demonstrates that
the advanced processing of 100% duty-cycle TDIP data, combined with full-decay
inversion, can significantly enhance the reliability of IP interpretation in landfill
environments, supporting improved leachate monitoring and risk assessment.
Keywords: electrical resistivity tomography, time-domain induced polarization,
full-waveform data, full-decay inversion, leachate.

3.2 Introduction

Waste management represents a critical issue of contemporary society, and despite the
progress of the circular economy, land disposal sites are currently the most common
destination for waste globally (Kaza et al., 2018). One of the main environmental
problems in municipal solid waste (MSW) landfills is leachate, which may cause

mailto:davide.melegari@uniroma1.it
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contamination of the surrounding environmental compartments (groundwater and
soil) in case of leakage. For imaging and monitoring of leachate accumulations,
geophysical surveys offer the advantages of being non-invasive and cost-effective,
allowing us to obtain a conceptual model of the investigated site (Soupios et al.,
2017). Among the different geophysical techniques, direct-current (DC) electrical
and electromagnetic (EM) methods are currently the most commonly used for
imaging and monitoring MSW landfills (see De Donno et al., 2024 for a recent
review). In particular, electrical resistivity tomography (ERT) has been widely used
in the last decades because it is a high-resolution method able to take advantage
of the strong contrast between leachate (highly conductive) and the surrounding
environment in terms of electrical resistivity (e.g., De Carlo et al., 2013; Maurya
et al., 2017). In some cases (e.g., Gazoty et al., 2012; De Donno et al., 2017), the
ERT method has been coupled with the study of induced polarization (IP), which
can provide complementary diagnostic information. In fact, the IP effect is not
directly related to the presence of leachate but can be influenced by several factors
due to different polarization phenomena, such as fluid content, interfacial processes,
waste composition, biological activity, and the presence of metallic inclusions (e.g.,
Bücker et al., 2018, 2019; Binley & Slater, 2020; Rahmani et al., 2025). However,
the IP signal is characterized by an intrinsic error considerably higher than that of
resistivity, since the corresponding potential is of negligible magnitude compared to
the resistive one (on the order of a few mV or hundreds of µV compared to a few V or
hundreds of mV), and consequently appropriate strategies to maximize the signal-to-
noise ratio (SNR) should be applied during both the acquisition and the processing
phases (Dahlin et al., 2012). Traditionally, combined ERT and TDIP surveys are
carried out using a 50% duty-cycle waveform for current injections, which has the
theoretical advantage of resetting the potential for each pulse, but it is considerably
slower due to the need to double the acquisition time. This limitation has been
overcome recently by using a 100% duty-cycle waveform (Olsson et al., 2015), where
the IP information is retrieved during the on-time period. Furthermore, recent
developments in TDIP equipment have given access to full-waveform recordings
of measured potential and transmitted current, which can enable advanced signal
processing and increase the reliability and quality of the IP data; despite these
improvements made in data acquisition, the correct extraction of the IP information
may still be harmed by different types of noise (Olsson et al., 2016). Specifically,
drift can generate a progressive variation in the signal recorded throughout the entire
acquisition, thereby significantly altering resistivity and chargeability measurements.
This noise is mainly due to electrochemical polarization, arising from the use of
polarizable electrodes, and to current-induced polarization, since the electrodes are
used both for potential readings and for current injections (Dahlin et al., 2002).
Additionally, spikes caused by anthropogenic sources (i.e., electric fences) or by
polarity switches, as well as harmonic noise due to power lines oscillating at a
base frequency (e.g., 50 Hz), can also contribute to increasing the noise level. In
any case, filtering out these noises is the only feasible option to achieve a good-
quality IP dataset to be used for inversion in a complex landfill environment, since
using non-polarizable electrodes or separating current and potential cables is highly
time-consuming (Dahlin et al., 2012).

The filtered IP response is usually integrated within a time window extended
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from tens of milliseconds (discarding the inductive effects) to some seconds (long
enough to correctly sense the low-frequency capacitive effects) after the current
switch of polarity, by sampling the voltage decay curve with a number of generally log-
spaced gates. However, the resulting integral apparent chargeability is not strictly
comparable to the theoretical apparent chargeability, since their mathematical
formulations are different (Siegel, 1959), and consequently the final chargeability
model will be biased. This is due to the fact that the theoretical chargeability is a
ratio of voltage values taken immediately before and after the current switch-off, the
latter being practically not measurable (Binley & Slater, 2020). Additionally, the IP
response is compressed into a single parameter, and therefore the whole information
contained in the voltage decay curve cannot be extracted. To overcome this limitation,
a full-decay inversion for TDIP data has been recently developed for near-surface
applications (Fiandaca et al., 2012), which requires the modelling of the entire
potential decay curve and thus high-quality IP data. This inversion methodology
leads to a more accurate description not only of the IP response but also of the
full electrical response in terms of complex conductivity, ensuring a more correct
distinction between saturated and unsaturated zones and a more accurate assessment
of waste distribution (Fiandaca et al., 2013). Moreover, this approach enables
a rigorous characterization of the leachate and waste-body spectral parameters,
recovering a more direct link to interfacial polarization mechanisms correlated to
waste biodegradation and active redox processes within leachate accumulation zones
(Flores-Orozco et al., 2020). Furthermore, a-posteriori integral chargeability can be
retrieved after full-decay inversion in order to apply the established petrophysical
relations, yielding, for example, water content and cation exchange capacity (CEC)
values (Revil et al., 2020). However, only a few examples of full-decay inversion of
IP data have been applied to MSW landfills, often due to the low quality of the
available IP datasets.

In light of this, the aim of this work is to develop and apply advanced geophysical
processing and inversion procedures (Fig. 3.1) for landfill management, particularly
oriented to:

1. develop a compact processing routine for 100% duty-cycle IP data to increase
the SNR, thus enabling the application of advanced inversion approaches;

2. apply a full-decay inversion algorithm to the processed data and compare the
results with the classical approach in terms of integral chargeability on the
same lines;

3. achieve final petrophysical sections in terms of water content and CEC, which
can be directly linked to leachate accumulation zones and waste-mass biochem-
ical activities.

This approach is applied to the characterization of an MSW landfill located on a
steep slope in Central Italy, where leachate accumulation can also lead to instability
phenomena.
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Figure 3.1. Workflow of the proposed procedure from full-waveform TDIP acquisition
(100% duty-cycle) to petrophysical interpretation.

3.3 Acquisition and processing of full-waveform data

3.3.1 Site description and data acquisition

The field case is an MSW landfill built in several phases starting in the 1980s and
active until ten years ago (end of waste disposal), located near a medium-sized city in
Central Italy. The landfill is located on a steep slope and occupies a large portion of
the hillside, approximately between 580 m (top of the slope) and 410 m (valley) a.s.l.,
with an average slope of 20◦ (Fig. 3.2). The disposal site is a controlled landfill, so it
is equipped with a multi-barrier system (top and bottom liner, drainage system) to
avoid leachate leakage pathways to the subsoil. For this reason, the HDPE bottom
liner acts as an electrical insulator and the marly-arenaceous flysch bedrock is not
expected to be detected by geophysical investigations.

A previous geophysical campaign was conducted on four profiles (G2, G4, G6, and
G9 in Fig. 3.2) using a standard acquisition of resistivity and integral chargeability
data with 48 electrodes and the SyscalPro (IRIS Instruments) resistivity-meter. The
inverted models for resistivity and integral chargeability, presented in Piegari et
al. (2023) and De Donno et al. (2025), highlighted significant leachate accumulations
in the eastern part of the landfill. Although the resistivity models depicted the
leachate distribution well, the IP reconstruction is affected by the simplified approach
used for data acquisition, as well as the maximum depth of investigation reached.

Building on these results, a new campaign was conducted to estimate the current
leachate levels after establishing a drainage system based on the findings of the
previous survey. At the same time, we also aimed at improving the quality of the
IP results with respect to the previous investigation, to enable the link between
geophysical and petrophysical parameters. For this reason, data acquisition was
carried out on the same four geoelectrical profiles as in the previous campaign. We
used the ABEM Terrameter LS2 (GuidelineGeo) resistivity-meter, which supports a
100% duty-cycle acquisition of full-waveform data, providing a good signal-to-noise
ratio and a faster acquisition, particularly important along such long and complex
profiles. Data were acquired using a multiple-gradient protocol with 81 stainless
steel electrodes spaced from 4 m to 6 m (from G2 to G9) through a 4 × 21 roll-along
layout configuration. We acquired 1498 measurements (full-waveform current and
potential signals) for each profile, with a satisfactory mean contact resistance of
749 Ω. The current was injected with five pulses (four canonical pulses plus one
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Figure 3.2. Orthophoto of the study area showing the four ERT/TDIP profiles (G2, G4,
G6 and G9). Yellow circles mark electrode positions; the subset used for the detailed
results is highlighted by a black outline. Orange circles indicate the five piezometers
(P1–P5). The inset shows a field photograph of the landfill terraces.
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additionally inserted by the manufacturer protocol at the beginning of the signal)
having a length of 4 + 0.3 s (4 s devoted to IP and 0.3 s to resistivity measurements,
respectively) with a sampling rate of 1 kHz.

3.3.2 100% duty-cycle full-waveform data processing

Raw potential signals were processed by adapting for a 100% duty-cycle dataset the
approach originally proposed by Olsson et al. (2016) for a 50% duty-cycle dataset.
An example of a raw full-waveform potential signal (profile G4) affected by noise
(drift, spikes and harmonic noise) is shown in Fig. 3.4a (grey line).

3.3.2.1 Harmonic suppression and spike removal

Firstly, we remove harmonic noise using a simple moving average over a 20 ms sliding
window, matching the 50 Hz power-line period. Since this approach is intentional
but may affect the earliest samples, we later exclude these samples from inversion.
Figure 3.3a demonstrates that no additional compensation is necessary.

Figure 3.3. Examples of waveform denoising. (a) Harmonic suppression: raw (grey) and
filtered (blue) potentials; dashed vertical lines indicate the time-gating boundaries. (b)
Spike removal using a Hampel filter: outliers (squares) detected outside the adaptive
bounds (lower/upper limits) are replaced to obtain the despiked trace (green); circles
indicate the updated series after replacement.

Secondly, de-spiking of the data is carried out following Olsson et al. (2016)
using the so-called Hampel filter (Liu et al., 2004), which is commonly used for
the removal of outliers. Even in this case, spikes affect IP information more than
resistivity measurements, as they can significantly contaminate the potential value
obtained from the average of the samples of a short-duration gate. For each sample
given as input, the Hampel function calculates the median relative to itself and its
neighbours. It also calculates the standard deviation of each sample relative to the
same interval in the form of the mean absolute deviation (MAD). If the sample
in question differs from the median by a certain multiple of the MAD, then it is
replaced by the median itself. For this application, the number of neighbours on
both sides of the sample has been set to 2, and the spike-detection threshold value
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to double the MAD value. An example of the identification and substitution of the
spikes is shown in Fig. 3.3b.

3.3.2.2 Drift correction

To assess drift, we select three data subsets from the full-waveform pulses. This
avoids harmonic-noise residuals after denoising. We compute subset samples (blue
circles in Fig. 3.4a) as average values over a 20 ms fundamental period, centred every
125 ms at the end of each pulse, where the IP effect is lower, though not zero.

Figure 3.4. Drift analysis and correction for a representative waveform. (a) Drift removal
using a Cole–Cole drift model fitted to selected end-of-pulse subsets (blue markers);
the reported slopes refer to the fitted drift before/after correction. (b) Residuals of
the drift fit for the selected subsets, with an example of only accepted (good-fitting)
cases; the resulting STDdrift is reported. (c) Final stacked and gated IP decay after
drift correction, with total uncertainty (error bar) and STDgating.

For the first pulse, where the potential signal theoretically starts at zero, we
sample the last 70% of the pulse. For other windows, we use the last 25%. We select
subsets only from positive pulses (nos. 1, 3, and 5) to guarantee the same pulse
polarity and apply linear interpolation to them. If the slope of the interpolated line
does not exceed 0.05 mV/s (maximum drift of about 1 mV during acquisition), drift
is negligible and correction is skipped. Otherwise, we fit the model proposed by
Olsson et al. (2016), based on the Cole–Cole (CC) model (Pelton et al., 1978):
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udrift(n) = d + m0

100∑
j=0

(−1)j

(
n

τfs

)jc

Γ(1 + jc) . (3.1)

where τ and c follow the standard CC notation (time constant and frequency
exponent, respectively), m0 represents the amplitude of the drift, d is added as an
offset constant, fs is the sampling frequency (1 kHz), n is the sample index and Γ is
Euler’s Gamma function. Bounds reflect common ranges for the CC parameters,
discarding unrealistic values: d ∈ R; m0 ∈ [−1, 1]; τ ∈ [10−6 s, 103 s]; c ∈ [10−5, 1]);
while starting values are data-driven: d = mean(u±), m0 = max(u±) − min(u±),
τ0 = 1 s, and c0 = 0.1.

The drift correction is then performed by fitting our subset to the CC model
through three different methods: nonlinear least squares (Marquardt et al., 1963),
interior-point (Byrd et al., 2000), and trust-region (Coleman et al., 1996). The
best-fitting curve is that yielding the minimum root mean square error (RMSE), and
we subtract it from the entire raw potential waveform (both polarities) to obtain
the processed potential value. In fact, even if the drift model is estimated only
from positive pulses, we assume it to be polarity-independent over the measurement
window. Therefore, we obtain the processed signal (magenta solid line in Fig. 3.4a)
as well as the respective residual values for each positive pulse, as differences between
our fitting and potential recordings for each sample. Badly fitted curves were then
removed, modifying the approach originally proposed by Fiandaca et al. (2022)
for 50% duty-cycle waveforms. In our case, residuals were grouped for each pulse
(Fig. 3.4b) and classified as regularly shaped if two conditions are met: (i) a polarity-
consistent linear trend (positive slope correlated with the positive pulse), and (ii) a
drift uncertainty in terms of standard deviation (STDdrift, after Olsson et al., 2016)
below an acceptable threshold value of 1 mV. The motivation for these choices is
that, unlike the case of 50% duty-cycle data, drift correction is performed during
the charge period. Therefore, the zero baseline in our data does not reflect the
true intrinsic value of the signal, but only the difference from the fitted curve. The
residual slope of each accepted filtered record was also checked, and if the value
exceeded the above-mentioned threshold (0.05 mV/s), the measurement was filtered
out from our dataset (Table 3.1).

Table 3.1. Summary of the drift-correction workflow for each profile. “Raw data” is the
number of acquired quadrupoles (excluding measurements affected by power drops).
“W/o drift” indicates measurements for which drift is below the adopted threshold and
therefore no drift correction is applied; percentages in this column are referred to the
raw dataset.

Profile Raw data W/o drift Not validated Processed

G2 1497 280 (19%) 41 (3%) 1176 (97%)
G4 1497 291 (19%) 41 (3%) 1165 (97%)
G6 1489 293 (20%) 46 (4%) 1150 (96%)
G9 1484 355 (24%) 31 (3%) 1098 (97%)
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3.3.2.3 Stacking and gating

After data processing, the IP stacked potentials are obtained from the processed
signals VPROC by

V STACK
IP = 1

NPULSES

NPULSES∑
j=1

(−1)j+1 [VDC(j) − VPROC(j)] . (3.2)

where VDC is the potential retrieved at the end of each pulse (the last 0.3 s) and
NPULSES = 4 in this work, starting from the second one. In fact, the first pulse
is used only for drift estimation, and it is not included in the stacked data (same
approach to compute predicted stacked data), since the potential signal starts from
zero. Similarly, the DC stacked potential V STACK

DC is achieved by averaging the DC
potential values in analogy to Eq. (3.2), and apparent resistivity can be derived from
V STACK

DC by using the implemented approach of Fiandaca et al. (2012).
Then, the IP signals were gated using NGATES = 20, with a log-increasing width,

as reported in Table 3.2.

Table 3.2. Time-gating scheme used to extract the stacked IP decay curve.

Gate number 1 2 3 4 5 6 7 8 9 10
Gate width (s) 0.02 0.02 0.03 0.03 0.04 0.05 0.06 0.07 0.09 0.11
Gate number 11 12 13 14 15 16 17 18 19 20
Gate width (s) 0.13 0.16 0.19 0.23 0.27 0.33 0.40 0.48 0.57 0.68

We chose to start our gating with a delay of 30 ms to minimize the influence of
the induction effects occurring at earlier times and the edge effects of the harmonic
suppression. Following the approach proposed by Olsson et al. (2016), within each
gate, we apply a Gaussian window coefficient (Harris, 1978) to highlight the local
decay trend and suppress the high-frequency noise. Since the IP signal in each gate
has an exponential trend, by convolving the stacked signal within the gate with the
Gaussian window and fitting the resulting smoothed signal with an exponential, we
are able to estimate the intra-gate noise. This applies to an ideal IP charge, whereas
in the case of variations such as those found in heterodox transients (Fiandaca et
al., 2022) it may also reveal a non-exponential trend. For this reason, when the
exponential trend does not provide an adequate description (poor fit quality), a
linear fit was employed. The gated potential V GATE

IP is then computed through the
fitted curve at the gate centre and the gate noise is quantified as the RMSE between
the convolution and the fit. This error is used to define the error associated with
each gate (V GATE

STD ) as the ratio with the respective V GATE
IP , achieving a measure

used for quality control, which could not be estimated using the stacking procedure
between pulses, given the effect of pulse superposition (Fiandaca et al., 2012). We
fixed the required quality threshold equal to 5%, discarding every gate that exceeds
that value. The IP dataset can also be expressed in terms of measured apparent
chargeability mGATE

a for each gate g by:

mGATE
a (g) = 1000 V GATE

IP (g)
2V STACK

DC
, g = 1, 2, . . . , NGATES, (3.3)
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where the factor 2 is justified by the structure of the 100% duty cycle, in which the
polarization effect is due to the superposition of the discharge of the previous polarity
and the charge of the corresponding polarity (Olsson et al., 2015). Together with
the IP decay, the cumulative data standard deviation (STD) was finally calculated
for each gate following the approach of Olsson et al. (2016) and displayed along the
IP measurements (Fig. 3.4c).

Finally, after gating, we apply an automatic gate-filtering routine to remove
the outliers (bad decay curves) in the dataset. Regarding the possible types of
heterodox transient, we define as acceptable only the “P” (starting from positive
values with a decreasing slope) and the “N” (starting from negative values with an
increasing slope) curves (after Fiandaca et al., 2022). For P/N decays, accepted
gates display neither an increase/decrease nor a steep drop (more than 25% with
respect to the previous gate). Finally, we fit a single-exponential model to the
saved gates, and we accept only curves displaying a good fit (R2 > 0.9). If this
criterion is not met, the procedure iteratively removes the first gate and recalculates
the exponential model until the fitting is satisfactory. After this phase, the decay
curves having more than 50% rejected gates are discarded (total number of discarded
curves around 5% across the entire dataset). As an example, Fig. 3.5d reports
the filtered dataset of line G4, in which it is possible to note the coherence of the
IP decay curves obtained through this processing, represented together with the
pseudo-sections of the observed data (Fig. 3.5a for apparent resistivity, Fig. 3.5b
for apparent chargeability at gate no. 10, and Fig. 3.5c for the average of V GATE

STD
across all gates, defined as VSTD). After the processing phase, the data vector for
inversion (d) is given by the DC stacked potential V STACK

DC and the IP gated potential
V GATE

IP (g) for each quadrupole measurement:

dq =
[
V STACK

DC,q , V GATE
IP,q (1), V GATE

IP,q (2), . . . , V GATE
IP,q

(
NGATES

)]
. (3.4)

3.4 Full-decay data inversion

3.4.1 Modelling and inversion algorithms

Modelling and inversion of processed data are carried out adopting the so-called 2.5D
approximation, that is, assuming that conductivity is invariant in the y-direction
(normal to the profile section x–z), while the electric potential is still distributed in
three dimensions. In this case, assuming an external point source located at (xS , zS),
the resistive and capacitive response of the subsurface is described within a domain
D by the Fourier-transformed Poisson complex equation (De Donno and Cercato,
2023):

−∇ · [σ∗(x, z, ω)∇ϕ∗(x, z, λ, ω)] + λ2σ∗(x, z, ω)ϕ∗(x, z, λ, ω) = I∗δ(xS)δ(zS),
∀ (x, z) ∈ D.

(3.5)

where σ∗ is the complex electrical conductivity (ρ∗ = 1/σ∗ being the complex
resistivity), generally depending on the angular frequency ω = 2πf , with f the
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Figure 3.5. Example of the processed dataset for profile G4. (a) Observed apparent
resistivity pseudo-section ρobs

a . (b) Observed apparent chargeability for gate #10, Mobs
a10 ;

square markers highlight measurements extracted from negative-polarity transients (N).
(c) Quality metric VSTD (%) used for data screening. (d) Set of processed decay curves
(coloured), with discarded curves shown in light grey, after stacking and time gating.
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frequency, ϕ∗ the complex-valued transformed electric potential, λ the transformed
variable, I∗ the injected current, and δ the Dirac delta function.

A complex electrical measurement of rock material provides information on both
electrolytic (ohmic) conduction and polarization effects (surface conduction) and on
its frequency dependence. In environmental studies conducted at low frequencies
(f < 103 Hz), the dominant polarization mechanism is the polarization of ionic
charges associated with the electrical double layer (EDL) at the mineral–fluid
interface (Binley et al., 2005).

The frequency dependence of complex resistivity (or conductivity) is typically
characterized using phenomenological models (e.g., Cole and Cole, 1941; Pelton et
al., 1978). For geophysical applications, the CC model is among the most widely
adopted, and it expresses the complex resistivity as

ρ∗(ω) = 1
σ∗(ω) = ρ0

[
1 − m0

(
1 − 1

1 + (iωτ)c

)]
. (3.6)

where ρ0 denotes the direct-current (DC) resistivity [Ω m], m0 is the intrinsic
chargeability [mV/V], τ represents the time constant [s], and c is the frequency
exponent [dimensionless].

Equation (3.5) is solved for each frequency within the range [10−4 Hz, 1010 Hz]
using logarithmic sampling with five points per decade and the finite-element method.
Neumann and Dirichlet boundary conditions are applied respectively on the surface
and on lateral and bottom boundaries placed sufficiently far from the source (De
Donno and Cardarelli, 2017b). The complex electrical impedance, Z∗

q (ωj), is then ob-
tained, for each quadrupole q = 1, . . . , Nq and angular frequency ωj (j = 1, . . . , Nf ),
by computing the potential difference between the corresponding potential electrodes
and normalizing it by the injected current, where Nq and Nf denote the total number
of quadrupoles and frequencies, respectively. The DC response, Zq(0), is computed
using the same approach for ω = 0.

Since IP data were acquired in the time domain, the complex impedance is then
back-transformed into a step response VSTEP using an inverse Fourier sine-transform
of the frequency-domain response following the approach of Fiandaca et al. (2013),
as implemented in Matlab by De Donno and Cercato (2023). For a 100% duty
cycle, the stack response is computed by

VSTACK(j)(t) =
j∑

m=1

2∑
k=1

(−1)m+k VSTEP(t + (k − 1)T + (j − m)T ) ,

j = 1, 2, . . . , NST + 1.

(3.7)

Then, predicted potentials V STACK
DC and V GATE

IP (g) were computed following the
same procedures described for stacking and gating of the observed data.

We used in this work our inversion algorithms based on a Gauss–Newton formu-
lation and described extensively after De Donno and Cardarelli (2017b) for integral
chargeability and De Donno and Cercato (2023) for full-decay inversion, respectively.
The spectral inversion is performed using the CC model (mk = [ρ0k; m0k; τk; ck],
k = 1, 2, . . . , M , with M the number of elements), setting inequality constraints
such that ak < mk < bk, with ak = (0.1 Ω m, 0.1 mV/V, 0.001 s, 0.1) and bk =
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(104 Ω m, 500 mV/V, 10 s, 0.6). We discarded unrealistic values or values inconsis-
tent with those expected in an MSW landfill site. Inversion is carried out using
a log10-transformation of the model parameters, which is particularly suitable for
electrical models spanning many orders of magnitude (Kim and Kim, 2011):

xk = log10

(
mk − ak

bk − mk

)
. (3.8)

We used the model resolution matrix (MRM) as a proxy for assessing data
coverage (Menke, 2015), with different cut-off values [10−3, 10−4, 2 · 10−6, 10−4] for
discarding pixels in the CC models, according to the difference in sensitivity between
the four parameters (García-Fiscal and Flores, 2018).

The predicted data at the last iteration were then used to compute the a-posteriori
integral chargeability values, following the approach of Fiandaca et al. (2012), in
order to: (i) compare the integral chargeability derived from a rigorous spectral
inversion with the one arising from a classical IP inversion approach (Oldenburg
and Li, 1994); and (ii) use DC resistivity and integral chargeability as input for
estimating water content θl and CEC through the petrophysical relations of Revil et
al. (2020), as follows:

θl =
[ 1

σl

(
σ0 − Mn

R

)]1/m

(3.9)

CEC = Mn

θm−1
l ρgλ

. (3.10)

where Mn (in S/m) is the normalized chargeability (Slater and Lesmes, 2002),
defined as the product of the chargeability and the direct-current conductivity σ0; m
denotes the cementation exponent, which we set equal to 2, as well as the saturation
exponent n in the second Archie’s law (modified after Winsauer et al., 1952); σl

corresponds to leachate conductivity; ρg denotes the grain (waste) density; and
R = λ/B ≈ 0.1 ± 0.02 after Revil et al. (2017), where λ is the apparent mobility of
the counterions for polarization (in m−2 s−1 V−1) and B is the apparent mobility
of the counterions for surface conduction (in m−2 s−1 V−1). The average leachate
conductivity, directly logged in the wells, was equal to 1.0 ± 0.2 S/m, while the waste
density ρg was assumed constant and equal, in a first approximation, to 1500 kg m−3

(Steiner et al., 2022).

3.4.2 Inversion results

Although datasets were acquired on the whole G2–G9 profiles, we inverted only
subsets of data pertaining to the eastern part of the landfill (see Fig. 3.2 for location),
where leachate accumulation zones were already detected in the previous geophysical
campaign (Piegari et al., 2023). Figures 3.6a–d present the inverted CC model for
profile G4, alongside the fitting results for four selected quadrupoles (Fig. 3.6e). The
inverted cross-sections are able to image the landfill site down to a maximum depth
of investigation (DOI) of around 40 m, detecting a three-layer model:
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1. the uppermost layer (thickness of a few metres), having high resistivity (ρ0 >
20 Ω m) and relatively low chargeability (m0 between 5 and 20 mV/V), related
to the presence of the covering layer;

2. a conductive and chargeable middle layer (with variable thickness along the
profiles due to the geometry of the landfill) related to the waste mass, where
m0 > 100 mV/V (even with significant spatial variability) and ρ0 < 10 Ω m
(with large areas in the middle part of the sections having ρ0 < 5 Ω m), likely
due to leachate accumulation;

3. the bottom layer, which is visible as an increase of resistivity and a respective
decrease of chargeability, although it falls within a low-coverage region. This
electric behaviour is due to the presence of the low-permeability high-density
polyethylene (HDPE) bottom liner, acting as an insulator (ρ ∼ 107 Ω m).

In particular, the most conductive zones (ρ0 ∼ 2 Ω m), located between 250
and 350 m in the x-direction and at an elevation interval between 460 and 440 m
a.s.l. (Fig. 3.6a), are associated with lower chargeability values with respect to the
neighbouring zones (Fig. 3.6b).

Additionally, the CC inversion also provides τ and c models (Figs. 3.6c–d), even
though they are not as well resolved as ρ0 and m0. Time-constant values are mainly
between 0.5 and 1.5 s, with three local anomalies where τ approaches or exceeds 2 s
(Fig. 3.6c). The frequency exponent c (Fig. 3.6d) shows a spatial pattern similar to
m0, with lower values (0.2) outside the landfill and higher values (0.6) within the
waste mass, consistent with a more heterogeneous medium and more overlapping
polarization mechanisms. The quality of the fitting is satisfactory, as demonstrated
by the good agreement between predicted and observed decay curves, though the
error increases for the weaker IP signals (i.e., green line in Fig. 3.6e) as expected.

The results of the G4 profile are confirmed by the overall 3D view of the CC
models for the four profiles (Fig. 3.7), positioned to follow the potential leachate
pathway from upstream (G9) to downstream (G2). The DC resistivity models
(Fig. 3.7a) clearly show the transition between the various terraces of the waste-
disposal site, within the three main layers that characterize the entire landfill. The
conductive middle zone, located on the western side of the lines and associated with
the leachate accumulation zone, narrows downstream due to the peculiar morphology
of the bottom layer (impluvium), already highlighted by previous investigations
(Piegari et al., 2023). Moreover, a high-resistivity area appears at the bottom of the
landfill in the middle of profiles G6 and G9, likely related to an old embankment used
to separate different zones during waste collection. Another anomaly is also visible
in the western part of the G2 profile, where a low-conductivity shallow area appears,
likely due to an inversion artefact caused by the vicinity to the embankment, where
some electrodes of G2 grounded outside the landfill can interfere with the metallic
reinforcements of the embankment.

The high-chargeability anomalies in the intermediate layer clearly delineate the
boundaries of the waste mass, displaying a moderate biological activity (or, locally,
possible metallic inclusions), with values ranging from 100 to 500 mV/V. Time
constant and frequency exponent also follow the stratigraphy of the landfill, with
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Figure 3.6. Full-decay inversion results for profile G4. (a) DC resistivity (Ω m). (b)
Intrinsic chargeability m0 (mV/V). (c) Relaxation time constant τ (s). (d) Frequency
exponent c (dimensionless). Model regions not shown correspond to low-coverage areas
(according to the adopted coverage cut-off value). (e) Examples of observed (symbols)
and predicted (solid lines) decay curves for four selected quadrupoles (IDs reported in
the legend).



3.5 Discussion 33

the same limitations previously explained for G4, both in terms of coverage and
interpretability.

After inversion we compare the integral chargeability obtained from the two-step
inversion method (Figs. 3.8a–d) proposed by Oldenburg and Li (1994, III method –
nonlinear approach) with the a-posteriori integral chargeability calculated after the
full-decay inversion (Figs. 3.8e–h). Because the two inversion approaches employ
different types of data (integral apparent chargeability and IP voltage, respectively),
the RMSE values are not directly comparable. Although both methods reveal a
similar layering, the chargeable intermediate zone (waste mass) appears smoother
in the two-step inversion (Fig. 3.8a–d). Additionally, in the classical inversion the
anomalous zone extends downward without significant variation, although deep areas
fall within low-coverage regions. For the full-decay case, the waste mass is more
sharply defined, as expected, and the high chargeability values associated with the
waste mass are confined to regions having good coverage. In the shallow part of the
landfill, the two reconstructions exhibit some common shapes and lateral variation
of the IP response (i.e., at x ≈ 300 m for line G4 in Figs. 3.8b and 3.8f), even though
with higher heterogeneity for the full-decay models.

Finally, the integral chargeability derived from the full-decay inversion is used to
apply the petrophysical relations described in Eqs. (3.9) and (3.10) for estimating θl

(Figs. 3.9a–d) and CEC (Figs. 3.9e–h), respectively, linked to leachate accumulation
zones and waste biodegradation activities. Regarding the CEC analysis, sections
exhibit localised anomalies, which are likely associated with the strongest interfacial-
polarization mechanisms caused by biogeochemical activity. At the same time, the
models present higher levels of water content in the intermediate layer, as expected,
which may be correlated with saturated waste zones. In fact, the high θ values
(0.5–0.6) match the levels logged in wells P4 and P5 along the G4 and G6 profiles.
However, the low leachate level logged in P3 (tens of centimetres) corresponds to an
area with a slightly lower water-content value (0.4–0.5), though not close to zero
as expected. This is likely due to a smaller leachate-accumulation zone and to the
fact that the waste mass can exhibit a high moisture content due to its field holding
capacity, still not contributing to a continuous flow path within the landfill (see
Zhang et al., 2023, for a review).

3.5 Discussion

The presented results highlight that resistivity and chargeability convey different
but complementary information in MSW landfills. Low resistivity reliably identifies
leachate-accumulation zones, whereas high chargeability is primarily associated with
waste presence, biogeochemical activity, and interfacial-polarization processes. The
observed vertical misalignment between conductive and chargeable zones is consistent
with landfill-ageing processes, leachate migration, and decreasing biological activity
with depth. This behaviour is not unexpected, since the increase in volumetric
conductivity observed in the presence of saturated leachate, as more ion exchange
occurs, could lead to a decrease in the IP response (Abdulrahman et al., 2016).
Hence, chargeability is not directly proportional to the presence of leachate, but
rather to the presence of waste, as it can be influenced by several other features
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such as waste composition, aggregation, biological activity, and the presence of
metallic inclusions (e.g., Binley & Slater, 2020; Flores-Orozco et al., 2020). Another
reason is that leachate, formed when compacted fresh-aged waste interacts with
rainwater, seeps over time into the bottom layers due to gravity, while biological
waste activity decreases. This reduces both leachate production and, notably, the
IP signatures. As a result, areas of higher conductivity shift downward and areas of
higher chargeability move upward. This effect creates the observed shift between
the maxima of the two models. The observed decoupling likely reflects this, but in
such complex environments many factors may locally increase m0 independently of
fluid content, as discussed above.

Conversely, the other CC parameters (τ and c) have less information content. On
the one hand, the main drawback of the time constant is the lower sensitivity with
respect to the other parameters, and its variations around 1 s may reflect couplings
with m0 and c (Tarasov and Titov, 2013). Because of this, τ anomalies should be
viewed carefully. Taking this into consideration, these areas are in the well-covered
shallow region, and they may reflect slower polarization processes associated with
interfacial-polarization effects (Maxwell–Wagner/membrane) due to the presence of
areas with biofilm or active chemical surfaces. On the other hand, the strong link
between c and m0 indicates that these parameters are correlated, as pointed out by
Fiandaca et al. (2018). For this reason, c provides little extra information beyond
what m0 already shows in this dataset, because the problem becomes more ill-posed
and the c values could change to compensate m0 and τ (Macnae, 2025). For this
reason, τ and c can be included as supporting parameters in landfill characterization,
but discussed alongside ρ0 and m0 only in areas with sufficient coverage.

The results of the a-posteriori conversion to integral chargeability (Fig. 3.8)
underline how the full-decay inversion can provide models with higher resolution
compared to those reconstructed with a classical two-step inversion. The motivation
is twofold: (i) thanks to the forward modelling of the entire decay curve the dataset
is enlarged, enabling a more accurate description of waste distribution compared
with a single integral value; and (ii) the estimation of the intrinsic chargeability
is unbiased compared with the classical approach, where predicted and observed
apparent (integral) chargeability formulations differ since it is unfeasible to reliably
record the instantaneous value of the potential when current is shut off or changes
sign (Binley & Slater, 2020). Anyway, an advanced processing workflow, such as the
one presented in this paper, is crucial to obtain a high-quality 100% duty-cycle IP
dataset that can enable this type of inversion.

The petrophysical models were then derived from well-established empirical
relationships, whose effectiveness depends on the assumptions regarding grain density
and leachate conductivity. The former parameter was not studied in this work,
since it would require drilling boreholes and extracting waste samples for laboratory
analysis. Nevertheless, an accurate description of grain density is almost always
unfeasible for MSW landfills, even using direct inspections, due to the extreme spatial
heterogeneity of waste composition. The latter parameter (leachate conductivity)
is known only at scattered points (wells), but its variation throughout the site is
not significant (±0.2 S/m), so the assumption of an average constant value can be
reasonable. Therefore, these models can be useful for defining the predominant
spatial trends of leachate accumulation and waste distribution where the coverage
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is good. In fact, good agreement was also found for CEC models, where the most
biologically active areas are easily identifiable, as in the case of the two central
anomalies of line G6 (Fig. 3.9g).

This work underlines the potential of implementing in the future a continuous
time-lapse monitoring system of landfill sites, based on the proposed workflow, in
order to automatically detect changes in saturation and waste-mass biochemical
activities. This implementation could lead to the dual objective of checking leachate
accumulation over time and, on the other hand, assessing the long-term effectiveness
of the management procedures in use. Our investigation was guided by the aim of
assessing the effectiveness of the drainage system developed after the results of the
previous geophysical survey (Piegari et al., 2023). In this sense, an overall reduction
of the low-resistivity areas can be seen, since the conductive anomalies are confined
to a smaller portion of the landfill compared with the previous resistivity models.
However, a thorough evaluation of the changes in leachate-accumulation areas is
beyond the scope of this work, because it requires a time-lapse survey, considering
at least four measurements per year to take into account the effect of seasonality.
In addition to that, the integration of electrical data with seismic techniques (e.g.,
seismic tomography) could strengthen the petrophysical link, enabling the estimation
of saturation given the porosity (Steiner et al., 2022).

3.6 Conclusions

This work demonstrates the effectiveness of the proposed approach encompassing
processing of 100% duty-cycle full-waveform electrical data with full-decay inversion
for the characterization of MSW landfills, oriented to the imaging of leachate-
accumulation zones and the characterization of the waste mass.

The proposed processing workflow for 100% duty-cycle full-waveform data can
help to enhance the signal-to-noise ratio of IP measurements, enabling the application
of full-decay inversion for CC parameters. Full-decay inversion of TDIP data
provides a more accurate and physically consistent description of the subsurface
electrical response than classical two-step integral chargeability inversion. While
both approaches identify similar large-scale layering, the full-decay method is more
consistent and reliable, highlighting sharper variations of electrical parameters, more
localised anomalies, and a more reliable delineation of biologically active waste zones,
particularly where data coverage is adequate.

Although the spectral inversion retrieves τ and c models, these parameters are
only weakly constrained and strongly correlated with intrinsic chargeability. As
a result, they provide limited independent information in this dataset and should
be interpreted cautiously, mainly as supporting indicators alongside resistivity and
chargeability.

The full-decay inversion enables the estimation of an unbiased a-posteriori integral
chargeability, which can retain higher resolution compared with the classical two-
step inversion approach. This feature can assist the application of well-established
petrophysical relationships to estimate water (leachate) content and CEC. While
these results are still subject to the underlying assumptions and to parameter
uncertainties, they provide valuable insight into leachate saturation and zones of en-
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hanced biogeochemical activity, supporting landfill risk assessment and management
strategies.

3.7 Final remarks

In closing this chapter, it is useful to recall the conceptual framework introduced
in the Background. In porous media, when electrolytic conductivity increases
because of high saturation and leachate salinity, the IP response may decrease
even if polarization mechanisms are still present. In this sense, fully leachate-
saturated zones are mainly associated with low resistivity and with a chargeability
response that can be lower than in drier waste or in zones where biochemical
activity is more pronounced, also because complete saturation limits the interfacial
conditions required for a strong IP response. Accordingly, the association between low
resistivity and high chargeability is not regarded afterwards as a universal signature
of fully saturated leachate, but as an operational indicator of leachate-affected
and electrochemically active waste domains. This also explains why the simplified
synthetic models or clustering approaches discussed later use this association for
practical target detection, without explicitly separating the possible decrease of IP
response caused by full leachate saturation.

In this thesis, no dedicated synthetic benchmark was performed to quantify the
improvement of full-decay inversion over classical integral-chargeability inversion.
The advantage of full-decay inversion, as shown in previous studies cited in this
chapter and in the field results comparison reported in Fig. 3.8 of the manuscript
presented here, is that the temporal shape of the TDIP response is exploited instead
of reducing the polarization behaviour to a single integral chargeability value. This
allows the inversion to estimate the intrinsic chargeability m0, which better represents
the overall polarization strength of the investigated medium than a chargeability
value integrated over a fixed time window. A systematic synthetic comparison in
terms of data misfit and model resolution remains a useful future development.

A separate point concerns the quantitative assessment of the full-waveform acqui-
sition and processing gain. A direct comparison with conventional instrument-derived
IP chargeability values was not performed in this thesis because the 2025 data were
acquired in "RES" mode in the ABEM instrument options. This configuration was
selected for practical reasons, to reduce acquisition time in the landfill environment
and to allow the adopted current-pulse configuration for full-waveform processing.
Under this acquisition mode, standard IP chargeability values were not provided
as instrument output. Therefore, a paired comparison with classical gated IP data
was not available, and remains an important future development for quantifying the
gain in terms of signal-to-noise ratio or quality of the IP data.

The results also show that not all Cole–Cole parameters have the same interpre-
tative value in this landfill context. Resistivity and intrinsic chargeability provide
the most stable and environmentally meaningful information, whereas the relaxation
time τ and the frequency exponent c are more difficult to relate unambiguously to
waste properties. They are therefore considered complementary descriptors of the
spectral response rather than primary interpretative parameters.

Finally, the reliability of the full-decay inversion depends on the quality of
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waveform processing. In this thesis, the gating was started with a delay of 30 ms to
minimize the influence of induction effects occurring at earlier times and the edge
effects of harmonic suppression. The Hampel-based despiking was adopted following
the workflow of Olsson et al. (2016), whose effectiveness for full-waveform TDIP
processing had already been demonstrated. Its parameters were adapted to the
characteristics of the recorded signal and checked against the raw and processed
waveforms, while corrections of fractions of millivolts may still be relevant for weak
IP responses at late times. Future developments will also consider an update of this
processing scheme, including a more automated and adaptive selection of filtering
and despiking parameters. The comparison with piezometric levels is also regarded as
qualitative, because estimated water content is indirectly derived from geoelectrical
parameters, whereas well levels provide local hydraulic information in a highly
heterogeneous waste body.
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Figure 3.7. 3D visualization of the inverted models for profiles G2, G4, G6 and G9. (a)
DC resistivity ρ. (b) Intrinsic chargeability m0. (c) Relaxation time τ . (d) Frequency
exponent c. Models are displayed only within the high-coverage region defined by the
adopted cut-off value; axes are in UTM coordinates and elevation.
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Figure 3.8. Comparison between a-posteriori integral chargeability obtained from (a–d) a
conventional two-step inversion and (e–h) the full-decay inversion. Panels correspond to
the four profiles (G2, G4, G6 and G9). Shaded regions indicate areas below the adopted
coverage cut-off value.
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Figure 3.9. Water content (a–d) and CEC (e–h) models retrieved with the relation of
Revil et al. (2020) using inverted parameters from full-decay inversion of full-waveform
data. Panels correspond to the four profiles (G2, G4, G6 and G9). The piezometric
levels logged in wells are superposed with white filled rectangles.
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4.1 Abstract

In this study, we present a stochastic global joint inversion framework for two-
dimensional electrical resistivity tomography (ERT) and time-domain induced po-
larization (TDIP) data, aimed at improving model reconstruction and providing
statistically consistent uncertainty estimates. Although ERT and TDIP inversion has
been extensively investigated, systematic uncertainty analysis in full two-dimensional
frameworks remains limited. The proposed approach jointly inverts ERT and IP data
for resistivity and chargeability using the very fast simulated annealing (VFSA) on
an unreduced 2D parameter mesh, thereby avoiding model simplifications that may
bias parameter estimation and uncertainty quantification. The algorithm is imple-
mented using parallel independent runs, base-10 logarithmic reparameterization, and
inequality constraints on resistivity values to ensure numerical stability and physical
plausibility. Model uncertainty is evaluated through ensemble-based analysis, where
posterior covariance is computed from models lying within a misfit tolerance, ap-
proximating the high-likelihood region of the parameter space, while correlation is
computed from the full ensemble of the accepted models. This formulation enables
assessment of parameter variability, identifiability, and resistivity–chargeability cou-
pling without relying on local linearization. The methodology is tested both on a
synthetic model and field data acquired over a municipal solid waste landfill, where
leachate accumulations represent geophysical targets of interest. Results demonstrate
that global exploration of the solution space provides improved characterization of
model uncertainty and reveals features that may remain unresolved in deterministic
approaches. The proposed framework illustrates how global optimization can be
integrated with ensemble-based statistical analysis for multiparameter geophysical
imaging, contributing to more robust interpretation of 2D ERT and TDIP data.
Keywords: electrical resistivity tomography (ERT), induced polarization, inverse
theory, probabilistic forecasting.

4.2 Introduction

Electrical resistivity tomography (ERT) and time-domain induced polarization
(TDIP) are widely used geophysical techniques for imaging subsurface heterogeneity

mailto:davide.melegari@uniroma1.it


4.2 Introduction 43

in natural and anthropogenic environments. ERT has been extensively applied to
characterize geological complexity and environmental processes (Samouëlian et al.,
2005; Chambers et al., 2006), while TDIP provides complementary information owing
to its sensitivity to electrochemical and microbial activity in the subsurface (Flores-
Orozco et al., 2020). The joint use of ERT and TDIP has proven particularly valuable
in municipal solid waste (MSW) landfills, where strong heterogeneity and evolving
hydrochemical conditions control moisture distribution and leachate migration (see
De Donno et al., 2024 for a recent review).

The reliability of geoelectrical investigations strongly depends on the inversion
framework used to reconstruct subsurface electrical properties. Over the past decades,
several forward modelling and inversion approaches have been developed for two-
and three-dimensional imaging (e.g. Loke and Barker, 1996; Rücker et al., 2017;
Blanchy et al., 2020). Nevertheless, most practical applications rely on deterministic
local inversion schemes based on smoothness-constrained formulations (Constable
et al., 1987; de Groot-Hedlin and Constable, 1990). Although computationally
efficient, these approaches are inherently local: they depend on an initial model, may
converge toward local minima, and often produce overly smooth representations of the
subsurface. In highly heterogeneous systems such as landfills, smoothness constraints
may distort anomaly geometry and bias parameter estimation, particularly when
sharp resistivity contrasts are present and prior information is limited (e.g. Loke
and Barker, 1996; Sen and Stoffa, 2013).

A further limitation of conventional inversion concerns the treatment of model
uncertainty. Resolution matrices and depth-of-investigation estimates (e.g. Menke,
1984; Oldenburg and Li, 1999; Günther et al., 2006) provide qualitative insight
into model reliability but do not yield statistically consistent confidence intervals or
probabilistic descriptions of parameter variability. This shortcoming is particularly
critical in landfill environments, where robust uncertainty quantification is essential
for environmental monitoring and risk assessment.

Global optimization strategies offer an alternative framework by exploring a
broader portion of the parameter space and reducing dependence on initial model
assumptions. Such approaches are better suited to address nonlinearities and non-
uniqueness inherent in multiparameter inverse problems (Sen and Stoffa, 2013).
However, their application to ERT and TDIP inversion remains limited due to
the computational burden associated with repeated nonlinear forward simulations
(Chunduru et al., 1996). To alleviate this issue, some studies have proposed reduced
parameterizations or simplified model representations (Fernández-Martínez, 2015;
Aleardi et al., 2022), which decrease computational cost but may constrain spatial
flexibility and resolution.

Among global optimization algorithms, Very Fast Simulated Annealing (VFSA)
(Ingber, 1989) provides an efficient strategy for exploring high-dimensional nonlinear
parameter spaces. Compared to classical Monte Carlo sampling, VFSA achieves
faster convergence while maintaining global search capability (Sen and Stoffa, 2013).
Despite these advantages, applications of VFSA to full-mesh two-dimensional joint
inversion of ERT and TDIP data remain scarce, particularly in contexts where
statistical characterization of parameter uncertainty and parameter coupling is
required.

In this study, we present a stochastic global inversion framework for the joint
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inversion of ERT and TDIP data based on VFSA, applied directly to a full two-
dimensional parameter mesh without model reduction. The approach generates
ensembles of resistivity and chargeability models, enabling statistical analysis of
parameter variability, identifiability, and resistivity–chargeability coupling within a
high-likelihood region of the solution space. Building upon previous applications of
VFSA to standalone ERT data (Chunduru et al., 1996; Cercato and De Donno, 2023),
this work moves beyond single-parameter inversion by extending the approach to a
fully coupled multiparameter framework and by introducing a systematic analysis
of the posterior model space. The objectives of this study are twofold: (i) to
develop and test a stochastic joint inversion strategy for ERT and TDIP data; (ii) to
investigate parameter identifiability and coupling, and to evaluate the added value of
uncertainty-aware inversion for interpreting complex geophysical targets in landfill
environments. The methodology is implemented within an extended version of the
VEMI (Versatile algorithm for Electrical data Modelling and Inversion) software,
developed in MATLAB (De Donno and Cardarelli, 2017b), which employs finite-
element modelling to simulate both resistivity and integral chargeability responses
under different acquisition geometries. The proposed approach is preliminary tested
through a synthetic example and subsequently applied to the characterization of a
MSW landfill in Central Italy, mainly oriented to the detection and monitoring of
potential leachate accumulation areas.

4.3 Method

4.3.1 Forward modelling

The resistive response of a subsoil is described by Poisson’s equation under the
hypothesis of an external point source:

−∇ · [σ0(r)∇V (r)] = Iδ(r) ∀ r ∈ D, (4.1)

where σ0 is the DC (direct-current) electrical conductivity (the DC electrical re-
sistivity is ρ0 = 1/σ0), V the electric potential, r ≡ (x, y, z) the position vector,
I the injected current, δ Dirac’s function approaching infinity at r ≡ rs, with
rs ≡ (xs, ys, zs) the position vector of the source and D the 3-D domain. The
point-source approximation is valid when the electrode spacing is large relative to
both the electrode size and the investigation depth, as is typical in near-surface ERT
applications (Cardarelli and De Donno, 2019).

When 2-D conditions apply – i.e. when the resistivity is assumed to be invariant
along the y-direction – Eq. (4.1) is Fourier-transformed in the (x, λ, z) space (e.g.
Dey and Morrison, 1979):

−∇ · [σ0(x, z)∇ϕ(x, λ, z)] + k2σ0(x, z)ϕ(x, λ, z) = Iδ(x)δ(z) ∀ (x, z) ∈ Ω, (4.2)

being λ the transformed variable, ϕ the transformed potential and Ω the 2-D domain.
The 2D hypothesis holds if the ERT line is approximately normal to the axis

of the expected anomalies or 3D effects are not significant. Among the different
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numerical approaches employed for the solution of Eq. (4.2) under appropriate
boundary conditions, the Galërkin formulation of the finite-element method has
been applied by numerous authors over the past years (e.g. Günther et al., 2006).
In this case, the numerical solution of Eq. (4.2) is found as:

Φ = Y−1I, (4.3)

which requires the stiffness matrix Y [N × N ], with N the number of nodes, to
be invertible. After solving Eq. (4.3), the electrical potential vector Φ is back
transformed into the spatial domain, yielding the DC potential vector V0.

Under the assumption of low-frequency polarization, the IP phenomenon is often
modeled through the chargeability m defined as:

σ0 = σ∞(1 − m), (4.4)

where 0 ≤ m < 1 and σ∞ is the instantaneous conductivity (Binley and Slater,
2020). This formulation corresponds to the linear approximation of the polarization
effect, valid for typical near-surface IP surveys and small chargeability values (Seigel,
1959).

Therefore, for the combined ERT and IP case, we solve Eq. (4.2) twice by using
in turn σ0 and σ∞, yielding through Eq. (4.3) two potential vectors V0 and V∞.

Once the potentials are obtained, the predicted apparent resistivity ρpre
a and

chargeability mpre
a can be computed as:

ρpre
a = K

∆V0
I

, (4.5a)

mpre
a = ∆V0 − ∆V∞

∆V∞
, (4.5b)

being K the geometric factor and ∆V the potential difference computed owing to
the particular measurement sequence.

4.3.2 Inversion procedure

4.3.2.1 VFSA inversion

In this study, the VFSA algorithm (Ingber, 1989; Sen and Stoffa, 2013) is adopted
for the inversion process, owing to its robustness and the relatively small number
of parameters required. The algorithm draws random models from a Cauchy-like
distribution that is, in turn, a function of temperature. Models that lower energy are
always accepted, while models that increase energy are accepted with a finite and
temperature-dependent probability. This probability-dependent acceptance criterion,
together with an adequate cooling schedule and enough random samples, ensures the
inversion process to converge towards the global minimum of the energy function,
which is virtually independent of the initial model (Cercato, 2011). In this study,
the energy function E is defined, for the model M = [ρ0, m] of resistivity (ρ) and
chargeability (m) under consideration, as:
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E(M) =
∑N

i=1

[
log10

(
dobs

a,i

)
− log10

(
dpre

a,i (M)
)]2

N
, (4.6)

where d = [ρobs
a , mobs

a ] is the joint observed dataset and N the number of measure-
ments (doubling the number of quadrupoles), with ρobs

a and mobs
a apparent resistivity

and apparent (integral) chargeability, the latter being equal to (Olsson et al., 2019):

mobs
a = t−1

tot

NG∑
g=1

mgtg, g = 1, 2, . . . , NG, (4.7)

where mg is the chargeability value for the g-th gate, being NG the number of gates,
while tg and ttot =

∑NG
g=1 tgate,g the time width for the g-th gate and the total time

summed from the first to the last gate, respectively.
Alternative definitions of the energy function, such as the L1-norm, L2-norm

and normalized error, were also considered and tested. However, Eq. (4.6) was
consistently adopted throughout all the inversions presented in this work, to ensure
methodological uniformity. The base-10 logarithm transformation was used, as it is
generally considered more appropriate for electric and electromagnetic applications,
where resistivity values typically span several orders of magnitude (Kim and Kim,
2011; Sen and Stoffa, 2013).

4.3.2.2 Inversion parameters and a priori information

The cooling schedule is calculated according to Ingber (1989):

Tk = T0e[−ck(1/NP )], (4.8)

where Tk is the temperature at the iteration k = 1, 2, . . . , NS , with NS the number of
random steps, c = γ exp

(
− n

NP

)
, with NP the number of parameters (doubling the

number of pixels), γ = log
(

T0
Tf

)
and n = log NS . Therefore, the number of random

steps must be specified in advance to perform global inversion.
For 2D inversion, with typically hundreds of model parameters, is more appropri-

ate to use a constant factor (0.4) instead of 1/NP , to achieve a reliable reduction of
temperature to the lowest temperature level (Sharma, 2012). In fact, using NP for a
large set of variables, such as for the ERT case, the number of iterations required
for convergence increases dramatically (Sharma and Kaikkonen, 1998). Therefore,
we decided to adjust this value to 0.4, based on many previous VFSA studies (see
Biswas and Sharma, 2015 and references therein).

The initial and final temperatures (T0 and Tf ) are selected to ensure an effective
control of the acceptance criterion throughout the inversion process. At high tem-
peratures (T ≈ T0), most candidate models are accepted, including those associated
with an increase in the objective function, thus promoting a broad exploration of the
model space. As the temperature decreases (T → Tf ), the probability of accepting
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unfavourable perturbations rapidly diminishes, leading the algorithm towards con-
vergence around the global minimum. Based on preliminary tests on ERT datasets
(Cercato and De Donno, 2023), T0 and Tf were set to 1 and 10−9, respectively. The
stochastic search is carried out within predefined bounds on the model parameters
(ai ≤ Mi ≤ bi), which incorporate prior information and define the admissible region
of the parameter space explored during the inversion. Then, the randomly altered
model is found as:

Mnew
i = Mi + yi(bi − ai), i = 1, 2, . . . , NE , (4.9)

where yi = Tk sign(u − 0.5)
[(

1 + 1
Tk

)|2u−1|
− 1

]
, NE is the number of elements, u is

a randomly generated number drawn from a discrete uniform distribution between 0
and 1, such that for each decade within the global bounds only 100 resistivity and
chargeability values can be picked and both model and constraints are expressed in
terms of log10 values. The discrete uniform distribution is adopted to reduce the
number of steps required for convergence without affecting the effectiveness of the
procedure (Weber, 2000).

To enhance the stability of the inversion and suppress spurious fluctuations, a
weighted median filter is applied to the model parameters after each perturbation
step. The filtered value of the i-th pixel is computed as:

MnewF
i = MED [WU♢Mnew

U , WL♢Mnew
L , WC♢Mnew

C , WR♢Mnew
R , WD♢Mnew

D ] ,

(4.10)

where MED[·] denotes the median operator, W represents the assigned weights,
and ♢ indicates the duplication operator. Subscripts (U, L, C, R, D) refer to the
neighbouring pixels (up, left, centre, right, down). The weighting scheme is adapted
according to pixel location (e.g., interior, boundary, or corner cells), with represen-
tative configurations including (1, 1, 3, 1, 1) for interior pixels and reduced weights
along model boundaries. The use of a median-based filter, as opposed to conventional
averaging schemes, allows preserving sharp resistivity contrasts while effectively
reducing isolated artefacts (Brownrigg, 1984; Yin et al., 1996). This contributes to
a more stable exploration of the model space and improves convergence efficiency
(Weber, 2000).

A sufficiently large number of model perturbations is required to adequately
sample the a posteriori probability distribution (PPD) (Sen and Stoffa, 1996; Bhat-
tacharya and Sen, 2003; Sen and Stoffa, 2013). In this study, the total number
of random steps is defined as a function of the number of model parameters NP ,
ensuring an adequate exploration of the parameter space. Because a single realization
of the VFSA algorithm may not be sufficient to consistently identify the global
minimum, multiple independent runs are performed. Specifically, ten inversions are
carried out in parallel, each starting from different random initial conditions. The
final solution is obtained by averaging the minimum-misfit models from each run,
thus improving robustness and reducing the impact of stochastic variability.
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4.3.2.3 Uncertainty estimation

Following the approach proposed by Sharma (2012) for stochastic inversion, the
model parameters are represented in log10 space, implying that the corresponding
physical parameters follow a lognormal distribution. Uncertainty estimation is
therefore performed on the log10-transformed variables.

To estimate the mean model and the associated variability, a subset of statistically
acceptable solutions is selected from the ensemble of sampled models. Models are
retained if their objective function value lies within a relative tolerance of the global
minimum misfit, defined as:

E(Mi) ≤ (1 + δE) min(E), (4.11)

with δE = 0.05 (5%). This criterion identifies models that provide a data fit
statistically indistinguishable from the optimal solution. In cases where this condition
yields fewer than 100 models, the tolerance is progressively increased by steps of 2.5%
until a minimum ensemble size of 100 models is reached, ensuring stable estimates
of posterior statistics. Uncertainty on model parameters is then estimated from the
subset of accepted models via the posterior covariance matrix:

C = 1
NM

NM∑
j=1

(Mj − ⟨M⟩)T (Mj − ⟨M⟩) , (4.12)

where NM is the number of accepted models lying within the misfit threshold and
⟨M⟩ = 1

NM

∑NM
j=1 Mj is the mean of the log10-transformed model, both computed

via the above-mentioned criteria. The diagonal elements of C contain the standard
deviations σlog10 ρ and σlog10 m of the log10-transformed unknowns. Then, uncertain-
ties were both expressed as absolute and percentage values using the logarithmic
error propagation, yielding:

σ = log(10) σlog10 , (4.13a)
σ(%) = 100 log(10) ⟨M⟩ σlog10 , (4.13b)

where σ is the standard deviation vector including both σρ and σm.
The a posteriori correlation matrix, which quantifies the interdependence among

model parameters, is evaluated using the full ensemble of sampled models, thereby
capturing the overall dependency patterns explored during the stochastic search, as:

Pij = Cij√
CiiCjj

, (4.14)

where Cij is a generic element (i-th row and j-th column) of the covariance matrix
C, defined in Eq. (4.12), but computed on the full ensemble of sampled models.
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4.3.2.4 Petrophysical transformation

To derive petrophysical parameters after inversion, we convert the resistivity and
chargeability minimum misfit models into water (leachate) content (θ) and cation
exchange capacity (CEC) models, using the equations after Revil et al. (2020):

θ =
[ 1

σl

(
σ0 − Mn

R

)]1/n

, (4.15)

CEC = Mn

θ n−1ρgλp
, (4.16)

where Mn (in S m−1) is the normalized chargeability (Slater and Lesmes, 2002),
defined as the product of the integral chargeability m and the direct current (DC)
conductivity σ0 (approximated as equal to 1/ρ0), n denote the cementation exponent
which we set to be equal to 2, as the saturation exponent in the second Archie’s
law (modified after Winsauer et al., 1952), σl corresponds to leachate conductivity,
ρg denotes the grain (waste) density and R = λp/B ≈ 0.1 ± 0.02 after Revil et
al. (2017), being λp the apparent mobility of the counterions for the polarization
(in m−2 s−1 V−1) and B the apparent mobility of the counterions for the surface
conduction (in m−2 s−1 V−1). The average leachate conductivity, directly logged in
the wells, was equal to 1.3 ± 0.2 S/m in 2019 and 1.0 ± 0.2 S/m in 2025, while the
waste density ρg was assumed as constant and equal in a first approximation to
1500 kg m−3 (Steiner et al., 2022).

The resulting θ and CEC models allowed for hydro-geophysical interpretation
of the subsurface, offering insights into waste saturation patterns and degradation
zones with high biological or electrochemical activity.

4.4 Results

In the following sections, we present a synthetic and a real-world example related
to the detection of a leachate accumulation zone within an urban waste landfill.
For both cases, a priori information – such as the true or logged leachate levels
and liner location – was not used as a constraint during the inversion. These data
were only overlaid on the final models to support the geological and environmental
interpretation of the inversion results.

4.4.1 Synthetic example

4.4.1.1 Model geometry and inversion parameters

The synthetic example investigates a typical anthropogenic scenario, representative
of geometries and conditions usually found in landfills, where the identification
of the waste mass distribution and of leachate accumulation zones is required for
environmental and geotechnical (instability) purposes. To this end, we constructed
a synthetic model that reproduces the typical geometry of a MSW landfill, including
lateral slopes (Fig. 4.1a–d). A conductive and chargeable target (ρ = 5 Ω m, m =
50 mV/V), simulating the leachate-saturated waste, is positioned in the central
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portion of the model beneath a covering layer (mixture of dry waste and covering
soil), which is more resistive and slightly chargeable (ρ = 20 Ω m, m = 20 mV/V),
while the surrounding environment is characterized by a higher resistivity and lower
chargeability (ρ = 50 Ω m, m = 5 mV/V). Both the resistivity values and the model
geometry are consistent with previous synthetic landfill simulations (see De Donno
et al., 2024 for a review). Although our previous studies (e.g. Melegari and De
Donno, 2024; De Donno et al., 2025) suggest that IP can decrease with increasing
leachate saturation, this relationship was not explicitly reproduced in the present
synthetic example. For the sake of simplicity, no saturation-dependent IP variation
was imposed, allowing the synthetic model to remain intentionally schematic. The
simulated line consists of 16 electrodes spaced 1 m apart, where a dipole-dipole
array is used with a = [1, 5] and n = [1, 6] (110 measurements). The geometry of
the model is the same as the model proposed by Chunduru et al. (1996) in their
pioneering work on VFSA inversion of ERT data. A zero-mean Gaussian noise was
added to the synthetic dataset, with standard deviations set to 5% on both apparent
resistivity and chargeability datasets.

We carried out 10 independent runs of the VFSA algorithm on a 105-pixels mesh
with 2 · 106 random steps for each run with bounds [a, b] equal to [0.5–500 Ω m] and
[0.5–500 mV/V], which extends one order of magnitude below and above the true
minimum and maximum values.

Figure 4.1. Synthetic model: (a) true resistivity model, (b) mean resistivity model, (c)
minimum misfit resistivity model, (d) true chargeability model, (e) mean chargeability
model, (f) minimum misfit chargeability model. The true position of the bottom liner is
marked with a black solid line, as in the case of the true position of the leachate level.
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4.4.1.2 Inversion results and uncertainty assessment

The results of the VFSA inversion (Fig. 4.1) yields good reconstructions of the
true models, since both mean and minimum-misfit models successfully recover the
main conductive–chargeable target, both in terms of magnitude values and geometry.
Furthermore, the mean model (Figs. 4.1b,e) does not deviate significantly from the
minimum misfit one (Figs. 4.1c,f), confirming the reliability of the inversion. The
recovered anomaly is correctly located within the landfill body and remains clearly
distinguishable from the more resistive and less chargeable shallow layer, which is
well reconstructed, as expected due to the high data coverage and resolution near
surface. In contrast, although the resistivity model is able to accurately distinguish
between the conductive anomaly and the more resistive background, for chargeability
this transition is more gradual, highlighting the common resolution issues associated
with the use of integral chargeability in IP in data inversion (Fiandaca et al., 2012).

The uncertainty analysis shown in Fig. 4.2 is expressed as percentage and
absolute standard deviations (Figs. 4.2a,b and 4.2c,d, respectively for resistivity and
chargeability), correlation matrix (Fig. 4.2e), and misfit evolution with iterations
(Fig. 4.2f). The spatial distribution of the standard deviations for resistivity and
chargeability reflects the sensitivity pattern imposed by the acquisition geometry and
the underlying physical contrasts of the synthetic model. For resistivity (Figs. 4.2a,b),
the lowest uncertainties are observed in the shallow portion of the model, where
the data coverage and sensitivity are the highest. Uncertainty increases towards
the margins and base of the conductive anomaly, where sensitivity decreases and
the geometry of the target becomes less constrained. A similar pattern is observed
for chargeability (Figs. 4.2c,d), although with slightly higher percentage errors, as
expected for the IP response. The core of the conductive–chargeable body is well
resolved (low percentage uncertainty), whereas higher uncertainty values occur along
the transition zones between the anomalous region and the surrounding background.

The posterior correlation matrix (Fig. 4.2e) displays significant values only
for neighbourhood cells where the effect of the filter is active, while exhibiting
negligible off-diagonal structure elsewhere, indicating absence of artificial parameter
coupling and supporting identifiability of the solution. Conversely, cross-parameter
correlations between resistivity and chargeability remain weak throughout the model
space, indicating that the inversion does not introduce significant artificial coupling
between the two parameters. The evolution of the objective function during the
VFSA runs (Fig. 4.2f) shows, after an expected initial exploratory phase characterized
by relatively large misfit values, a stable convergence towards a narrow region of
the model space corresponding to low misfit values. Although the error function
continues to decrease slightly at the end of the exploration, the progressive reduction
in misfit dispersion indicates that the algorithm has already reached a stable region
of the model space where further improvements are marginal.

4.4.2 Field case study: municipal solid waste (MSW) landfill

4.4.2.1 Site description and data acquisition

The real-world example concerns an ERT/IP survey aimed at detecting potential
leachate accumulation within an urban waste landfill situated in Central Italy. This
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Figure 4.2. Synthetic model: uncertainty estimation in percentage values (a) and absolute
values (b) for resistivity, uncertainty estimation in percentage values (c) and absolute
values (d) for chargeability, (e) posterior correlation matrix (elements are numbered by
rows downward starting from the upper-left corner), (f) error function vs. number of
iterations for the 10 independent runs. The true position of the bottom liner is marked
with a black solid line, while the true position of the leachate level with a black dashed
line.

case study is adapted from Piegari et al. (2023), where the reader can find further
details about the geological setting and the layout of the survey lines. This area is of
particular interest because leachate accumulation is likely favoured by an impluvium
shaped by the pre-existing topographic surface, whose geometry is known from the
original design of the landfill. The landfill site was provided with a bottom liner,
known to act as an insulating barrier, preventing current flow beyond the landfill
boundaries.

Electrical data were acquired in 2019 and 2025 along four profiles (L1–L4 in
Fig. 4.3) before and after the execution of a deep drainage network (sub-horizontal
drains located at the bottom of the landfill) for lowering the leachate levels. In the
former survey (2019) we used the IRIS SyscalPro48 (50% duty-cycle configuration)
with a dipole-dipole array (a = [1, 5] and n = [1, 6]). After filtering negative decay
curves and observations having an experimental standard deviation value higher
than 10%, the resulting dataset included 129 measurements. In 2025, we performed
a new data acquisition using the ABEM Terrameter LS2 instrument in a 100% duty
cycle full-waveform configuration with a multiple-gradient configuration, aiming at
monitoring the landfill conditions after the execution of the drainage system as well
as improving the quality of the IP data. The 2019 and 2025 pseudosections are not
directly paired, because the surveys were acquired with different electrode layouts.
In particular, the 2025 acquisition used a longer profile with 81 electrodes, compared
with 48 electrodes in 2019. This explains the different number and apparent position
of the pseudosection data points. For this reason, a formal time-lapse inversion was
not performed, since the differences in electrode layout and profile length would
make a direct cell-by-cell comparison unreliable. A paired acquisition geometry will



4.4 Results 53

be adopted in the next monitoring campaign to allow a more rigorous time-lapse
analysis.

We selected for global inversion a portion of the L2 line, which corresponds to
the right part (starting from x = 215 m on the original ERT line), comprising 20
electrodes spaced 10 m apart, and the resulting dataset included 105 measurements.
This line was selected since also leachate levels were logged at the time of acquisition
in two monitoring wells (P1–P2), providing piezometric control along the profile:
P1 was almost dry, P2 registered approximately 8 m (2019) and 7.5 m (2025) of
leachate. However, since the leachate level in P2 was very similar in the two
campaigns, this information should be considered as a qualitative constraint on the
presence and approximate depth of leachate, rather than as a direct validation of
the temporal variations observed in the geophysical and petrophysical models. By
contrast, the bottom liner superimposed on the following sections is only inferred
from the original landfill construction design and is therefore more hypothetical than
a priori-information such as well data. For global inversion, we assigned the same
model bounds as per the synthetic example and a discretized model with 152 pixels.
The VFSA algorithm was executed in both cases (2019 and 2025) using the same
inversion settings of the synthetic case, ensuring methodological consistency and
enabling direct comparison between different cases.

Figure 4.3. Study area.

4.4.2.2 Inversion results and uncertainty assessment for the 2019 dataset

The VFSA inversion results for the 2019 dataset (before drainage) are shown in
Fig. 4.4 (data and inverted models) and Fig. 4.5 (uncertainty, correlation, and misfit
evolution), with prior information superimposed. As illustrated in Fig. 4.5f, the
VFSA runs ensure a rapid convergence toward an almost identical minimum misfit
value.

The VFSA inversion (Fig. 4.4) highlights a conductive–chargeable zone within the
landfill body, mainly concentrated in its central-to-basal portion, well in agreement
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with the expected geometry imposed by the liner and with the leachate levels
measured in wells. In particular, the low-resistivity anomaly shows good accordance
with the higher leachate level measured at P2 (Figs. 4.4b,c). By contrast, the
IP response did not show a clear correlation with the leachate level, since the
IP response tends to decrease as saturation increases , as previously introduced.
The high resistivity values clearly recall the geometry of the bottom of the landfill
(liner, black solid line), particularly on the right side where the data coverage is
satisfactory. Additionally, the high chargeability areas are clearly included within
the landfill boundaries (Figs. 4.4e,f), thus delineating well the waste mass where
strong biochemical activity is expected. Consistently with the assumptions described
above, the liner position is only hypothesized, and minor chargeability anomalies
outside the landfill may also reflect the lower sensitivity of the IP response. As in
the synthetic scenario, the overall agreement between mean and minimum-misfit
solutions strengthens the interpretation of the anomaly as a robust feature of the
state of the landfill rather than as an inversion artefact.

The uncertainty analysis (Fig. 4.5) clearly highlights a zone of low reliability
towards the side and the bottom of the model, as expected due to poor coverage,
while intermediate uncertainty values are observed in the middle portion of the model
(saturated by leachate), and the most reliable pixels are located in the shallowest
layers. In particular, for resistivity (Figs. 4.5a,b) the lowest uncertainties are observed
in the shallowest layers of the model, where the sensitivity of the measurements
is highest. Uncertainty progressively increases with depth and towards the lateral
boundaries of the model domain, reflecting the decreasing resolution of the data.
Intermediate uncertainty values are observed within the central portion of the
landfill body, where the conductive anomaly associated with leachate accumulation
is detected. The chargeability uncertainty distribution (Figs. 4.5c,d) exhibits a
comparable spatial pattern. The core of the chargeable anomaly is relatively well
constrained, whereas increased variability appears along the margins of the landfill
and near the base of the model. These regions correspond to areas where the
sensitivity of the IP data decreases and the inversion is more influenced by parameter
trade-offs. The correlation matrix (Fig. 4.5e) reveals a similar pattern as per the
synthetic example, with weak correlations between resistivity and chargeability
parameters, suggesting that the two parameter fields are largely independently
constrained by the data. Conversely, significant correlations are visible only for
neighbourhood pixels affected by the filter effect.

4.4.2.3 Inversion results and uncertainty assessment for the 2025 dataset

The inverted models for the 2025 dataset (Fig. 4.6) reveal a reduction in the extent
and intensity of the conductive–chargeable anomaly relative to the 2019 results. This
spatial change is most pronounced in the central and basal portions of the landfill
where the 2019 models had shown the strongest response. In the 2025 resistivity
models (Figs. 4.6b,c), the conductive areas are restricted to two zones of perched
leachate without a lateral continuity, suggesting a lower degree of leachate accumu-
lation after installation of the drainage system. The IP results (Figs. 4.6e,f), show a
more spatially coherent pattern, meaning that the main chargeability anomalies are
laterally continuous and less affected by isolated high-amplitude artefacts. This is
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Figure 4.4. 2019 field dataset: (a) apparent resistivity pseudo-section, (b) mean resistivity
model, (c) minimum misfit resistivity model, (d) apparent chargeability pseudo-section,
(e) mean chargeability model, (f) minimum misfit chargeability model. The estimated
liner position is marked with a white solid line. The P1 and P2 wells are marked with
black rectangles, while the leachate levels logged with a black horizontal line.

Figure 4.5. 2019 field dataset: uncertainty estimation in percentage values (a) and absolute
values (b) for resistivity, uncertainty estimation in percentage values (c) and absolute
values (d) for chargeability, (e) posterior correlation matrix (elements are numbered by
rows downward starting from the upper-left corner), (f) error function vs. number of
iterations for the 10 independent runs. The estimated liner position is marked with a
black solid line. The wells are marked with black rectangles, while the leachate levels
logged with a black horizontal line.
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consistent with the improved quality of the IP dataset, and an overall reduction of
chargeability, though also in this case the high chargeability tends to be well-gathered
within the landfill boundaries. These changes are likely due to a reduced biochemical
response associated with the waste mass over the years and a different type of
IP data acquisition (50% vs. 100% duty-cycle). As per the 2019 case, both the
minimum-misfit and mean models delineate a localized high-chargeability anomaly
between x = 100–130 m, confirming the proper convergence and overall reliability of
the inversion results.

Uncertainty analysis (Fig. 4.7) shows low variance in the anomaly core and higher
variance in peripheral zones and deeper regions where sensitivity is limited. These
patterns mirror for resistivity (Figs. 4.7a,b) those observed in the 2019 dataset,
demonstrating stability of the inversion framework and reproducibility of posterior
characteristics across surveys. The locally higher percentage uncertainty near the
landfill bottom and close to P2 is mainly associated with low parameter values and
reduced depth sensitivity. For chargeability (Figs. 4.7c,d), an overall decrease of the
standard deviation (both percentage and absolute) can be observed, likely due to an
increase of IP data quality owing to the more advanced acquisition system.

The correlation matrix (Fig. 4.7e) remains weakly structured, with only modest
off-diagonal terms apart of those induced by the filter, confirming that the algorithm
does not introduce artificial parameter coupling so that observed differences between
surveys can reflect physical changes. Finally, the convergence of the 10 runs is good
also in this case (Fig. 4.7f), with a slight reduction of the minimum misfit compared
to the 2019 dataset, owing to the improvement in the quality of IP data.

Figure 4.6. 2025 field dataset: (a) apparent resistivity pseudo-section, (b) mean resistivity
model, (c) minimum misfit resistivity model, (d) apparent chargeability pseudo-section,
(e) mean chargeability model, (f) minimum misfit chargeability model. The estimated
liner position is marked with a white solid line. The P1 and P2 wells are marked with
black rectangles, while the leachate levels logged with a black horizontal line.
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Figure 4.7. 2025 field dataset: uncertainty estimation in percentage values (a) and absolute
values (b) for resistivity, uncertainty estimation in percentage values (c) and absolute
values (d) for chargeability, (e) posterior correlation matrix (elements are numbered by
rows downward starting from the upper-left corner), (f) error function vs. number of
iterations for the 10 independent runs. The estimated liner position is marked with a
black solid line. The wells are marked with black rectangles, while the leachate levels
logged with a black horizontal line.

4.4.2.4 Comparison of petrophysical models

The petrophysical models (Fig. 4.8) derived from the inversion results using Eqs. (4.15)
and (4.16), provide a complementary view of the landfill evolution between 2019
and 2025. In 2019, both the estimated water content and the CEC (Fig. 4.8a,b)
highlight a spread anomalous area in the central part of the landfill, consistently
with the conductive–chargeable body identified in the geoelectrical models. In
2025, the water content model (Fig. 4.8c) shows a clear reduction in the extent and
intensity of this anomaly, suggesting that the drainage system effectively decreased
leachate accumulation. Meanwhile the CEC distribution (Fig. 4.8d) remains spatially
coherent with the 2019 distribution, but appears more localized and separated in
two parts, which is likely related both to the weaker biochemical activity in 2025
and to the higher quality of the new IP dataset. In fact, the more spread-out
pattern observed in 2019 may partly reflect the lower quality and resolution of
the IP dataset, whose uncertainty can propagate into the derived CEC estimate.
Overall, the water-content models show strong agreement with the well observations
in both 2019 and 2025, consistently matching the areas characterized by higher
leachate levels along the profile. In conclusion, the petrophysical transformations
are consistent with the inverted resistivity and chargeability models and confirm
that the drainage system reduced leachate accumulation, whereas a residual zone
characterized by high biochemical activity is still present at x = 100–130 m within
the waste body.
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Figure 4.8. Petrophysical models achieved at the landfill site using the relations after Revil
et al. (2020): (a) 2019 water content, (b) 2019 CEC, (c) 2025 water content, (d) 2025
CEC. The estimated liner position is marked with a black solid line. The P1 and P2
wells are marked with black rectangles, while the leachate levels logged with a black
horizontal line.

4.5 Discussion

4.5.1 Uncertainty assessment and posterior analyses

The VFSA global inversion explores a broad region of the model space before
converging toward high-likelihood solutions. This behaviour contrasts with deter-
ministic inversion schemes based on local linearization (Constable et al., 1987; de
Groot-Hedlin and Constable, 1990), where uncertainty estimates are derived from
the curvature of the objective function around a single minimum. Such linearized
diagnostics provide only local information and do not capture alternative models
with comparable data fit or possible multimodality of the posterior space (Tarantola,
2005; Mosegaard & Tarantola, 1995).

The uncertainty maps derived from the posterior ensemble (Figs. 4.2, 4.5 and
4.7) are consistent with the sensitivity distribution imposed by the acquisition
geometry. In both synthetic and field cases, uncertainties are lowest in shallow
regions characterized by high data coverage, and increase with depth and toward
model boundaries. These patterns reflect the intrinsic resolution limits of surface
electrical methods and the presence of parameter trade-offs in poorly constrained
regions (Oldenburg & Li, 1999; Günther et al., 2006). The consistency between
synthetic and field results further supports the robustness of the inversion framework.

The posterior correlation matrices (Figs. 4.2e, 4.5e and 4.7e) provide additional
insight into parameter coupling. Significant correlations are confined to neighbouring
pixels of the same parameter class, producing localized structures attributable to
the spatial filtering applied during inversion. In contrast, cross-parameter correla-
tions between resistivity and chargeability remain weak across the model domain,
indicating that the inversion does not introduce artificial coupling and that the two
parameter fields are independently constrained by the data.

A key aspect is the distinction between the exploratory phase of the algorithm
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and the statistical characterization of the posterior solution. Variance computed over
the full ensemble reflects algorithmic exploration and should not be interpreted as
model uncertainty. In this study, uncertainty descriptors are derived exclusively from
models satisfying a misfit threshold, ensuring that the resulting statistics represent
admissible solutions consistent with the data (Sharma, 2012). For the landfill
dataset, the stability of the posterior basin indicates that the conductive–chargeable
anomalies observed in both the 2019 (Fig. 4.4) and 2025 (Fig. 4.6) surveys are robust
features rather than inversion artefacts. In several regions, differences between
the two surveys exceed the posterior variability, supporting their interpretation as
genuine temporal changes following the installation of the drainage system.

4.5.2 Comparison with alternative stochastic inversion approaches

A range of stochastic approaches has been proposed to address the nonlinearity
and non-uniqueness of geophysical inverse problems. Among these, Markov chain
Monte Carlo (MCMC) methods provide a rigorous Bayesian framework for sampling
posterior distributions (Mosegaard & Tarantola, 1995; Tarantola, 2005). While
theoretically comprehensive, their application to high-dimensional problems such
as full 2D electrical imaging remains computationally demanding, often requiring
long chains and carefully tuned proposal strategies. Population-based algorithms
such as genetic algorithms (GA) and particle swarm optimization (PSO) have also
been widely applied (Sen & Stoffa, 2013). These methods are effective in exploring
complex objective-function landscapes but typically require large populations and a
substantial number of forward simulations, limiting their scalability for dense model
parametrizations.

The VFSA approach adopted here represents a computationally efficient alter-
native for a multi-parameter model, based on an adaptive annealing schedule that
accelerates convergence relative to classical simulated annealing (Ingber, 1989). The
consistent misfit evolution observed across independent runs (Figs. 4.2f, 4.5f and
4.7f) indicates stable convergence toward comparable solutions, while the ensemble of
accepted models samples a coherent posterior basin. Although VFSA does not aim
at exhaustive posterior sampling, it provides a representative ensemble of admissible
models at a significantly lower computational cost. In the present application, this
balance enables reliable uncertainty estimation and parameter correlation analysis
within a full 2D framework, making VFSA a practical compromise between de-
terministic inversion and fully Bayesian approaches. Further discussion on VFSA
parameter selection can be found in Cercato and De Donno (2023).

4.5.3 Implications for environmental geophysics

The landfill case study demonstrates how ensemble-based stochastic inversion im-
proves geophysical interpretation by explicitly quantifying model uncertainty. Unlike
deterministic approaches, which provide a single optimal solution (Loke et al., 2003;
Oldenburg & Li, 1999), the proposed framework captures the range of admissible
models consistent with the data. This allows distinguishing between well-constrained
regions and areas affected by limited resolution, supporting more robust and trans-
parent interpretations. The time-lapse comparison between the 2019 and 2025
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surveys (Figs. 4.4 and 4.6) highlights the practical value of this approach. The
reduction in conductive anomalies is consistent with the installation of the drainage
system and indicates a decrease in leachate accumulation. Differences observed in
chargeability should instead be interpreted with caution, as they may reflect both
changes in acquisition conditions and temporal evolution of the landfill material
(Olsson et al., 2015; Kemna et al., 2012).

From a geotechnical perspective, leachate accumulation strongly influences pore
pressure and effective stress within the waste mass (Koerner and Soong, 2000).
However, leachate flow in municipal solid waste landfills is inherently complex
and spatially heterogeneous (Zeiss and Uguccioni, 1994), making it difficult to
characterize using only point-scale measurements from monitoring wells. In this
context, the spatially distributed information provided by geophysical inversion
represents a significant improvement over conventional interpolation-based approach.
The models obtained in this study provide a spatially coherent description of leachate
distribution that can complement piezometric data and be directly incorporated
into geotechnical analyses as heterogeneous saturation inputs. This is particularly
relevant for slope landfills, where localized fluid accumulation may significantly affect
stability conditions.

Although the present results are derived from a two-dimensional (quasi-2.5D)
framework, they highlight the potential of uncertainty-aware geophysical imaging
for constraining subsurface fluid distribution. Future developments should there-
fore focus on fully three-dimensional acquisition and inversion strategies, enabling
volumetric estimation of leachate and improved integration between geophysical
monitoring and geotechnical modelling. More broadly, the proposed framework
is applicable to a wide range of environmental problems characterized by strong
heterogeneity and limited prior information, where uncertainty quantification is
essential for reliable interpretation.

4.5.4 Petrophysical interpretation

The interpretation of resistivity and chargeability in landfill environments requires
careful consideration of their underlying petrophysical controls and of the different
physical processes governing the two parameters. While resistivity is primarily
sensitive to fluid content and conductivity, induced polarization reflects interfacial
electrochemical processes and biogeochemical activity within the waste mass (Slater
& Lesmes, 2002; Binley & Kemna, 2005). In particular, integral chargeability tends
to decrease with increasing saturation due to enhanced fluid and surface conductivity,
which dampens polarization effects (Flores-Orozco et al., 2020). Conversely, elevated
chargeability values are typically associated with biogeochemically active zones
characterized by high organic content and microbial activity (De Donno et al.,
2025). Joint interpretation of resistivity and chargeability helps to reduce this
ambiguity by exploiting complementary sensitivities. This is achieved through
established petrophysical relationships linking electrical properties to hydrogeological
and geochemical parameters, here expressed in terms of integral chargeability (Revil
et al., 2020), although alternative formulations based on spectral parameters are
also available (Weller et al., 2013).

The petrophysical models (Fig. 4.8) reveal two distinct anomalies associated with
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high water content and elevated cation exchange capacity (CEC), respectively. Their
spatial separation indicates that zones of high saturation and enhanced biological ac-
tivity are not coincident, but rather distributed within different portions of the waste
body. The agreement between inverted models and piezometric observations further
supports the validity of the approach in highly heterogeneous landfill environments.

It should be noted, however, that the present interpretation relies on empirical
relationships. Improved calibration of key parameters, such as the cementation
exponent and waste density, through laboratory measurements would enhance
the quantitative reliability of the derived estimates. More generally, these results
highlight the importance of multiparameter inversion frameworks for disentangling
overlapping physical processes that cannot be resolved using resistivity data alone.

4.6 Conclusions

Results of the global inversion of ERT and TDIP data on a full two-dimensional
mesh demonstrate the capability of the proposed VFSA algorithm to explore the
model space efficiently and converge toward stable regions of the objective function.
The method preserves sharp resistivity contrasts while providing an ensemble of
admissible models that allows statistical assessment of posterior uncertainty.

The VFSA inversion was tested on both synthetic and field examples related to the
investigation of municipal solid waste landfills, where prior information is available
for validating the geophysical models and where deterministic local inversions may
produce biased representations of anomaly geometry. In both cases, the stochastic
inversion improves the delineation of the geophysical targets, particularly along the
lateral and basal boundaries of the landfill where sensitivity is reduced and data
coverage is limited. Improvements are also observed in the shallowest layers, where
the ensemble of accepted models consistently reproduces the main structures of the
subsurface.

A key advantage of the proposed approach is the possibility of performing a
rigorous posterior uncertainty analysis based on the ensemble of models satisfying
the misfit criterion. The spatial distribution of uncertainty closely follows the
sensitivity pattern of the acquisition geometry, with lower uncertainty in shallow
layers and higher values toward the base of the model and near anomaly margins.
This information provides a quantitative measure of interpretative reliability and
helps distinguish robust model features from structures that are less constrained by
the data.

Analysis of the posterior covariance and correlation structure for the synthetic
landfill model further indicates that strong correlations occur mainly between neigh-
bouring pixels belonging to the same parameter class, reflecting the spatial filtering
effect. In contrast, cross-parameter correlations between resistivity and chargeability
remain weak, suggesting that the joint inversion does not introduce significant artifi-
cial coupling between the two parameters and that their estimates remain largely
independent within the posterior ensemble.

Although the computational effort required for stochastic inversion of field
datasets remains significant when performed on standard computing systems and
without incorporating prior constraints, ongoing developments in parallel computing
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and forward modelling efficiency are expected to substantially reduce these costs.
The results presented here indicate that stochastic global inversion combined with
ensemble-based uncertainty analysis represents a promising framework for multi-
parameter geophysical imaging and for environmental investigations where robust
assessment of model reliability is essential.

4.7 Final remarks

The results presented in this chapter also provide an opportunity to clarify the
practical meaning and limitations of the VFSA-based uncertainty analysis in landfill
applications. As for other simulated-annealing strategies, convergence to the true
global minimum is guaranteed only under ideal theoretical conditions, requiring an
infinitely slow cooling schedule and an infinite number of iterations. Therefore, the
objective of the implementation used in this thesis is not to prove convergence to a
unique global minimum, but to explore the model space more broadly than local
gradient-based inversion and to identify an ensemble of low-misfit models compatible
with the data and the imposed bounds. In this case, models with nearly equivalent
misfit are not treated as competing single solutions, but as alternative plausible
representations of the subsurface compatible with the data. For this reason, the
lowest-misfit model is shown only as a representative realization of the inversion result
and is interpreted together with the ensemble mean and the associated uncertainty
descriptors. Model equivalence is therefore addressed by analysing the variability of
the accepted models and by deriving posterior statistics, rather than by selecting a
single deterministic solution as the only valid interpretation.

The maximum number of VFSA steps was used as the main stopping criterion to
ensure a consistent comparison among the different runs. Other criteria could also be
implemented, such as the stabilization of the objective function or the convergence of
selected ensemble statistics. These criteria may reduce the computational cost, but
they require careful calibration to avoid stopping the sampling before the relevant
part of the model space has been adequately explored. Their implementation
represents an interesting future development for improving the efficiency of the
VFSA framework.

The model discretization was defined as a compromise between spatial resolution
and computational cost. The horizontal cell size was set equal to the electrode
spacing, whereas the vertical cell size was gradually increased with depth. This choice
provides an adequate resolution in the near-surface and central part of the model,
where data sensitivity is higher, while reducing the computation time required by the
VFSA inversion. As a result, the deepest parts of the model under the estimated liner
position are less resolved and must be interpreted with greater caution, especially
where uncertainty is higher.

The VFSA inversion is computationally more demanding than local deterministic
inversion because it requires a large number of forward evaluations. In the applica-
tions presented here, the number of model parameters was twice the number of model
cells, since both resistivity and chargeability were inverted. The number of cells
ranged from about 100 to 150 between the synthetic and field cases, corresponding
to approximately 200–300 model parameters. Each run was performed using 2 · 106
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model perturbation steps. The typical computation time ranged from about 24 h for
the synthetic scenario to 48 h for the field cases on a workstation equipped with Intel
Xeon(R) Silver 4210R CPU at 2.40GHz with 32 GB RAM and using 10 cores, one for
each independent run. A direct comparison with other stochastic inversion algorithms
is not provided because computation times depend strongly on the forward solver,
parametrization and hardware implementation. VFSA was adopted here because it
offers a simple and flexible framework to explore a broad model space with limited a
priori assumptions and to obtain an ensemble of plausible models for uncertainty
assessment, although future developments should compare its performance with
alternative global strategies under controlled conditions. The computational cost
also defines the present scalability of the method. Its direct application to very
high-resolution 2D datasets would require adaptive parametrization or a reduction
of the effective parameter space using prior information. For this reason, the present
implementation is a solution for frameworks based on uncertainty-aware interpreta-
tion rather than as a routine replacement for fast local inversion in all practical cases.
The use of 2D surveys remains an intrinsic limitation in highly heterogeneous landfill
bodies, where structures orthogonal to the acquisition tomography may affect the
measured response. This limitation was partly assessed in Chapter 5 through the
comparison of geometric factors, which provided a practical check of the consistency
between the 2D acquisition layout and the expected sensitivity of the measurements.

Finally, the uncertainty descriptors derived from the accepted ensemble have a
direct practical use. They allow the interpreter to distinguish anomalies from poorly
constrained features and to avoid interpreting areas where the model variability
is high. In this thesis, uncertainty information is presented separately from the
resistivity and chargeability models, but future developments could integrate these
descriptors directly into final interpretative maps, as is the case with the membership
value for Chapter 5.





65

Chapter 5

Machine-learning techniques for
integrated interpretation
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5.1.1 Abstract

Leachate is the main source of pollution in landfills and its negative impacts continue
for several years even after landfill closure. In recent years, geophysical methods are
recognized as effective tools for providing an imaging of the leachate plume. However,
they produce subsurface cross-sections in terms of individual physical quantities,
leaving room for ambiguities on interpretation of geophysical models and uncertainties
in the definition of contaminated zones. In this work, we propose a machine
learning-based approach for mapping leachate contamination through an effective
integration of geoelectrical tomographic data. We apply the proposed approach for
the characterization of an urban landfill. We perform a multivariate analysis on
datasets consisting of electrical resistivity, chargeability and normalized chargeability
(chargeability-to-resistivity ratio) data extracted from previously inverted model
sections. By executing a K-Means cluster analysis, we find that the best partition of
the dataset contains ten classes. From such classes and also introducing a distance-
based colour code, we get updated cross-sections and provide an easy and less
ambiguous identification of the leachate accumulation zones. The latter turn out
to be characterized by coordinate values of cluster centroid less than 3 Ω m and
larger than 27 mV V−1 and 11 mS m−1. Our findings, also supported by borehole
data, show that the combined use of geophysical imaging and unsupervised machine
learning is promising and can yield new perspectives for the characterization of
leachate distribution and pollution assessment in landfills.
Keywords: Leachate contamination detection, Machine Learning, K-Means cluster-
ing Geophysical imaging, Electrical Resistivity Tomography, Induced Polarization
Tomography

5.1.2 Introduction

Although there is an increased awareness on the importance of environment protec-
tion, urban waste management is one the most important environmental issues. In
many countries there is still a little use of recycling or reuse actions, and the majority
of municipal solid waste is destined for landfills (WHO, 2015). Waste decomposition

https://doi.org/10.1016/j.wasman.2022.12.015
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generates leachate that is a highly contaminated liquid consisting of a mixture from
organic degradation products, liquid waste and rainwater. Leachate infiltration
causes serious environmental issues to groundwater and soils and, therefore, identi-
fying and monitoring its flow pathways has major implications on designing a risk
mitigation strategy (Mukherjee et al., 2015; Lavagnolo et al., 2019; Vaccari et al.,
2019; Morita et al., 2021; Ergene et al., 2022). To this aim, geophysical methods
often represent the only cost-effective, rapid and non-invasive choice for mapping
large areas, such as those encountered in urban landfills, down to tens of meters
(e.g., Di Maio et al., 2018).

In last decades, many studies have demonstrated that geoelectrical methods can
be effective in identifying landfill leachate (e.g., Soupios et al., 2007; Abdulrahman et
al., 2016; Bichet et al., 2016; Raji and Adeoye, 2017; Flores-Orozco et al., 2020; Zaini
et al., 2022). The geoelectrical devices work through injection in the ground of a
direct-current. The measurements of the resulting voltage at different distances from
the source, before and after the current switch-off, retrieve information about the
resistive and capacitive behaviour of the subsurface (Loke et al., 2013). As leachate
is a fluid with high concentrations of ions, it can be successfully imaged by low values
of electrical resistivity ρ and high values of chargeability M , sensed respectively
by electrical resistivity tomography (ERT) and induced polarization (IP) surveys
(Everett, 2013). The contrast between the electrical properties of leachate and those
of the surrounding media generally facilitates its identification. However, geophysical
inverted models leave ambiguities in defining contaminated zones, particularly in
presence of clayey soils, which are often placed at the bottom of the landfill as
a low-permeability barrier in combination with a synthetic liner (geomembrane).
Therefore, the zones characterized by the highest values of chargeability frequently
do not match with the most conductive ones, and the question of how to combine
information from different geophysical methods is still open.

Many studies consider the so-called normalized chargeability, Mn (ratio of M and
ρ), as it is directly linked to surface polarization (e.g., De Donno and Cardarelli, 2017a;
Soupios et al., 2017; Power et al., 2018). High values of Mn are generally related
to leachate contamination, even though Mn can be also largely and significantly
affected by clay content (Slater and Lesmes, 2002). Additionally, both resistivity
and chargeability are related to the saturation levels, and to pick up the threshold of
Mn for fully saturated zones (the most dangerous ones) remains a subjective choice.
In fact, focusing only on the highest values of Mn may lead to false-positive results
in the identification of leachate, as they may not arise from the concomitance of
low ρ and high M values. For instance, large values of normalized chargeability
may be caused by only large M related to the presence of pockets of clays with
high-chargeability or by extremely low resistivity values of leachate-saturated zones.
Thus, a residual uncertainty persists in properly identifying leachate accumulation
zones.

Over the past decade, different methods for coupled inversions of resistivity data
have been proposed to reduce model uncertainties (Audebert et al., 2014; Hellman et
al., 2017; Varfinezhad et al., 2022). The objective of this study is to combine ρ, M
and Mn inverted data to get one comprehensive cross section integrating information
from all geoelectrical data and identifying leachate accumulation zones in an easy
and less ambiguous way. To reach this aim, we propose the application of Machine
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Learning (ML) algorithms.
ML is a branch of artificial intelligence based on the idea that systems can learn

from data, and this learning comes from analysis of data through statistical tools to
make predictions or finding patterns in data (Zhang et al., 2022). In recent years,
due to the high efficiency in managing and classifying large datasets, clustering
algorithms have been applied to a growing number of different fields in geosciences,
such as petrophysics (Abdideh and Ameri, 2020), remote sensing and climate science
(Lyra et al., 2014; Karpatne et al., 2019; Straus, 2019), geothermal systems (Lindsey
et al., 2018; Bernardetti and Bruno, 2019), fault network reconstruction and seismic
sequences (Kamer et al., 2020; Cesca, 2020; Piegari et al., 2022).

There are many different types of clustering algorithms, which can be broadly
categorised into three types: i) partitioning algorithms, which divide the dataset
into a number of groups (clusters) and require the number of clusters as an input
data; ii) hierarchical algorithms, which provide a tree-based representation of data
points (dendrogram) showing the hierarchical relationship between clusters; iii)
density-based algorithms, which groups data points on the basis of their spatial
density.

In the frame of leachate pollution assessment, Rana et al. (2018) and Sharma
et al. (2020) proposed hierarchical cluster analysis to compute a leachate pollution
index, combining information from fifteen physico-chemical parameters. In this
study, we use the K-Means algorithm, which is one of the most common partitioning
algorithms. In addition to being a fast, robust and simple iterative algorithm, it
has the advantage of producing tighter (spherical) clusters than hierarchical and
density-based clustering (Shukla and Naganna, 2014; Zhang et al., 2022). K-Means
algorithm was used to cluster other geophysical data such as georadar velocity and
attenuation (Tronicke et al., 2004) and electrical resistivity and P-wave velocity (Di
Giuseppe et al., 2014; Hellman et al., 2017; Di Giuseppe et al., 2018; Bernardetti
and Bruno, 2019).

In this study, we present K-Means first application to ERT and IP data. In the
following sections, we describe the proposed methodology and show the results of
geophysical surveys performed into an urban waste landfill. Then, we report and
discuss the results of the K-Means clustering analysis.

5.1.3 Methods

We illustrate our methodological approach in Fig. 5.1.
Traditionally, to characterize leachate contamination by means of geophysical

methods, ERT and IP surveys are carried out with the aim of retrieving individual
cross sections showing the distribution of ρ, M and Mn after data inversion. In this
work, we propose going beyond traditional approaches to get integrated cross sections
of geoelectrical data. They do not show the distribution of any specific physical
quantity in the subsurface but provide an imaging of the leachate accumulation zones
on the basis of triplets of values of ρ, M and Mn. To reach this aim, after inverting
the geoelectric data, we combine them in a joint parameter space and perform a
K-Means cluster analysis. We group data representing triplets of values of ρ, M
and Mn based on their similarity (i.e., Euclidean distance in the joint parameter
space) and identify the best partition of the dataset in different classes through
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Figure 5.1. Sketch of the traditional and ML based approaches. The red dotted line
encloses the proposed procedure.

the elbow method. Finally, we define a colour code to easily identify the warning
zones among the different clusters and make an integrated imaging of the electrical
properties of the subsoil. In the following subsections, we give details about the
inversion procedure and the implemented cluster analysis.

5.1.3.1 Geophysical imaging

5.1.3.1.1 Forward modelling

The resistive response of a 2.5D subsoil (where the conductivity varies only in
the x-z plane), is described within a domain D by the Fourier-transformed Poisson’s
equation under the hypothesis of an external point source located at (xs, zs) (Dey
and Morrison, 1979):

−∇ · [σ(x, z)∇ϕ(x, z, λ)] + λ2σ(x, z)ϕ(x, z, λ) = Iδ(xs)δ(zs) ∀(x, z) ∈ D (5.1)

where σ is the conductivity (ρ = 1/σ is the resistivity), ϕ the transformed electric
potential, λ the transformed variable and I the injected current.

Eq. (5.1), subjected to Dirichlet’s and Neumann’s boundary conditions on surface
and lateral and bottom boundaries respectively, is solved numerically. A widespread
used technique is the Galërkin formulation of the Finite Element Method (De Donno
and Cardarelli, 2017b), which is employed in this work. We used a mesh with
rectangular elements with an element size in the x-direction equal to one-half of the
electrode spacing and an element size in the z-direction decreasing from one-quarter
of the electrode spacing (first row at surface) to one electrode spacing (last row –
bottom of the model).

Once the solution of Eq. (5.1) is achieved, potential is back-transformed and the
apparent resistivity can be predicted as:
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ρa
pre = C

∆V

I
, (5.2)

where C is the geometric factor and ∆V the potential difference, both obtained
depending on the specific quadrupole sequence.

The capacitive response of a medium can be assessed in the time-domain through
the chargeability M , which is proportional to the induced polarization (IP) phe-
nomena occurring in subsoil due to the switch-on or switch-off of an external direct
current (DC) source (Seigel, 1959).

In this case, the IP forward solution is given sequentially with the resistivity
modelling by calculating the potential VM resulting from solution of Eq. (5.1) but
with the conductivity replaced by α = σ(1 − M).

The predicted apparent chargeability Ma is then found as (Oldenburg and Li,
1994):

Ma
pre = VM − V

VM
. (5.3)

5.1.3.1.2 Data inversion

Time-domain measurements are performed employing a DC electrical source, mea-
suring the apparent resistivity ρa and apparent integral chargeability Ma, resulting
from the potential decay after current switch-off (Binley and Slater, 2020):

ρa
obs = C

Vp

I
, (5.4a)

Ma
obs =

∫ tf

ti
Vi dt

Vp∆t
, (5.4b)

where Vp is the measured voltage during application of the DC current I and
Vi the residual voltage after switch-off the electrical current, integrated over a time
window ∆t defined between times ti and tf . Usually, the time window is divided into
a few shorter logarithmically spaced gates (often 20), and the integral in Eq. (5.4b)
is computed by sum of values achieved for each gate.

Apparent values are inverted for resistivity and chargeability using a Gauss-
Newton iterative formulation (Loke and Barker, 1996), where the chargeability
dataset is inverted following the linear approximation proposed by Oldenburg and
Li (1994). We set inequality constraints on chargeability (M ≥ 0.1 mV/V) to avoid
negative values in the inverted models. The goodness of fit is evaluated for each line
in terms of mean absolute percentage error for resistivity, while for chargeability
models is more convenient to use the mean absolute error, expressed in mV/V (De
Donno and Cardarelli, 2017b).

The contribution of the surface conduction mechanisms, quantified by the nor-
malized chargeability Mn (Slater and Lesmes, 2002), can be calculated at the end of
the inversion process by:
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Mn = M

ρ
. (5.5)

5.1.3.2 K-Means clustering

K-Means is a partitioning algorithm that divides the dataset into K predefined
non-overlapping groups (clusters) of similar data. The similarity measure is based
on a distance-based metric that is typically the Euclidean distance. The algorithm
starts assigning a set of K means µ1, µ2, . . . , µK , also called centroids, computes
the distance between each point and the K centroids, and assigns each point to the
cluster i with the closest centroid µi. Actually, it assigns data points to a cluster in
order to minimize the sum of the squared distance (SSE) between the data points
and the cluster’s centroids (Bhattacharya et al., 2021):

SSE =
K∑

i=1

N∑
n=1

rni∥dn − µi∥2
2, (5.6)

where ∥·∥2 is the Euclidean L2 norm, dn denote the data points, N is the total
number of points in the dataset and rni is a binary variable equal to 1 if dn is assigned
to cluster i and 0 otherwise. Once each point has been assigned to a centroid, the
procedure is iterated, i.e., the centroid of each cluster is recomputed as the mean
of all data points belonging to the same cluster, and the category of each point is
adjusted again until a maximum number of iterations is reached, or the adjustment
range is less than a given threshold.

K-Means is a very powerful algorithm that, in addition to its simplicity, has the
advantage of having convergence guaranteed, as at each iteration step SSE always
decreases (Bhattacharya et al., 2021). However, K-Means finds local minimum of
SSE and different initial positions of centroids determine different cluster solutions.
To overcome this problem, the algorithm is run many times placing the centroids in
different random starting points, recording the variance at each step and selecting
the configuration corresponding to the minimum variance. Another drawback of
the algorithm is that the clustering depends on the number of K that needs to
be specified in advance. The optimal value of K is found by elbow method, if
there is not any geologic a priori information to constrain the number of clusters
(Bhattacharya et al., 2021). This method consists in varying the number of clusters
K, then computing the percentage of the explained variance EV for each trial:

EVj =
∑j

i=1(SSEi − SSEi+1)
∆SSEmax

, j = 1, 2, . . . , K − 1 (5.7)

where ∆SSEmax corresponds to the SSE deviation between 1 and the highest K
among those analysed.

The idea is that when increasing K, at some point the addition of another cluster
does not significantly improve the modelling of the data, and, thus, the best value of
K is chosen as the elbow of the EV curve (Thorndike, 1953). Our cluster analysis
was performed by using software packages available in the Statistics and Machine
Learning Toolbox of MATLAB.
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5.1.4 Site location and geophysical measurements

The proposed approach was applied to an urban landfill, located in central (Fig. 5.2)
Italy.

Figure 5.2. Map of the study area for the case study (landfill in central Italy).

The investigated area is a landfill built in the ‘80s for being used as municipal
waste disposal of a medium-size city located in Central Italy. For this landfill, a few
more information about the original design is available. The landfill site (Fig. 5.2b),
located on a steep slope (slope percent around 40%), was provided with a bottom
liner (geo-membrane) overlying the in situ marly-arenaceous flysch. An embankment
was built at the bottom (elevation around 445 m a.s.l.) to prevent slope instability
phenomena. Geoelectrical investigation was planned for reconstructing the landfill
depth and evaluating the leachate accumulation since it could reach a level that may
trigger a slope failure. The supposed depth of the buried waste is greater upstream
(southern part, elevation: 510-520 m a.s.l.), while reducing downstream (northern
zone, elevation: 460-450 m a.s.l.).

The geophysical campaign encompasses four electrical profiles spaced approxi-
mately 40-50 m apart (L1 to L4), using the road tracks built for site management
(Fig. 5.2b). Five wells are located along L2 and L3 and piezometric levels were logged
during the campaign to validate the geophysical models. Time-domain ERT and IP
data were acquired by 48 electrodes spaced 5 m apart, using the IRIS Instruments
Syscal Pro resistivimeter. We employed the dipole-dipole array for data acquisition,
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as it combines significant depth of investigation and good lateral resolution needed
to image the leachate variations. In fact, laying cables outside the landfill for set-up
a pole-dipole configuration was unfeasible in such a steep and complex environment.
For covering the long lines, we used the roll-along technique by overlapping 36
electrodes for each baseline and data were filtered for outliers, negative DC and/or
IP voltage values or decay curves with increasing voltage.

5.1.5 Inversion results

The inverted models are shown in Figs. 5.3a-d (resistivity) and Figs. 5.3e-h (charge-
ability).

Figure 5.3. Resistivity (a-d) and chargeability (e-h) models for the case study. Absolute
errors are 2.2%, 4.2%, 7.4% and 4.5% for resistivity models and 1.1 mV/V, 2.1 mV/V,
3.7 mV/V, and 4.6 mV/V for chargeability models. The piezometric levels in wells (white
filled areas) are superposed to the models.

The ERT and IP sections were computed in 2.5D mode by linearization of the
curvilinear profiles. The error committed, calculated as the percentage deviation
between 2D and 3D geometric factors, is between 0.5% (L1) and 1.5% (L4), due to
the low curvature of profiles. We superposed the piezometric levels logged in the
available wells to the electrical models (white filled areas in Fig. 5.3), in order to
validate the geophysical results.

We reconstruct for the four profiles a three-layer model from top to bottom: i)
landfill covering and unsaturated waste, having an average thickness of about 8-10 m,
resistivity higher than 15-20 Ωm and chargeability close to zero, with local variation
of thickness and resistivity due to the high heterogeneity of the covering soil; ii)
saturated waste (leachate), with resistivity lower than 10 Ωm and chargeability
higher than 10 mV/V. Strong changes in resistivity and chargeability values are
clearly seen throughout sections depending on composition and degree of saturation
of the waste mass. The strongest geoelectrical anomalies (ρ < 3 Ωm and M > 35
mV/V) are located in the deepest zones of the landfill between x = 240 − 350 m from
the beginning of the lines; iii) bottom liner (geomembrane) overlying bedrock (marly-
arenaceous flysch), with resistivity values higher than 10 Ωm and chargeability lower
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than 10 mV/V. The resistivity values are lower than expected for such a dielectric
material (geomembrane), because of the lack of sensitivity at greater depths (De
Donno and Cardarelli 2017a). A series of sloped terraces is clearly visible, which
ends in the deepest part of the landfill, where we detect the strongest geophysical
response. Consequently, the maximum depth of the landfill can be estimated around
60-70 m upstream (L4) and 30-40 m downstream (L1).

Therefore, leachate likely accumulates at the bottom of the landfill and percolates
downstream (from L4 to L1) through a preferential pathway, whose lateral extent
progressively reduces downstream from about 80 m (L4, between 240 to 320 m) to
about 30 m (L1, between 240-270 m). Chargeability models (Fig. 5.3e-h) enhance the
significant heterogeneity in leachate accumulation, mainly for L3 and L4 lines (where
accumulation zones are larger), because of changes in degree of saturation or in waste
composition. The piezometric levels in P4 and P5 wells confirms the geophysical
reconstruction, while significant discrepancies can be noticed between chargeability
models and leachate levels for P1, P2 and P3. This residual ambiguity leads the
way for a more quantitative integration of geophysical data, which encompasses the
joint use of both inverted models as an input for the clustering analysis.

5.1.6 Cluster analysis results

The results of the K-Means cluster analysis in the joint parameter space defined by
the inverted values of ρ, M and Mn are shown in Figure 5.4. The datasets contain a
total number of 10466 datapoints. Since the inverted values of ρ, M and Mn span
many orders of magnitude, we consider the log10-transformed data rescaled in the
range interval [0, 1], with the following normalization:

xnew = max(xnew) − min(xnew)
max(xold) − min(xold) (xold − min(xold)) + min(xnew) (5.8)

where xold is the original log10-transformed value of ρ, M or Mn and xnew is
the respective normalized value. The normalization allows us both to prevent one
feature prevailing over the others and to facilitate the introduction of a colour code
warning for leachate presence, as discussed below.

The clustering algorithm was iterated by varying K from 1 to 50 and for each
run we considered up to 500 different initial configurations of centroids, choosing
the configuration that minimizes the distortion (i.e., the sum of point-to-centroid
distances). To retrieve the best number of clusters, Kbest, we used the elbow method
with an explained variance threshold equal to 95% (Figs. 5.4a).

The best partition of the 3D dataset was achieved with 10 different clusters
(Fig. 5.4a). Looking at the distribution of data points in the parameter space
(Fig. 5.4b), we note that the values of M span over a wide range. The darkest green
cluster in Fig. 5.4b that groups data with a shape of straight line is related to the
inequality constraints set on the chargeability model during inversion to enforce
positiveness of chargeability (minimum value of 0.1 mV/V in this case).

The K-Means cluster analysis allows us to associate triplets of values (ρ, M ,
Mn) with cluster colour indexes. These latter are used to build integrated cross-
section models for each of the investigated profiles. Since ERT and IP data are
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Figure 5.4. Results of the cluster analysis. Panel (a) : explained variance as a function of
the number of clusters. The arrows indicate the best choice for K. Panel (b): scatterplot
of log10-transformed geoelectrical data in the normalized space, where clusters are
marked by different colours. In each cluster, the location of the centroid is shown by a
blue cross.

Table 5.1. Cluster-centroid coordinates reported for the case study. The colour labels are
those used in the integrated sections.

Colour ρ (Ω m) M (mV V−1) Mn (mS m−1)

Dark green 31.77 0.11 0.003
Green 30.30 1.89 0.06
Green 40.68 9.27 0.23
Green 19.42 4.62 0.24
Green 20.76 26.28 1.27
Yellow 14.02 21.74 1.55
Yellow 9.25 10.08 1.09
Orange 7.77 23.56 3.03
Red 4.59 23.19 5.05
Dark red 2.10 27.32 13.0
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acquired along the same profiles, each of the depths of the vertical cross sections are
characterized by values of ρ, M and Mn, which are in turn associated to a cluster
colour. Thus, we get integrated sections by associating colour indices to depths.
It is worth noting that the retrieved final sections differ from the traditional ones
as they do not represent the distribution of any specific physical quantity in the
subsurface. Instead, combining all information coming from the geophysical surveys,
they illuminate a certain number of zones characterized by specific ranges of values of
the electrical properties of the investigated subsurface. In the following section, the
effectiveness of the proposed ML-based approach in identifying leachate accumulation
zones is discussed by comparing the integrated sections with the traditional Mn

models.

5.1.7 Discussion

In Figure 5.5 we compare the Mn models, achieved by the ratio of chargeability
and resistivity of each pixel in Figs. 5.3, with the sections retrieved by the cluster
analysis.

Figure 5.5. Comparison between normalized chargeability models (a-d) and integrated
sections after cluster analysis (e-h) for the case study. The piezometric levels are
superposed to the models.

Overall, we observe a very good agreement between well data and leachate level
predictions from cluster analysis. In many cases the areas characterized by high
values of Mn fall within the most hazardous zones identified by the cluster analysis
(red clusters). Nevertheless, in many other zones there are significant differences
between Mn models and the models obtained by our ML-approach. In fact, there
is a lack of lateral continuity of the chargeable zones (i.e. 5.5a), compared to the
respective ML images ( 5.5e). This effect, observed in the Mn sections, increases the
uncertainty on the model interpretation based only on inversion results, preventing
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a clear detection of the leachate accumulation zones. The effectiveness of K-Means
clustering in identifying different groups of data is particularly clear for the L2 and
L3 lines (Fig. 5.5), where a quantitative comparison with data from wells is available.
The piezometric levels match well with the most hazardous areas (dark red clusters)
identified by our clustering analysis, whereas the levels are less correlated with the
highest Mn values. The very low level (0.2 m) logged in P1 is not highlighted by
both procedures.

One of the main advantages of the proposed procedure is that the number of
different zones is directly retrieved from the cluster analysis and the shapes of such
well-defined zones are not affected by the choice of the colour scale. In fact, the
scale was automatically distributed according to the distance of the centroids from
the point (0, 1, 1), which represents the maximum level of contamination, given the
electrical properties of leachate (highly conductive and chargeable). We chose to
scale colours from red to green as it is used in alert systems to grade the severity of
a hazard event. The final output is easy to interpret even for non-experts in the field
of geophysics. Typically, leachate is controlled by drilling monitoring wells and our
analysis show that the use of geophysical methods combined with ML techniques can
provide very accurate information on optimal locations to plan for such wells. The
machine learning-based approach can be therefore used to support decision-makers
in the waste management sector and reduce the costs of effectiveness of landfill
management.

This study has some limitations and there is room for further developments.
The main limitations concern the size of the datasets and the choice for the best
number of clusters. ML techniques are generally more effective if they use large
datasets, and they can provide different results if datasets are differently scaled.
We explored different scenarios (Piegari and Paoletti, 2022; De Donno and Piegari,
2022) before developing this procedure. The cluster analyses performed on datasets
related to individual profiles provide less accurate results due to the reduced size of
the datasets. We found that clustering gives better results if the logarithmic data
are scaled in the interval [0, 1] and if the cluster analysis is performed in a 3D space
of parameters instead of a 2D space with only ρ and Mn. As regards the choice
of the best number of clusters, it depends on the selected threshold value for the
explained variance. Although we selected the commonly used elbow method, using
the explained variance as a validation index, other methods and/or other validation
indices could be also suitable (e.g. Di Giuseppe et al. 2014). Finally, we point out
that the proposed identification of the most contaminated zones is only based on
the electrical properties of leachate, since they are recognized as the most diagnostic
for this purpose (Soupios et al., 2017). However, the proposed multivariate analysis
could be applied also to other geophysical datasets, such as i.e. seismic tomography,
which might add information about consolidation and compaction of waste materials.

5.1.8 Concluding remarks

In this study, we demonstrated that unsupervised machine learning may be suc-
cessfully used to integrate data from resistivity and IP methods. The proposed
ML-based approach is a flexible tool that can be easily adapted to other case studies
also for different type of geophysical data.
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For the investigated landfill, by performing a K-Means cluster analysis we were
able to: i) achieve integrated model sections combining information from resistivity,
chargeability and normalized chargeability data; ii) characterize the subsurface of
the investigated landfill by the identification of regions associated with different
leachate accumulation warning levels; iii) locate the most hazardous zones (dark red
clusters). The suitability of the proposed method for practical applications has been
demonstrated by a good agreement between the location of the dark red clusters
and the piezometric data available.

Furthermore, the final reconstructions of the investigated landfill are more
accurate in the identification of the leachate accumulation zones with respect to the
qualitative integration of the traditional geophysical models. Therefore, our findings
offer new perspectives for landfill characterization as well as for landfill management
by enabling help to predict the leachate flow pathways and enables a more effective
planning allocation of financial resources for the development of monitoring and
remediation systems (i.e. the drainage network).
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5.2.1 Abstract

In this work, we present an integrated and quantitative approach to detect and
localize geophysical target associated with anthropogenic complex scenarios. We
complement electrical tomographic techniques and a machine-learning unsupervised
algorithm (Fuzzy C-Means) to get a final clustered section validated by well data,
where the reliability is evaluated by the membership function. This is a good
estimator of the reliability of the proposed procedure, as it ranges 0-1, with 1
reflecting a high reliability of the clustering analysis. This method is applied to
the detection of leachate in a municipal solid waste landfill. We also set up a
synthetic simulation by reproducing realistic model with similar layering and ranges
of geophysical parameters as per the field case. The results show the effectiveness
of the method in providing a unique detection of the cluster associated with the
desired targets, as highlighted by the matching with direct information. However, the
accuracy of the reconstruction is reduced in areas where the resolution of geophysical
methods is lower. We demonstrate that the proposed method can achieve a reliable
reconstruction if it focuses on searching for the desired target only, rather than a
comprehensive reconstruction of the whole layering at the site. This approach can
be a valuable automatic tool for improving the benefit-cost ratio of projects where
remediation interventions have to be planned.
Keywords: Fuzzy C-Means, electrical resistivity tomography, induced polarization,
landfill, leachate detection, reliability assessment.

5.2.2 Introduction

Geophysical methods can provide dense spatial coverage, being at the same time
a rapid and non-invasive tool for imaging and monitoring the shallow subsurface
(Everett, 2013). During the last decades, research works in this field have been
mainly focused on the detection of targets related to the anthropogenic environment,
such as contaminated areas, landfills, structures and infrastructures (De Donno et
al., 2024) as well as geological features, such as faults, bedrock, cavities (Whiteley
et al., 2019). Although geophysical models have been often compared with direct

https://doi.org/10.1109/TGRS.2024.3445462
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information coming from boreholes and wells (Bichet et al., 2016; Power et al.,
2018), they have been rarely integrated quantitively and/or accompanied by the
assessment of the reliability associated with detected targets (Di Giuseppe et al.,
2014; Bernardetti and Bruno, 2019; Mirzakhanian and Hashemi, 2022; Zhang et
al., 2023). The standalone application of one geophysical method can leave residual
ambiguities in the final interpretation, particularly for complex geological and
anthropogenic scenarios (Hellman et al., 2017), as variations in a single parameter
(electrical resistivity, seismic wave velocity, etc.) can be due to changes in different
factors (i.e. lithology, saturation, interstitial fluid, etc.) and, therefore, integration
between different geophysical data is often required. An univocal interpretation of
geophysical results together with the knowledge of the reliability of the reconstruction
may correctly guide retrofitting or remediation activities in the anthropogenic
environment or the execution of boreholes and direct inspections (Cardarelli et al.,
2018). To this aim, electrical resistivity tomography (ERT) and seismic refraction
tomography (SRT) have been jointly used to image the near surface with high
resolution and down to significant depths (Hellman et al., 2017). Besides, the
induced polarization (IP) method, sensing the capacitive response of the subsurface,
can be applied simultaneously to ERT since it is effective for detecting silty/clayey
soils or contamination signatures, which are expected to magnify the IP response
(Binley and Slater, 2020).

Nowadays, data integration is generally performed by qualitative comparison
of the different geophysical models (Soupios et al., 2007), and only a few have
recently explored quantitative approaches encompassing joint inversion (Revil et
al., 2020) or correlations with petrophysical parameters (Abbas et al., 2022). The
last decade has seen a rapid growth of Machine-Learning (ML) techniques for data
fusion, due to their potential in processing and interpreting experimental datasets
in the Geosciences (Florio and Lo Re, 2018; Karpatne et al., 2019; Cutaneo et al.,
2023; Vitale et al., 2023). ML algorithms can be implemented without solving the
governing equations, being also able to integrate data of different types. In the field
of ML techniques applied to geosciences, unsupervised clustering algorithms have
been mostly used for seismic reflection processing, due to their flexibility and ease of
practical implementation thanks to the large diffusion in the scientific community
of open-source software, often developed in Python (Bergen et al., 2019). Some
promising applications have also been performed using supervised ML algorithms,
but often limited to only one technique (Liu et al., 2020; Liu et al., 2023), even
though their reliability is strongly dependent on the training dataset available and
on the choice of parameters for the site-specific problem under examination (Yu and
Ma, 2021). Recently, a machine learning-based approach has been proposed to get an
effective imaging of multiple geoelectrical data and quantitatively identify leachate
accumulation zones (Piegari et al., 2023) and to interpolate seismic velocity and
electrical resistivity models for early-stage soil-rock assessment (Dick et al., 2024).
Among the unsupervised routines, over the last decades, the Fuzzy C-Means (FCM)
algorithm has been successfully applied in the field of Geosciences for identifying
polluted sites (Hanesch et al., 2001), interpreting complex geological information
(Benjumea et al., 2023), and for complement joint inversion of multiple geophysical
data (Sun and Li, 2016). The FCM is known for its ability to handle overlapped
data sets and to provide gradual memberships, making it advantageous in scenarios
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where data points have ambiguous cluster assignments (Wu et al., 2017).
In contrast to an approximate detection of the main targets, in many civil

and environmental engineering applications, the final subsurface reconstruction
yielded by geophysical models should be oriented toward the accurate definition
of their geometry, including an evaluation of the reliability related to the overall
imaging process (Wei et al., 2024). In this sense, during recent years a rigorous
uncertainty assessment has been accomplished using global inversion strategies,
even if considering a single geophysical method as it is recognized to be highly
time-consuming (Lan et al., 2023).

To go beyond previous approaches, we here propose a multi-parameter and multi-
technique quantitative method to improve univocity in the detection of the target
as well as to assess the reliability of geophysical models related to an anthropogenic
scenario. Our approach encompasses the use of geophysical tomographic data
(electrical) and ML clustering techniques (FCM) complemented and validated by
well data. The proposed method is applied to a single case study in Italy: a municipal
solid waste (MSW) landfill located in Central Italy on a steep slope, where detection
of leachate accumulation areas is pivotal to prevent instability phenomena. We also
set up a synthetic simulation by reproducing realistic model with similar layering
and range of geophysical parameters as per the field case.

5.2.3 Method

In this work, we apply a ML approach encompassing a two-step procedure: firstly,
a multi-parameter tomographic data inversion is performed from the experimental
observations (ERT and IP) to retrieve the 2-D geophysical models (cross-sections);
secondly, inverted models are switched to the joint parameter space then applying
the FCM clustering algorithm for achieving a final clustered section. This section
encloses integrated geophysical information and the assessment of the reliability of
the reconstruction using a membership function. Among the tomographic geophysical
methods, we selected ERT and IP as they are by far the most applied and sensitive
methods for leachate detection (De Donno et al., 2024).

5.2.3.1 ERT and IP: field measurements and data inversion

Electrical galvanic methods, employing a direct current (DC), can sense the distri-
bution of electrical properties of the subsurface, both in terms of bulk (electrolytic)
conduction and IP effects. These arise on grain surfaces in the presence of clay
minerals and metallic bodies or are activated by biological activity, such as in
contaminated sites or within landfills (Binley and Slater, 2020). The former effect
is modelled using the ERT method through the electrical resistivity ρ [Ω m] (or
its inverse the electrical conductivity σ [S m−1]), while the electrical chargeability
M [dimless or mV V−1] that is the ratio between the magnitude of the surface
and the bulk conduction, is defined as the model parameter for IP tomography.
The contribution of surface conduction can be isolated by computing the so-called
normalized chargeability MN [mS m−1]:
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MN = M

ρ
. (1)

In this work, we carried out both ERT and IP measurements with a string of 48
electrodes using a DC electrical source operating with a 12V battery. We measured
the stationary primary electric voltage Vp [V] with a suitable delay time after the
current switch-on (resistive effect) and the voltage decay Vd(t) [V] as a function of
time after the current switch-off (IP effect). Therefore, the observed parameters are
apparent resistivity ρa and apparent chargeability Ma, having the same units of the
respective model parameters and achieved as (Binley and Slater, 2020):

ρa
obs = K

Vp

I
, (2a)

Ma
obs =

∫ tf

ti
Vd dt

Vp∆t
, (2b)

where K is the geometric factor (depending on the electrode configuration) [m]
and I is the current intensity of the external source [A]. Voltage decay is integrated
over a time window ∆t defined between times ti and tf and normalized by the
primary voltage to be consistent with the definition of chargeability (Seigel, 1959).
Usually, the time window is divided into a few shorter logarithmically spaced gates,
and the integral in Eq. (2b) is computed by the sum of potential values for each gate.
In this paper, we set both the on- and off-time of the current pulse to 2 s with 2
stacks (repetitions) and we sampled the voltage decay with 20 logarithmically-spaced
gates (the first gate starts at 0.04 s and the last gate ends at 1.84 s).

Recorded datasets are inverted for resistivity and chargeability using a Gauss-
Newton iterative formulation (Loke and Barker, 1996), where the chargeability
dataset is inverted following the linear approximation proposed by Oldenburg and
Li (1994). We solved numerically the transformed Poisson’s equation by using the
finite element method (FEM), fixing Dirichlet’s and Neumann’s boundary conditions
at the surface, lateral and bottom boundaries of the studied domain (2-D vertical
cross-section) respectively (De Donno and Cardarelli, 2017b). Data inversion and
synthetic simulations were carried out on a FEM mesh made of rectangular elements
using the VEMI (Versatile interface for Electrical data Modelling and Inversion)
software (De Donno and Cardarelli, 2017b), capable to handle both ERT and IP
data. The goodness of fit was evaluated in terms of percentage root mean square
error (RMSE) for resistivity, whereas for chargeability it is more convenient to use
the mean absolute error, expressed in mV V−1 (De Donno and Cardarelli, 2017b).

5.2.3.2 FCM clustering

The FCM is a soft clustering algorithm that assigns each data point a probability
score (membership) of belonging to multiple clusters (Bezdek, 2013). Iteratively,
FCM updates the cluster centroids through the minimization of an objective function
until a convergence criterion is met. In this work, the data points are the log10-
transformed model parameters resulting in the final iteration from the inversion of
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geophysical data, which are ρ, M and MN . We chose the log10 transformation as it
is the most suitable when the model parameters span many orders of magnitude
(Sen and Stoffa, 2013).

The operation of the algorithm can be summarized in the following steps. Initially,
FCM calculates the cluster centers (centroids) based on the input data (inverted
models):

Ci =
∑n

j=1 wb
ijxj∑n

j=1 wb
ij

, (4)

where wij is the membership and represents the degree to which a log10-
transformed data point xj belongs to the cluster ci. The membership is updated by
using the following equation:

wij = (1/ ∥xj − Ci∥)
2

b−1∑c
r=1 (1/ ∥xj − Cr∥)

2
b−1

, (5)

where c is the number of clusters and the parameter b is any real number
greater than 1, which controls the degree of fuzziness. A larger b results in fuzzier
clusters. As b approaches 1, the membership converges to 0 or 1 aligning with the
K-means objective function (Di Giuseppe et al., 2014). In this study, we set the
fuzzy parameter b equal to 2, which is widely recognized as an appropriate selection
(Paasche et al., 2006).

By adjusting the degree of membership and the cluster centers, the algorithm
aims to minimize the following objective function:

J =
n∑

j=1

c∑
i=1

wb
ijD2

ij , (6)

where n is the total number of data points and Dij is the distance between the
i-th and j-th data points.

The choice of the number of clusters can be done according to a-priori information,
where well data are available or if the number of layers/zones is known, as for the
synthetic simulation, or to established criteria and indices widely used in the field of
data science (Lamirel et al., 2016). Therefore, in this work, we fixed the numbers of
clusters to be equal to the number of simulated layers/zones for synthetic example,
while for field data we used the Calinski-Harabasz (CH) and Bayesian Informative
Criterion (BIC) indices. These indices are robust (the optimum value does not
change depending on the maximum number of clusters analyzed) and widespread for
many application in the geosciences, as they work well for many different types of
spatial data distribution (Kryszczuk and Hurley, 2010). The use of multiple indices
can help increasing the robustness and accuracy of cluster number estimation in
comparison with using a single index and it is also expected to reduce the ambiguity
arising when a single index returns more than one optimal point (Kryszczuk and
Hurley, 2010).
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The CH index (Calinski and Harabasz, 1974) is defined as the ratio between the
mean variance between-cluster and the mean variance within-cluster:

CH =
J1−Jc

c−1
Jc

n−c

, (7)

where J1 and Jc are the values of the objective function computed for several
clusters equal to 1 and c, respectively. The higher its value, the better the data
partitioning.

The BIC index (Schwarz, 1978), is based on the principle of minimum description
length, whereby a clustering solution is considered better if the data can be encoded
more compactly:

BIC = −2
c∑

i=1
Li + m • log(n), (8)

where L is the log-likelihood function of the i-th cluster, m is the number of
parameters in the considered c-cluster solution and n the number of observations. A
lower BIC value indicates a better fit.

We achieved the optimal number of clusters by running the FCM algorithm with
several clusters c ranging between 2 and 10 and selecting the solution yielding at the
same time the maximum and minimum values of CH and BIC indices, respectively.
For a better comparison between the two indices, we computed, for each cluster
solution c, the normalized values CH and BIC (ranging only between 0 and 1) by:

CHc = CHc − min (CH)
max (CH) − min (CH) , (9a)

BICc = BICc − min (BIC)
max (BIC) − min (BIC) . (9b)

where CH and BIC in eqs. 9 are vectors containing the values of both indices
obtained by varying the number of clusters between 2 and 10. Although there is
no mathematical connection between the two criteria that are independent, we can
rate the clustering solution as robust if there is a given c for which BIC = 0 and
CH = 1.

We included the above mentioned formulations in a new MATLAB code able
to read the geophysical inversion results from VEMI, apply recursively the built-in
FCM function (fcm.m) for the computation of CH and BIC indices and finally return
a graphical output representing the clustering results shown in the next section.

5.2.4 Results

5.2.4.1 Site description and field survey

The studied MSW landfill, which opened in the ‘80s and is still active, is located in
Central Italy in a natural basin located on a steep slope. The bedrock geological unit
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is the marly-arenaceous flysch widespread in the surrounding areas and the landfill
is provided with a bottom liner (geomembrane). Mapping the leachate distribution
within the waste body is pivotal for assessing the contribution of the leachate to the
triggering of slope instability.

The ERT/IP survey (Fig. 5.6) encompassed 4 profiles (L1-L4) acquired using
the IRIS Syscal Pro resistivity-meter operating with 48 electrodes spaced 5 m apart
with a dipole-dipole array and the roll-along technique for investigating long lines
with good coverage (Piegari et al., 2023). Recorded electrode contact resistances
were relatively low (< 1 kΩ) thus achieving a good current level (∼ 1.5 A); this
condition is favourable for a good signal-to-noise ratio, but data can also be affected
by electrode polarization, capacitive coupling, and transient disturbances. Among
the four lines we selected for our analysis the L2 line, because we can validate the
final reconstruction using the piezometric levels logged in four wells P1-P4 (Table
5.2).

Figure 5.6. Aerial map of the investigated landfill with the ERT/IP lines and the selected
line L2 used for the detailed analysis.

Table 5.2. Piezometric levels logged at Site 1 along the selected ERT/IP line L2.

Well Location along L2 (m) Bottom of the well (m a.s.l.) Leachate level (m a.s.l.)

P1 59 462.8 463.7
P2 149 455.8 456.4
P3 227 457.4 458.4
P4 308 452.0 460.1
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5.2.4.2 Synthetic data

Firstly, we simulated the typical geometry of a MSW landfill with a five-layer model
(Fig. 5.7a), setting the values of the geophysical parameters according to previous
synthetic simulations on similar scenarios (Clément et al., 2011; De Carlo et al.,
2013; Ibraheem et al., 2021) and to the ranges normally encountered in field surveys
(Knight and Endres, 2005; Dahlin et al., 2010; Maurya et al., 2017). The geophysical
target is the leachate accumulation area located in the middle-bottom portion of
the model (white trapezoid in Fig. 5.7a), having the lowest resistivity (ρ = 5 Ωm)
and the highest chargeability (M = 50 mV/V) and extending in depth from 14.5 m
to 26.5 m (Fig. 5.7a). The bottom layer of the landfill, where the geomembrane,
acting as an insulator, (resistivity ∼ 107 Ωm) prevents the current flow, is simulated
by a very high resistive and not chargeable layer (ρ = 105 Ωm and M = 1 mV/V),
while the partially saturated shallower layers have intermediate values of ρ and M
(Fig. 5.7a).

ERT/IP datasets were simulated using the same electrode spacing, array and
parameters as in the L2 field line (line length of 395 m with 80 electrodes spaced 5 m
apart), thus yielding the same number of observations. A zero-mean 3% (resistivity)
and 0.5 mV/V (chargeability) Gaussian noise was added to the resistivity and
chargeability datasets, respectively. Both values are consistent with noise levels
normally encountered in the field acquisitions (e.g. Piegari et al., 2023), and the
chargeability noise is given as an absolute value since the IP effect is generally low
and a percentage error often fails to be representative of the field noise (De Donno
and Cardarelli, 2017a).

The results of geophysical inversion are shown in Fig. 5.7b in terms of resistivity,
chargeability and normalized chargeability.

The models are generally able to reconstruct the layering of the landfill even
though there are some differences among them, mainly due to the lower sensitivity
of chargeability to deep targets (bottom of the section) compared to resistivity. This
may prevent a univocal location of the desired target.

The application of the FCM algorithm to synthetic data is shown in Fig. 5.8,
where we fixed the number of clusters c = 5, which is the number of layers.

Figure 5.7. Synthetic simulation. The geophysical target (leachate accumulation zone) is
marked by the white trapezoid. White pixels indicate no data coverage or unreliable
values excluded from the clustering analysis. (a) True models. (b) Inverted models.

In Fig. 5.8a, we report the geophysical parameters after inversion in the 3D
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Figure 5.8. FCM clustering results for the synthetic model: (a) 3D log10 parameter space,
(b) clustered section, and (c) membership section for the cluster associated with the
geophysical target.
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log10 space, while in Figs. 5.8b and 5.8c we show, respectively, the clustered section
and the membership function for each pixel of the geophysical target (cluster no.5).
The clustered section displays a less ambiguous and more accurate identification of
the leachate accumulation zone, as confirmed by the good agreement between the
true location of target (white trapezoid) and the shape of cluster no. 5 (lowest ρ and
highest M and MN), where only the top of the target is slightly shifted toward the
surface. Furthermore, the membership section displays high values (> 0.75) within
the target while decreasing as a function of depth because of the lower resolution
retrieved at the bottom of the model.

5.2.4.3 Field data

Inversion of ERT/IP data for the L2 line highlights a three-layer model from the
top to the bottom (Fig. 5.9): i) a shallow (thickness of 3-5 m) resistive and not
chargeable layer (covering soil); ii) a conductive and chargeable layer associated with
the waste mass; iii) a bottom layer having high resistivity and low chargeability as
an effect of the bottom liner, preventing the current flow outside the landfill. The
main target is located in the right portion of the model, between x = 250 − 350
and z = 430 − 460 m above sea level (a.s.l.), where the shape of the bottom of the
landfill (old topographic surface) creates an impluvium and leachate can accumulate.
However, the conductive and chargeable area associated with the waste mass is also
elongated in the left portion of the model (x < 250 m), even though it has higher
resistivity and lower chargeability values compared to the main anomaly. Therefore,
univocal detection of the saturated waste area (which is potentially dangerous since
it can trigger instability phenomena for slope landfills) only by a visual comparison
of geophysical models is unfeasible.

The application of the clustering algorithm can discern four clusters (Fig. 5.10),
following the results of the analysis made through CH and BIC indices (Fig. 5.11).

The main anomaly (cluster no. 4) resembles well (very high membership values
in Fig. 5.10c) the leachate level logged in the P4 and P3 wells and, partly, in P2
even if with lower reliability (membership between 0.15 and 0.35 in Fig. 5.10c). No
correspondence is found instead between P1 and the clustering analysis, likely due
to the lower sensitivity of ERT and IP to image very small leachate volumes, like
the ones encountered in that portion of the landfill.

5.2.5 Discussion

During the last decade, there has been an increased demand for a quantitative
assessment of the sought geophysical target (both geological and anthropogenic) in
terms of shape, position and magnitude, particularly for applications in environmental
engineering and when boreholes or direct inspections have to be planned (Balbarini
et al., 2018). In this work, the improved information on the subsurface achieved
would be reflected in an increased benefit-cost ratio of the whole project, particularly
when rehabilitation interventions or remediation activities (i.e. drainage of leachate)
have to be executed. The alternatives to the application of ML approaches to merge
different datasets in the last few years have almost always been dedicated to the
uncertainty assessment by global inversion strategies that are time-consuming and
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Figure 5.9. Field-data inversion results along line L2: (a) resistivity, (b) chargeability,
and (c) normalized chargeability. The leachate levels logged in wells are shown by the
white-filled portions of the black rectangles. White pixels indicate no data coverage or
unreliable values excluded from clustering.
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Figure 5.10. FCM clustering results for the field data: (a) 3D log10 parameter space,
(b) clustered section, and (c) membership section of the cluster associated with the
geophysical target. The well data are superposed to the sections.

Figure 5.11. Normalized CH and BIC indices used to evaluate the optimal number of
clusters for the analyzed examples. The dashed vertical line marks the preferred solution
for the field case.
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only applied in state-of-the-art to simple situations (Ray and Myer, 2019; Grana et
al., 2020; Aleardi et al., 2022). Other options are joint inversion procedures, which
require strong assumptions on the structural similarity of the models (Hellman et
al., 2017) or the empirical estimation of many petrophysical parameters (Abbas
et al., 2022). Additionally, a final interpretation only made through a visual
comparison of geophysical models may fail to properly locate the shape and magnitude
of the targets, as shown in this work, mainly due to the different sensitivities
of the geophysical methods operating in complex geological and anthropogenic
scenarios. The correspondence between the shape of the main target differs for
resistivity and chargeability models, as the former parameter is mostly affected by
changes in saturation and salinity of leachate; while the latter is more sensitive to
surface conduction mechanisms that are mainly driven by polarization of the electric
double layer occurring in the waste mass (Binley and Slater, 2020). However, the
proposed approach can be an effective tool to complement the classical geophysical
interpretation as long as it focuses on searching only for one desired target rather than
inferring a comprehensive reconstruction of the whole layering at the site. In this
sense, the computation of the membership function for the geophysical sought target
can be a good estimator of the reliability of the proposed procedure, as its values in
field case reflect the expected potential and limits of the geophysical imaging. We
detected high membership where the contrast between the geophysical parameters is
strong (i.e. main leachate accumulation zone in Fig. 5.10), in agreement with the a
priori information for field case and realistic models for simulation. The deviations
from the expected target position are reduced in this portion of the models to a few
meters or less. Conversely, where the magnitude of the anomaly is weak or the target
is deep, the accuracy of our reconstruction is highly reduced (a deviation of some
meters from the expected position of the anomaly is also displayed), even though
the cluster assignment of the main anomaly is generally correct, as demonstrated
for both the real world and synthetic example. Although a rigorous computation
of a confidence interval for the reconstruction is not possible without a stochastic
inversion of geophysical data, membership values can be practically interpreted
as the probability of a model cell belonging to a geologic unit or anthropogenic
features (Sun and Li, 2015). To better discuss the effectiveness of membership, we
extracted in Fig. 5.12 horizontal profile from the membership sections related to the
geophysical target (Figs. 5.10), in comparison with the direct information (wells).

Figure 5.12 shows a horizontal profile of the membership values at the depth of
458 a.s.l., which cuts three wells out of the four wells (P2, P3 and P4). The P2 well
is dry at this depth (corresponding membership value close to 0) while leachate was
detected in P3 and P4 where high values of membership values (∼ 80% in P3 and
∼ 85% in P4) are reconstructed. Based on a comparative analysis of all the analyzed
model sections, a threshold of 50% (“absolute majority”) on the membership can be
suitable for assessing the pixels that “strongly” belong to a cluster, but this topic
will be thoroughly investigated in a future work that is beyond the scope of this
paper. In any case, the assessment of reliability through the membership values
should also take into account the assessment of the number of clusters c. In fact,
this choice, in turn, affects the membership values. In our cases the assignment was
made to the cluster displaying the highest membership with a minimum membership
value for the assignment equal to 1/c = 0.25 for the field example. In this work,
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Figure 5.12. Horizontal profile of the membership values extracted at 458 m a.s.l. from
the membership section associated with the geophysical target. The profile is compared
with the available well information.

we decided to work with two well-established criteria for the computation of the
number of clusters (CH and BIC), even though surely other indices proposed in the
literature for such purposes can be alternatively used (Schubert, 2023). Although
there is no guarantee that both normalized (and independent) indices converge to
the same solution, we can state that if this solution exists, the cluster reconstruction
will be robust. In the presented examples, CH and BIC seem to work well, since
they are not dependent on the maximum number of clusters set in the recursive
application of FCM. Furthermore, they tend to privilege simple solutions, which
are preferable in engineering applications, while preserving, on the other hand, the
heterogeneity of the layering, as demonstrated by the comparison with the direct
information.

5.2.6 Conclusion

In this work, we presented a quantitative approach utilizing ML unsupervised
algorithms integrating tomographic data to detect a geophysical target through
a membership function. It is a good estimator of the reliability of the proposed
procedure, as it ranges from 0 to 1, with 1 reflecting a high reliability of the
clustering analysis. We applied the proposed procedure to geophysical models
achieved from the investigations of electrical (resistivity and chargeability) properties
of the subsurface for the detection of geophysical target related to anthropogenic
(leachate accumulation areas) scenario. The proposed approach was able to detect
and localize the cluster associated with target, as validated by a good agreement
with the available direct information (wells). However, the effectiveness of the
reconstruction is firmly correlated to the depth of the target and its magnitude
compared to the neighborhood layers.

Therefore, the proposed approach can be a valuable automatic tool for many appli-
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cations of geophysical techniques in civil and environmental engineering, particularly
where remediation interventions have to be planned. In such cases, enhancing the
accuracy in specific target detection and assessing the reliability of the reconstruction
can help to improve the benefit-cost ratio of the whole project.
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5.3.1 Abstract

An accurate assessment of leachate levels necessitates the integration of various
parameters. Traditional geophysical prospecting methods often lack measurable
accuracy because they focus on individual parameters rather than effectively inte-
grating data. This may lead to inconsistent estimates of leachate depth and make
the evaluation of prediction reliability challenging. In this study, we exploit hard
and soft cluster analyses to improve the effectiveness of geoelectrical methods in
identifying the extent of leachate accumulation zones. A machine learning-based
approach employing hard clustering on resistivity and induced polarization data
was recently proposed to obtain integrated model sections that highlight leachate
accumulation zones in municipal solid waste landfills. In those models, areas with
different colours represent areas characterized by specific ranges of values of the
considered physical quantities and have strictly defined boundaries. This is an
intrinsic limitation of hard clustering that carries out cluster assignments without
providing an assessment of the reliability of the reconstruction. In contrast, soft
clustering approaches provide estimation of the cluster membership that allows
a refinement of cluster boundaries, improving the identification of groups in the
data. We apply hard and soft cluster analyses to geoelectrical data for detecting
leachate accumulation zones in a landfill located on a steep slope in Central Italy.
There, leachate may not only contaminate groundwater but also trigger instability
phenomena. Among the different clustering algorithms, we selected K-means due to
its simplicity of implementation, and its ability to identify clusters that are both
compact and distinct, and its faster performance compared to Fuzzy C-means. The
clusters associated with the leachate accumulation zones represent approximately the
11% of total investigated subsoil and are characterized by values of resistivity, charge-
ability and normalized chargeability in the ranges of about 1.5–5 Ω m, 10–70 mV V−1

and 4.5–37 mS m−1, respectively. Then, we applied the Fuzzy C-means algorithm to
obtain the degree of membership of points belonging to such areas and better outline
their boundaries. By considering a fuzzy membership greater than 0.5, we achieve
an accuracy exceeding 90% in identifying leachate in wells. Furthermore, identifying
zones with lower membership we delineate the boundaries of less saturated regions
as well as those that are more saturated, providing a reconstruction of potential

https://doi.org/10.1016/j.wasman.2025.01.034
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preferential leachate flows within the waste mass. These findings have important
practical implications as they contribute to cost reductions for future drilling and
monitoring processes.

Keywords: Leachate, Cluster Analysis, K-means, Fuzzy C-means, Electrical
Resistivity Tomography, Induced Polarization Tomography

5.3.2 Introduction

Landfill leachate is a toxic liquid produced within landfills that can pose serious risks
to public health if it percolates to the groundwater. Traditional non-destructing
testing for detecting leachate in municipal solid waste (MSW) landfills often involve
geophysical field surveys, among which electrical and electromagnetic methods have
been undoubtedly the most used methods for this purpose in the last decades (see
e.g., Soupios et al., 2017 and De Donno et al., 2024 for recent reviews). Geophysical
techniques are indeed rapid and non-invasive as they can be employed for retrieving
spatially continuous models of the landfill with limited costs (e.g., Di Maio et al.,
2018; Juarez et al., 2023; Mary et al., 2023). Despite these advantages, geophysical
models should always be validated through direct information (i.e. borehole or well
data), since they derive from measurements not directly sensing hydrogeological
or contaminant properties (Day-Lewis et al., 2017). Recently, the combined use
of different geoelectrical methods, such as electrical resistivity tomography (ERT)
and induced polarization (IP), has been growing for leachate detection (e.g., Xia
et al., 2023) and MSW landfill characterization (e.g., De Donno and Cardarelli,
2017a; Flores-Orozco et al., 2020; Ma et al., 2024). In fact, low resistivity values
can be mainly correlated with an increase on bulk (electrolytic) conduction, due to
the leachate produced within the landfill. Furthermore, surface conduction taking
place in the electrical double layer (EDL), and triggered by biogeochemical activity
occurring in the waste mass, can be sensed by measuring the voltage decay when a
current is switch-off (Binley and Slater, 2020). However, the combined results of
those techniques were almost only visually inspected, leaving room for ambiguous
interpretation of the leachate-saturated zones (Martinho, 2023). Conversely, an
accurate assessment of the fully saturated zones is pivotal to ensure that the drainage
interventions will be effective for landfill management (Mukherjee et al., 2015).

In the light of these challenges, there has been a growing interest in the use of
Machine Learning (ML) techniques for integrating multiple datasets in the field
of Geosciences (Yu and Ma, 2021) and specifically for landfill monitoring (Sharma
and Sood, 2024). The combined use of satellite images and ML has enabled for
example the identification of illegal landfills (Torres and Fraternali, 2021). Various
deep learning architectures, such as Fully Convolutional Networks (FCN) and U-
Net, have been employed for semantic segmentation of landfill areas in satellite
images (Fraternali et al., 2024). These models can accurately classify and outline
landfill boundaries, significantly improving waste detection rates compared to manual
inspection methods (Niu et al., 2024). Recurrent neural networks trained in the
learning phase on daily precipitation, daily average temperature and the accumulated
amount of landfilled waste has been proposed to predict quantity and quality
of landfill leachate (Ishii et al., 2022). Majchrowska et al. (2022) proposed a
deep-learning method for waste detection and classification in natural and urban
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environments based on open-source datasets covering different waste categories (bio,
glass, metal and plastic, non-recyclable, other, paper, and unknown). Ershadi et al.
(2023) demonstrated the suitability of using Machine Learning models to forecast
the long-term leaching from Construction and Demolition waste (CDW). Liang et al.
(2023) combined the chemical insights of the machine learning models with infrared
spectroscopy for a quick characterization of biomass and waste. Gaur et al. (2024)
suggested the application of Artificial Neural Networks, Genetic Algorithms, and
Support Vector Machines to enhance leachate treatment, addressing the challenges
posed by the heterogeneous composition of solid waste. Niu et al. (2024) presented
an approach adopting effective location-routing strategies to balance the total cost,
carbon emissions and distance between residential areas/waste disposal centers.

Several review studies over the last five years have provided a thorough analysis
of the different ML models and techniques applied in waste management (e.g.,
Abdallah et al., 2020; Guo et al., 2021; Xu et al., 2021; Lu and Chen, 2022, Xia et
al., 2022; Majchrowska et al., 2022; Munir et al., 2023; Fraternali et al., 2024, Huang
et al., 2024). Recently, we have proposed a first ML-based approach to facilitate
the identification of leachate accumulation zones starting from individual model
sections of geoelectrical data (Piegari et al., 2023). In parallel, Sun et al. (2023)
used a deep network for multi-view ERT fusion during the salt tracing experiments
in a hazardous waste landfill, while Zhang et al. (2024) integrated geotechnical,
geochemical and geophysical data also using a cluster analysis for offshore landfill
characterization. Starting from these results, in this work, we aim to go beyond the
state-of-the art clustering approaches for leachate detection, by integrating hard
and soft clustering procedures applied to geophysical ERT and IP data acquired
in MSW landfills. The benefit of this approach compared to traditional methods
is potentially twofold: on one hand we can provide an integrated and quantitative
model of the landfill, on the others we can assess the uncertainty associated with
the reconstruction. We first use hard cluster analysis as a tool for locating the
leachate accumulation areas, characterized by the lowest electrical resistivity and
highest chargeability values. Secondly, we assess the boundaries of the leachate
accumulations through the application of a soft clustering algorithm, using the
membership function as a proxy for estimating the robustness of our procedure.
We apply this approach to a MSW landfill located, in Central Italy, on a steep
slope, where the detection of leachate levels is crucial to prevent possible instability
phenomena triggered by its accumulation.

5.3.3 Material and Methods

5.3.3.1 Site description

The investigated site is a MSW landfill built in the ’80s at the service of a medium-
size city located in Central Italy (Fig. 5.13). The landfill site is located on a steep
slope (average slope percent around 40%) and was provided with a bottom liner
(geo-membrane) and with an embankment built at the bottom to prevent slope
instability phenomena. Owing to the original design of the landfill, the volume of
buried waste is greater on the southern side (higher elevation, around 510-520 m
a.s.l.), progressively decreasing toward the bottom of the landfill on the northern
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side (elevation: 460-450 m a.s.l.). The bedrock is a marly-arenaceous flysch, which
is not expected to be sensed by the geophysical survey, since the bottom liner acts
as an insulator preventing the current flow outside the landfill.

Figure 5.13. View of the studied MSW landfill in Central Italy, showing the locations
of the four electrical profiles (red lines, L1–L4). Red arrows indicate the direction of
the survey along the lines (from the first to the last electrode). Blue ellipses mark the
locations of the five piezometers (P1–P5).

The landfill is equipped with a monitoring network of wells, among which five
representative Casagrande-type piezometers were chosen (P1-P5 in Fig. 5.13). We
selected these wells since they are all the same type, they were still active at the
time of measurements and leachate levels were logged during the same days of the
geophysical campaign. Piezometers P1-P3 were almost dry (leachate levels of only
few centimetres), while P4 and P5 displayed leachate levels of about 8 and 11 m
from the well bottom, respectively (corresponding to elevations around 460 and 477
m a.s.l.).

5.3.3.2 Geophysical data acquisition and processing

We acquired 4 ERT/IP curvilinear profiles (L1-L4) spaced approximately 40 m to
50 m apart (Fig. 5.13) and having a length ranging from 325 m (L1) to 500 m
(L4), located along the road tracks built for site management. We used the IRIS
Instruments Syscal Pro resistivity-meter with a dipole-dipole array and electrodes
spaced 5 m apart. For IP data acquisition we used a 50% duty cycle with a pulse
length of 2 s and 20 logarithmic spaced gates for sampling the IP decay curve (first
gate centred at 0.03 s, last gate at 1.75 s).

Raw data were filtered for outliers, negative voltage values and decay curves
showing increasing voltage. Geophysical data were then inverted for resistivity ρ
and integral chargeability M , that describe the resistive and capacitive effect of the
waste mass (Binley and Slater, 2020). Specifically, chargeability is proportional to
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the ratio of the polarization strength of the medium divided by its electromigration
strength, which reflects both changes in saturation and salinity of the leachate
(electromigration), as well as an increase of the biogeochemical activity (polarization).

The contribution of the surface conduction can be isolated by computing the
so-called normalized chargeability MN at the end of the inversion process by (e.g.,
Slater and Lesmes 2002):

MN = M

ρ
(5.9)

In this study, the ERT and IP inversion procedures were computed using the
2.5D approximation for forward modelling (Dey and Morrison, 1979), by linearizing
each curvilinear profile (Fig. 5.13). We note that a 3D inversion of acquired data
would not be feasible in this specific case, due to the large spacing between the
profiles. Therefore, before performing the inversion, the error related to curvilinear
vs. linear acquisition was evaluated for each quadrupole in terms of the percentage
absolute error (AE) between 2D and 3D geometric factors K (Everett, 2013), as
follows:

AEi(%) = 100
∣∣∣∣∣K3D

i − K2D
i

K2D
i

∣∣∣∣∣ i = 1, 2, . . . , M, (5.10)

being M the number of measurements (quadrupoles).
The 3D view of the AE for each geophysical measurement (Fig. 5.14) shows low

AE values (almost everywhere below 3%), except for some isolated zones located
at the boundaries of the landfill or in the bottom areas on L2 and L3, where the
error increases, due to an increase in curvature at the ends of profiles. Overall, the
reliability of our 2.5D approximation is confirmed by the mean absolute error for
each line (sum of the AEs divided by the number of quadrupoles), which ranges
from a minimum value of 0.5% (L1) to a maximum of 1.5% (L4), with L2 and L3
showing intermediate values (1.1% and 0.8%, respectively). Therefore, the impact
of the linearization of curvilinear acquisition on the geophysical model is marginal
almost everywhere, and we can use the linearization of the profiles in the inversion
procedure.

We carried out data inversion using the VEMI software (De Donno and Car-
darelli 2017a). This code implements a Gauss-Newton iterative formulation (Loke
and Barker 1996), where the chargeability dataset is inverted following the linear
approximation proposed by Oldenburg and Li (1994). We set inequality constraints
on chargeability (M ≥ 0.1 mV/V) to avoid negative IP values in the inverted mod-
els. The inversion was conducted using the 2.5D approximation. Nevertheless, the
geophysical models will be presented in this work through 3D views to ease the
interpretation of the leachate accumulation across the entire landfill.

5.3.3.3 Proposed approach integrating hard and soft clustering

Figure 5.15 illustrates the proposed procedure for localizing the leachate accumulation
zones integrating hard and soft clustering. Our approach is based on the following
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Figure 5.14. Absolute error committed for each measurement due to the linearization of
the curvilinear profiles over the studied landfill.

steps: after ERT/IP data acquisition (i) and 2.5D inversion (ii), we combine all
the geophysical information in a proper joint space (iii), then we apply a hard
cluster analysis to the unique 3D dataset using the K-means algorithm(iv). We get
integrated models (v) which help us to detect the presence of leachate by selecting the
cluster characterized by the lowest resistivity values and the highest chargeability and
normalized chargeability values. Finally, after applying a soft clustering procedure
through the Fuzzy C-means (vi), we restrict the analysis on the identified cluster for
assessing the boundary of the leachate accumulation areas based on the values of the
membership function (vii). It is worth noting that our choice of clustering algorithms
fell on the combined use of K-means and Fuzzy C-Means for several reasons. The first
reason is linked to the characteristics of the dataset. The distribution of resistivity,
chargeability, and normalized chargeability values occupies a relatively dense area of
the parameter space, making density-based and hierarchical algorithms ineffective.

Among partitioning algorithms, K-means is commonly recognized as the most
effective in identifying evenly sized clusters. Its combination with Fuzzy C-Means
allows evaluating the percentage of overlap between different clusters. This percent-
age, particularly in relation to the cluster associated with the presence of leachate,
facilitates a more reliable assessment of the extent of the leachate area. The use of
Fuzzy C-means is preferred over other commonly used soft clustering methods, such
as Gaussian Mixture Models, due to its computational efficiency and the fact that it
does not require the underlying data to follow a specific distribution.

In the following subsection, we briefly summarize the principles of the K-means
and Fuzzy C-means algorithms, highlighting their similarities and differences.

5.3.3.3.1 K-means

The K -means algorithm is an unsupervised ML partitioning algorithm subdi-
viding a dataset into K non-overlapping groups (clusters). The iterative process
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Figure 5.15. Sketch of the proposed procedure to identify leachate accumulation zones
through hard and soft clustering starting from geoelectrical tomographic data.

of K-means starts assigning a set of K centroids. It then computes the distance
between each data point and the K centroids, assigning each point to the cluster
with the closest centroid. Next, the position of each centroid is updated to minimize
the sum of the squared Euclidean distances between the data points and the cluster
centroids, as well as the total within-cluster sum of squares (WCSS), defined as
the sum of within-cluster variations for all K clusters (Bhattacharya, 2021). These
steps are repeated until convergence is reached, which occurs when there are not
significant changes in the assignments of the clusters or when a maximum number
of iterations is reached.

K -means advantages are basically its simplicity and computational efficiency,
and the convergence guarantee, even though not necessarily to the global optimum
(Bhattacharya, 2021). In fact, K -means finds local minimum of WCSS, and different
initial positions of centroids could be reflected in different cluster solutions. To
overcome this problem, we performed a sensitivity analysis by varying the number
of initial centroid configurations starting from 50. The stability of solution was
found with a number of initial configurations greater than 500, which is the value
used in this work. We performed the cluster analysis using the MATLAB function
kmeans, employing the default option for centroid initialization. This means that
the k-means++ algorithm was used to initialize the cluster centroids, which has
been demonstrated to result in improved clustering results and faster convergence
(David and Vassilvitskii, 2007). Another limitation of K -means is the requirement
to predefine the number of clusters, as well as the need to select one or more criteria
for determining the optimal number of clusters. In this work, we build upon the
results of our previous study that found an optimal number of clusters using the
elbow method (Piegari et al., 2023). Finally, since it is a hard clustering procedure,
the K -means only returns a clustered subsection (or volume in 3D) without an
evaluation of the reliability of the partitioning procedure, as the assignment to the
cluster is sharp (each pixel is only assigned to one cluster).

5.3.3.3.2 Fuzzy C-means

Fuzzy C-Means (FCM) is a partitioning clustering algorithm that allows data
points to belong to multiple clusters with varying degrees of membership (Bezdek
et al., 1984). Unlike hard clustering algorithms such as K -means, where each data
point is assigned to a single cluster, FCM assigns membership coefficients between
0 and 1 for each data point to every cluster. Similarly to K -means, the iterative
process of FCM starts assigning a set of C centroids randomly. It then computes the
data point membership coefficients for each cluster based on the distance between
the data point and the cluster centroids. Next, the position of each cluster centroid
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is computed to be the mean of all data points, weighted by their membership
coefficients for that cluster. The iterative process that updates the cluster centroids
and membership coefficients continues until convergence is reached, i.e. when the
maximum change in cluster centroids between two iterations is less than a specified
threshold or when a maximum number of iterations is reached. The membership
coefficients are calculated based on the inverse of the distance between the data
point and each cluster centroid, raised to the power of 2/(m-1), where m is the
parameter that controls how fuzzy the clusters will be. We set m=2 in this work,
which is a commonly accepted choice, as using squared distances in calculations
typically ensures that the membership degrees are meaningful without excessively
blurring the boundaries between clusters (Mendel et al., 2014).

In summary, compared to hard clustering algorithms, FCM provides a more
flexible way of assigning data points to clusters, allowing for overlapping clusters
and accounting for uncertainty in cluster assignments.

In our study, we carried out both hard and soft clustering procedures on log10-
transformed and rescaled variables X between [0 1], such as i.e. for the resistivity:

Xρ = log10(ρ) − min[log10(ρ)]
max[log10(ρ)] − min[log10(ρ)] (5.11)

with analogous formulations for M and MN.
The cluster analyses were performed by using software packages available in the

Statistics and Machine Learning Toolbox of MATLAB.

5.3.4 Results

5.3.4.1 Geophysical models

A 3D view of the inverted geophysical models is shown in Figs. 5.16a, 5.16b and
5.16c for resistivity, chargeability and normalized chargeability, respectively.

Our results show that the landfill can be sub-divided into 3 main layers from
the top to the bottom, based on its electrical properties: i) covering layer with high
resistivity (> 10 Ω m) and low chargeability (< 10 mV/V), laterally heterogeneous,
related to the covering soil and the unsaturated waste; ii) waste mass with differ-
ent saturation degrees from leachate, having low resistivity (< 10 Ω m) and high
chargeability (> 10 mV V−1) and iii) bottom layer, with an increasing resistivity
and a decreasing chargeability due to the presence of the bottom liner preventing
the current flow outside the landfill. The resistivity increase (and chargeability
decrease) related to the bottom liner is not as sharp as expected (being the liner
nearly an insulator); this may be due to the sensitivity decrease of electrical methods
with depth, which may cause the position and the magnitude of the anomalies at
larger depths to be biased (De Donno and Cardarelli, 2017a). Although the waste
mass heterogeneity locally affects the lateral variation of electrical parameters in the
middle layer, electrical parameters characteristic of leachate (ρ ~ 2-3 Ωm and M ~
30–40 mV V−1) are located in the eastern part of the landfill. Here, the bottom of the
landfill is deeper, likely due to an impluvium of the old topographic surface (before
the construction of the landfill). We note that the correspondence between electrical



102 5. Machine-learning techniques for integrated interpretation

Figure 5.16. 3D view of the resistivity (a), chargeability (b), and normalized chargeability
(c) inverted models for the four profiles over the studied MSW landfill. The piezometric
levels logged in wells (black filled rectangles) are superposed on the models and their
diameters are exaggerated for clarity.
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parameters of the geophysical models and leachate level is not straightforward, as
similar values of the electrical parameters are recorded both in correspondence with
dry wells (i.e. P2 and P3), and wells with significant leachate levels (P4 and P5).

The MN model (Fig. 5.16c), also displaying a three-layer geometry, helps us
discerning the surface conduction mechanism that is affected by the presence of
the waste mass (microbial activity) more than the changes in saturation. However,
in this case, visual inspection alone makes it difficult to establish an effective
threshold for isolating the area that is fully saturated by leachate, as the imaging is
dependent on the colour scale. For instance, high MN values (around 10 mS m−1)
are observed near P2 and P3 (which are dry), as well as in the vicinity of P4 and
P5 that show significant leachate levels. To overcome this limitation and improve
the interpretability of geophysical sections, in the following we apply an integrated
clustering approach to get a comprehensive model and its associated reliability to
be used for the assessment of the leachate-saturated areas.

5.3.4.2 Cluster analysis

First, we applied the K -means algorithm to get a clustered model of the investigated
sections (Fig. 5.17). The number of clusters was set equal to 10, following the results
of our previous study on the same dataset (Piegari et al., 2023). This optimal
number resulted from the Elbow method with an explained variance equal to 95%
(Fig. 5.4 in Piegari et al., 2023). This allowed for maximizing information while avoid
overfitting, as too many clusters would lead to non-interpretable regions regarding
the ranges of physical properties. The clustering algorithm was initialized using 500
different configurations of centroids, then we selected the configuration minimizing
distortion. The resulting clustering in the transformed space is shown in Fig. 5.17a,
while a landfill 3D view is depicted in Fig. 5.17b. This model incorporates the three
investigated geophysical parameters (ρ, M, MN ) in one comprehensive reconstruction
of the four profiles, using an appropriate colour scale ranging from dark green (cluster
no.1) to dark red (cluster no. 10). The former displays the highest resistivity and
the lowest chargeability (and MN values), so that the presence of leachate for these
pixels is extremely unlikely. Conversely, the latter highlights the lowest values of
ρ and moderate to highest M and MN values, likely associated to the leachate
accumulation.

The agreement between the dark red cluster (n. 10) and the leachate levels
logged in P4 and P5 is good with a precision of 1 and 0.8, respectively. The main
accumulation zone is almost only localized in the eastern part of the landfill (presence
of an old impluvium) and the extension of the saturated area seems to be reduced
with respect to that resulting only from a visual inspection of the geophysical models
(see Fig. 5.16). However, the localization of the leachate accumulation zones suffers
from the intrinsic limitations of K -Means, which assigns each data exclusively to one
cluster, making the identification of the edges of the accumulation areas challenging.

To this end, we applied the Fuzzy C-means algorithm to the investigated dataset
and we extracted, from the reconstruction, only the cluster no.10 (Fig. 5.18), likely
related to leachate accumulation. The data point cloud and the associated member-
ships for cluster no.10 are shown in Figs. 5.18a and 5.18c, where we can isolate
the extreme values (lowest resistivity and highest chargeability) for the four profiles
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Figure 5.17. (a) K-means clustering in the normalized log10 space, where centroid positions
are marked with blue crosses. The dimension of the MN axis is doubled with respect
to the other two axes for clarity. (b) 3D view of the clustered landfill model. The
piezometric levels logged in wells (light blue filled rectangles) are superposed on the
models.

(filled circles in Fig. 5.18a), which are located in the middle of the accumulation
zone (Fig. 5.18c, yellow squares). We were also able to select the boundary points
(Fig. 5.18a, filled squares) characterized by low memberships (< 0.5), located close
to the cluster no.9, mainly representing the boundary of the accumulation areas
(Fig. 5.18c, purple squares).

The 3D views of this dark red cluster and its fuzzy membership, shown in Figs.
5.18c and 5.18d respectively, help us to recognize a preferential pathway of the
leachate from the top (L4) to the bottom (L1) of the landfill (blue line in Figs. 5.18c
and 5.18d). As shown in Fig. 5.18d, high membership degrees belonging to cluster
n.10 are primarily found at the boundaries of the red zones in Fig. 5.18c, with the
exception of L3, while lower membership values are visible in the middle of these
zones. Looking at the saturated zones (light blue filled wells), there is a very good
agreement with the clustered models (dark red pixels) and leachate levels logged in
wells.

5.3.5 Discussion

A correct definition of the boundaries of the fully-saturated areas is crucial for
landfills located on steep slopes, as a continuous leachate accumulation can increase
pore pressure causing slope failure (Jianguo et al., 2010; Feng et al., 2018). The
results presented in Fig. 5.18 clearly show that the computation of membership can
be a good proxy in this context, as the highest membership values for L1, L2 and L4
surround the cluster area, while L3 shows an anomalous behaviour, likely because
the cluster covers a deeper zone at the bottom of the landfill that is poorly sensed
by geophysical methods.

We notice in Fig. 5.18a that, despite the resistivity values being restricted within
a very narrow range (ρ ~ 1.5–5 Ω m), both M and MN span a wider range (M ~
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Figure 5.18. Results of the soft-cluster analysis: (a) scatterplot of cluster no. 10 in the
unscaled parameter space for the four profiles (L1–L4); the filled circles are the extreme
values having the lowest resistivity and highest normalized chargeability, while the filled
squares show the boundary values with membership lower than 0.5. (b) Degree of
membership related to cluster no. 10. (c) 3D view of cluster no. 10, where the yellow
points are the extreme values and the purple points are the low-membership boundary
values. (d) 3D view of the membership degree belonging to cluster no. 10. The light-blue
filled rectangles indicate the piezometric levels logged in wells. The dotted blue line
represents the inferred preferential leachate pathway.
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10 – 70 mV/V; MN ~ 4.5 – 37 mS/m). This is not unexpected, because even a
small variation in conduction (due change in saturation) can greatly influence the
induced polarization response, since chargeability tends to decrease in saturated
zones, as also recently shown for similar environments (Melegari and De Donno,
2024). These results are well aligned with those presented in a recent brief review of
case studies about characterization of MSW landfills through ERT and IP methods
(Abdulrahman et al., 2016). They reported that a small difference in conductivity
between fully saturated and partially saturated waste can result in a decrease of
chargeability around 50%, as in our case. Furthermore, M and MN are linked to
surface polarization that is directly proportional to the biogeochemical activity that
can be highly variable in the waste mass (Flores-Orozco et al., 2020). Conversely,
DC resistivity is mainly related to the ion concentration and water content (Ma et
al., 2024) that are not expected to significantly vary in the saturated area. Looking
at the distribution of points belonging to the different profiles in parameter space
(Fig. 5.18), we note how the peaks in the point cloud (filled circles in Fig. 5.18a)
clearly display different ranges of the geophysical parameters. The points belonging
to L3 (green points) are located at the bottom of the subsection where they are
affected by both a strong regularization and a very low sensitivity of the IP method
(Piegari et al. 2023): the former effect leads to the arc-shaped points while the latter
to the fact that chargeability is quite low despite the low resistivity values.

For the other three lines (L1, L2 and L4), there is a clear difference between
the extreme points located upstream (L4, having the highest values of M and MN
and low ρ values) and downstream (L1, showing low values of M and MN and
the lowest ρ values), with L2 having an intermediate range of values. The very
high IP response recorded for L4 likely corresponds to less saturated waste and
biogeochemically active zones (high organic matter), which is responsible for high
rates of microbial activity, resulting in high polarization that surpasses the high
salinity and conductivity (Flores-Orozco et al., 2020). In contrast, for L1, r reaches
the lowest values (< 2 Wm) associated with relatively lower and constant values of
M. Increasing concentrations of leachate result in the increase of fluid and surface
conductivity, thus yielding lower IP responses (Flores-Orozco et al., 2020). These
features suggest the presence of the highest degree of leachate saturation in the
lowest profile L1, as expected, due to the steep slope of the landfill that leads leachate
pathways downhill and confirms that peak values of MN cannot be always associated
with the highest degree of leachate saturation.

Since FCM such as K -Means tends to find clusters with spherical shapes, the
lowest membership values in Fig. 5.18b are attributed to data points that are farthest
from the centroid and exhibit asymmetry (Han et al., 2012). The results confirm
that the membership degrees of Fuzzy C-means cannot be interpreted as higher
or lower probabilities of representing areas with leachate, but simply as areas that
deviate more or less from the values of electrical properties associated with the
centroid. Therefore, the data corresponding to the extreme points associated with
the most saturated areas (filled circles in Fig. 5.18a), are associated with the lowest
membership values, as well as the boundary zone between cluster no. 9 and 10 (filled
squares and bottom zones in Figs. 5.18a and 5.18c).

To better understand how the points belonging to the red cluster are distributed
across the four profiles, we show histograms of the three geoelectrical properties
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(Figs. 5.19a, b, c), along with the distribution of fuzzy membership for each data
point belonging to the dark red cluster (Fig. 5.19d).

Figure 5.19. Histograms of the three geophysical parameters and fuzzy membership for
data in the individual profiles (cluster no. 10): (a) resistivity, (b) chargeability, (c)
normalized chargeability, and (d) fuzzy membership. The dashed lines indicate the mean
values, which are also superposed on the plots.

The shape of the resistivity distributions (blue histograms, Fig. 5.19a) evolves
from right-skewed (uphill, profile L4) to left-skewed (downhill, profile L1), providing
evidence that the lowest resistivity values are found in the areas at the bottom of the
impluvium on which the landfill is located, following the natural percolation of fluids
by gravity. This effect is likely due to the peculiar shape of the bottom of the landfill
(impluvium) which narrows downstream thus favouring the leachate accumulation,
and decreasing the resistivity. Regarding the chargeability values, it is interesting to
note that as we move from uphill to downhill (i.e., from L4 to L1), their distributions
(orange histograms, Fig. 5.19b) progressively lose their right-skewed shape and
become more focused around the mean value, while the normalized chargeability
distributions (yellow histograms, Fig. 5.19c) remain right-skewed in all profiles except
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for L3. On one hand, the narrow chargeability distribution for L1, displaying an
overall low average chargeability value (Fig. 5.19b-top), is due to the decrease of
resistivity, i.e. increase of surface and fluid conductivity at the bottom of the landfill
(Fig. 5.19a-top), counterbalancing the high MN values (Fig. 5.19c-top). On the
other hand, the right-skewed M-distribution for L4 (Fig. 5.19b-bottom) is mainly
dominated by the increase of surface polarization clearly visible in the respective
MN distribution (Fig. 5.19c-bottom), likely due to a higher biogeochemically activity
at the top of the landfill (fresh waste). Finally, the distributions of the membership
values (purple histograms in Fig. 5.19) clearly show that the greatest number of
points with the lowest membership values belong to L3 and are localized at the
bottom of the model subsection (Fig. 5.18d). However, for this profile, shallow
pockets of leachate are identified by our cluster analyses, and the strong agreement
found between one of these pockets and the leachate level measured in P5 supports
our findings.

To quantify the reliability of our models, we reported in Fig. 5.20 the comparison
between the levels logged in P4 and P5 wells and both the geophysical (ρ and M)
(Figs. 5.20a and 5.20c for P4 and P5, respectively) and the clustering (index and
membership) parameters (Figs. 5.20b and 5.20d for P4 and P5, respectively).
On one hand, the standalone geophysical reconstruction leaves room for ambiguity
in defining the threshold for the saturated zones, changes being very smooth and
somewhere conflicting. On the other hand, the ML-based reconstruction is much
more accurate for leachate detection, with levels well in agreement with the cluster
analysis. Considering the widespread metrics used for evaluating ML-based models
(see Powers, 2011 for the definitions), we achieved for the couple of wells (P4, P5)
an accuracy of (0.9, 0.92), a precision of (1, 0.8), a true positive rate (TPR) of (0.75,
1) and a false positive rate (FPR) of (0, 0.13). Overall, the values of the metrics
are very good, except for TPR of P4, where the leachate level is found at a slightly
lower elevation compared to the well data. This value is also affected by the limited
depth of the well, leading to only 4 pixels belonging to the saturated area (3 true
positive, 1 false negative). In fact, for the calculations we only considered the pixels
lying within the wells, even if it is straightforward that the saturation areas are also
extended well below the maximum depth of the wells (with a consequent further
improvement of the metrics). Additionally, the value of the membership (Fig. 5.20b,
grey line) of the only biased point (located just below the level at an elevation of
459 m a.s.l.) is quite high (around 0.25) even if it was assigned to another cluster,
thus testifying that the assignment was conflicting between clusters no. 9 and 10.
Moreover, considering also the P1-P3 dry wells (0% of false negatives and true and
false positives and 100% of true negatives), the overall accuracy raises to 0.95.

Finally, we quantify the extension of leachate accumulation zones as the per-
centage of points belonging to cluster no. 10, which is about 10.68% of the total
investigated subsoil. Assuming the extreme points (characterized by the highest
ρ and lowest M and MN values), located in the middle of the accumulation areas
(1.8% of the total pixels, yellow points in Fig. 5.18c), as saturated regardless of
their memberships, this percentage is almost unchanged at 10.64% when considering
points characterized by fuzzy membership higher than 0.25. However, it decreases to
8.34% for fuzzy membership higher than 0.5 (yellow areas in Fig. 5.18c) and further
drops to 5.10% when considering only membership values higher than 0.75.
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Figure 5.20. Vertical profiles of geophysical parameters ρ and M (a, c), together with
clustering index and membership (b, d), extracted at the locations of P4 and P5. The
well bottom is marked by a black solid line, the leachate level by a dashed line, and the
saturated area is shown by the light-blue filled area.
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It is worth noting that the use of a fuzzy membership threshold may introduce
potential limitations or biases, as it could lead to an underestimation or overestima-
tion of the leachate presence. However, adding constrains on data (i.e. considering
points with a membership lower than 0.5 and with ρ, M and MN values respectively
larger and smaller than those of the cluster centroid), helps defining a range of
uncertainty (purple areas in Fig. 5.18c), which is useful for assessing the effectiveness
of our procedure.

A full benefit-cost analysis of the presented procedure is beyond the scope of
this work, being it focused only on selected profiles and dependent on the peculiar
geometry of the studied landfill. However, the integration of geophysical data can
allow for a drastic reduction of the cost related to the drilling of wells, whose position
could be biased when using only classical geophysical parameters, as demonstrated
in Fig. 5.20. As far as the whole monitoring process is concerned, on one side
the preventive application of this new method can lead to a guided choice of the
monitoring network, on the other one a semi-automatic interpretation of geophysical
data can be linked to alert systems during the landfill management. In addition,
using this advanced data analytics, landfills can be efficiently monitored also for gas
emissions, waste decomposition, and other critical factors. The ability to handle
large amounts of data and provide real-time insights is essential in the complex and
dynamic environment of landfill operations.

5.3.6 Conclusions

Landfills represent complex environments where the accuracy of their character-
ization improves with the inclusion of multiple parameters; as these parameters
are interrelated, an integrated analysis enhances our understanding of the complex
dynamics operating within these systems. Differently from traditional methods often
relying on single-attribute analysis, we demonstrated that clustering techniques ease
the integration of multiple geophysical parameters with a dual advantage. They
provide model sections that simultaneously show the ranges of variation of multiple
geophysical parameters in colors that are easier to interpret, even for non-specialist
operators. Furthermore, they allow for automated processing of large datasets,
reducing human bias and error while providing reproducible results.

Through a sequential application of K -Means and FCM algorithms we integrated
geophysical data and delineated the extent of leachate accumulation zones within
a MSW landfill. These zones were identified by points belonging to the cluster
with the lowest ρ and the largest M and MN, each exhibiting a different degree of
fuzzy membership. Specifically, they were characterized by resistivity values ranging
from 1.5 to 5 Wm, chargeability values between 10 and 70 mV/V and normalized
chargeability values from 4.5 to 37 mS/m. The points with higher fuzzy memberships
allowed us to identify the most saturated zones and point out preferential leachate
flows. Those with lower memberships help quantifying uncertainties in boundaries
of leachate zones, which were highlighted as purple areas in Fig. 5.18c.

The results of our approach were found in very good agreement with direct
information. Using a fuzzy membership value greater than 0.5, we attained an
accuracy of over 90% in detecting leachate in wells P4 and P5 and 100% in dry wells.

In conclusion, we demonstrated that the proposed approach based on a combined
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use of hard and soft clustering algorithms can be an effective tool for a quick and
reliable identification of the leachate-saturated zones in MSW landfills, starting
from geoelectrical data. Due to the effectiveness of such data in characterizing
leachate properties, this method could be applied to various types of landfills and has
important implications in waste management strategies. Indeed, accurate estimates
of leachate levels help sustainable management practices as the depth of leachate
can influence treatment choices and operational practices (Wang and Qiao, 2024).

Future work should thoroughly explore the link between the geophysical and
petrophysical parameters in such complex scenarios, in order to invert geophysical
data for saturation directly.
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Chapter 6

Conclusion

This thesis develops three distinct but converging methodological directions for
landfill imaging and monitoring using ERT/TDIP data. Each research topic was
designed to address a specific limitation that still affects the practical interpretation
of geoelectrical data in such complex scenarios. The main scientific motivation
was the need to move from qualitative and potentially ambiguous interpretation of
geophysical models toward a more reliable, quantitative, and operationally usable
tool for mapping and monitoring MSW landfills.

The first research line addressed the problem of TDIP data quality, through the
analysis of full-waveform electrical data recordings. This new feature coupled with
the use of a 100% duty-cycle can potentially improve not only the cost-effectiveness
of the survey but also the data quality, though the extraction of reliable polarization
information remains challenging because of harmonics, spikes, drift, coupling effects,
and waveform distortions. To overcome this limitation, the thesis developed a
dedicated workflow for these advanced TDIP data, including noise filtering, drift
correction, quality control, and full-decay-oriented data preparation. This contribu-
tion shows that the full-waveform processing phase is a pivotal step, for enabling the
full exploitation of TDIP data through a full-decay forward modelling and inversion.

The second topic focused on the use of stochastic inversion for uncertainty
assessment, which remains one of the major challenges in geophysical applications.
Standard deterministic inversions are efficient and widely used, but they provide only
one smooth model among many possible ones, without an explicit characterization
of the range of plausible subsurface configurations compatible with the data. This
limitation is particularly relevant in landfill settings, where strong heterogeneity, poor
depth sensitivity, and complex leachate-related processes increase non-uniqueness.
To address this issue, the thesis explored a global inversion strategy based on VFSA,
applied to joint ERT and IP data on an unreduced full 2D mesh. The thesis
demonstrates the possibility of deriving not only a minimum-misfit solution, but also
ensemble-based information on model variability and robustness. This represents
an important step toward uncertainty-aware landfill imaging and toward a more
transparent use of geophysical models in environmental interpretation.

The third topic addresses model integration, which is often overlooked in practical
applications, limiting the effectiveness of multiparameter geophysical investigations.
In fact, the results of ERT and TDIP surveys are typically presented as multiple
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models, whose comparison is often qualitative and difficult to communicate beyond
the geophysical community. To reduce this ambiguity, this thesis presented a
set of machine-learning clustering approaches for the integration of multiparameter
tomographic outputs. Starting with hard clustering techniques and then extending to
target-oriented fuzzy mapping, these methods enable the transformation of separate
geoelectrical models into a single integrated representation of the subsurface that
can be easily correlated to the environmental targets.

As a final result, these three research directions are closely connected and pro-
gressively converging. The first improves the quality of input data, the second
strengthens the reliability of the inversion outputs, and the third translates multipa-
rameter models into a quantitative interpretative framework. Although presented as
three distinct lines, they collectively define a coherent methodological trajectory for
future development. A natural next step is their integration into a single workflow,
combining global full-decay inversion with supervised, clustering-based interpreta-
tion constrained by well data, aiming to improve both target delineation and the
reliability of the final environmental interpretation. Two additional, complemen-
tary perspectives concern the direct estimation of petrophysical properties from
geoelectrical parameters under landfill-specific conditions, by inverting directly for
water content and CEC, and the extension of the inversion framework to time-lapse
applications, in order to monitor the temporal evolution of leakage-related processes
and improve the dynamic characterization of landfill behavior. Overall, this thesis
contributes to applied geophysics for environmental engineering by proposing a
set of complementary advances in electrical data processing and inversion, as well
as machine-learning-based interpretation. These advances enhance the reliability,
interpretability, and operational value of geoelectrical investigations in complex land-
fill environments, providing a methodological basis for future integrated workflows
aimed at more effective leachate detection, delineation, and monitoring.
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