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A B S T R A C T

Landfill leachate represents a major environmental concern due to its potential to contaminate groundwater. 
Geophysical methods such as electrical resistivity tomography and induced polarization are widely used to 
characterize landfill interiors and infer leachate plumes, as leachate typically shows distinct resistivity and 
chargeability relative to surrounding waste and natural soils. However, the interpretation of geophysical data is 
still largely qualitative or semi-quantitative, often leading to ambiguous results. To overcome these limitations, 
we propose a supervised machine-learning framework based on Linear Discriminant Analysis (LDA) and Support 
Vector Machine (SVM), trained using resistivity (ρ), chargeability (m), and normalized chargeability (Mn) 
derived from well data. The classifiers applied to the full geophysical models obtain spatially continuous maps of 
leachate occurrence. Benchmark models (Logistic Regression and Random Forest) were tested to assess the role 
of model complexity under sparse training conditions. The results highlight the complementary strengths of LDA 
and SVM: LDA systematically achieves perfect recall (100%), providing a more inclusive reconstruction of 
leachate-affected zones, whereas SVM attains perfect precision (100%), enabling a more conservative delineation 
of leachate accumulations. In the three-parameter space (ρ, m, Mn), selected for both physical completeness and 
comparability with previous studies, both methods reach 95% accuracy, with F1-scores of 89% (LDA) and 86% 
(SVM), while Random Forest shows results comparable with SVM, and Logistic Regression yields lower per
formances. Overall, the proposed approach bridges the gap between point-scale well information and volumetric 
geophysical imaging, providing a more objective, reproducible, and operational tool for leachate mapping in 
complex urban landfills.

1. Introduction

Urban landfills are widely used systems for disposing of municipal 
solid waste (MSW), although they pose significant environmental chal
lenges, particularly concerning the generation of leachate. Leachate is a 
toxic compound formed when water percolates through waste, whose 
accumulation can lead to severe environmental risks, including soil and 
groundwater contamination. Additionally, for landfills located on 
slopes, excessive leachate accumulation can also trigger instability 
phenomena. Therefore, mapping and monitoring of leachate accumu
lations are crucial for mitigating these risks and ensuring compliance 
with environmental regulations (Yuan and Zoungrana, 2025).

Traditional methods for leachate detection often rely on point mea
surements performed on scattered wells, which can be inadequate for 
capturing the spatial variability of leachate plumes. Geophysical 

methods, such as electrical resistivity tomography (ERT) and induced 
polarization (IP), can overcome these limitations to image the internal 
composition of MSW landfills and to successfully map low‑resistivity 
and high‑chargeability zones associated with leachate accumulation and 
preferential flow paths within complex waste deposits (e.g., Martorana 
et al., 2016; De Donno and Cardarelli, 2017; Soupios et al., 2017; Di 
Maio et al., 2018; Juarez et al., 2023; Xia et al., 2022; Ma et al., 2024a, 
b).

On the one hand, the ERT method, which senses the variation in 
electrical resistivity (ρ), can provide high-resolution images that indi
cate the presence of leachate, typically exhibiting lower resistivity 
compared to the surrounding dry waste due to its high salt content (e.g. 
Audebert et al., 2016). On the other hand, the study of the IP response of 
the subsurface through chargeability (m) is a proxy for detecting the 
waste mass, as chargeability is linked to the biogeochemical activity of 
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the waste mass (Flores-Orozco et al., 2020; Han et al., 2025) The ratio of 
the two electrical parameters yields the normalized chargeability (Mn =
m/ρ), which is often used to better separate the surface polarization 
contribution from the bulk conduction (Slater and Lesmes 2002). When 
combined, ERT and IP methods can offer an effective non-invasive tool 
for mapping leachate distribution over large areas, significantly 
enhancing landfill monitoring capabilities (see De Donno et al. 2024a, 
for a recent review).

Despite the effectiveness of ERT and IP techniques, the detection of 
leachate-saturated areas from geophysical models is not straightfor
ward. In landfill sites, the application of common petrophysical re
lationships (i.e., Archie, 1942 and its subsequent developments) that 
link electrical parameters (resistivity and chargeability) to petrophysical 
parameters (saturation and porosity) is limited, because the behaviour 
of the waste mass differs significantly in compositional and spatial dis
tribution from the lithologies for which these empirical relationships 
were originally established. Thus, interpretation of ERT and IP models 
often remains qualitative or based on simple thresholding, even when 
borehole and/or well data can provide a direct correlation between re
sistivity and chargeability values and leachate saturation.

Over last decades, artificial intelligence (AI) and machine-learning 
(ML) algorithms have been applied in the field of waste management 
providing innovative solutions, which initially primarily focused on 
waste generation forecasting, bin level monitoring, and collection route 
optimization (see Abdallah et al., 2020 for an extensive review of 
2004–2019 works; Guo et al., 2021) and, more recently, on satellite- 
based landfill detection (Fraternali et al., 2024; Sharma and Rajendra, 
2025) and waste sorting/classification (Lu and Chen, 2022; Fang et al., 
2023; Farghali and Osman, 2024; Nwokediegwu et al., 2024; Ahmad 
et al., 2025). Thus, most of the studies have regarded intelligent waste 
management systems that operate on the surface and much less what 
regards the subsurface. Recently, Deep Learning approaches have been 
proposed to improve the inversion of electrical resistivity tomography 
data (Liu et al., 2020; Luan et al., 2023), especially to optimize leachate 
leakage detection (Chen et al., 2026; Sun et al., 2026).

To overcome the limitations of standalone ERT interpretation, 
several ML approaches have been proposed (e.g., Isunza Manrique et al., 
2023; Piegari et al., 2023; Zhang et al., 2024; De Donno et al., 2024b; De 
Donno et al., 2025; Costanzo et al., 2026; Juarez et al., 2026) that use 
unsupervised ML algorithms to combine electrical resistivity with 
different geophysical and geochemical data for better identifying zones 
with anomalous electrical properties potentially associated with 
leachate accumulation. In particular, we have proposed a ML-based 
approach that directly group ERT/IP inverted data with similar prop
erties to infer different degrees of leachate contamination (Piegari et al. 
2023; De Donno et al. 2025). These studies demonstrate the potential of 
data‑driven analysis but typically rely on clustering methods that are 
only weakly informed by independent geological and hydro-geological 
information. As a result, the connection between point‑scale ground 
truth from wells and volumetric geophysical images of leachate plume 
remains partial. Therefore, compared with extensive drilling campaigns, 
the integration of geophysical imaging and supervised classification 
could potentially provide a less invasive and spatially continuous 
alternative for delineating leachate accumulations. In fact, direct 
detection through drilling is often costly, operationally difficult, 
potentially disruptive to landfill liners, and limited to sparse point 
measurements. In contrast, the combined use of resistivity, charge
ability, and normalized chargeability provides a non-invasive, lower- 
cost, and spatially continuous means of imaging subsurface conditions 
that can be constrained and/or validated through a sparse logging of the 
leachate levels.

To fill this gap, in this study we propose the application of supervised 
classifiers such as Linear Discriminant Analysis (LDA) and Support 
Vector Machines (SVM) that allow us to constrain the interpretation of 
geophysical subsurface imaging by leveraging well data ground truth. In 
fact, once resistivity and chargeability ranges for leachate‑affected and 

unaffected zones are established from well data, we train LDA and SVM 
to recognize these classes and then apply them to the entire ERT/IP 
models, yielding spatially continuous images of the leachate accumu
lation zones. LDA and linear SVM were selected because they are 
particularly suitable for relatively small labelled datasets, computa
tionally efficient, and directly interpretable through explicit decision 
boundaries in parameter space. These properties make them especially 
attractive in geophysical applications, where training data are often 
sparse and physically meaningful interpretation is required. In contrast 
to more complex nonlinear models, these classifiers reduce the risk of 
overfitting while preserving interpretability (Bishop and Nasrabadi, 
2006; Hastie et al., 2017).

We examine how different parametrizations affect the spatial 
reconstruction of the leachate accumulation zones, validate results 
against independent well data and provide an uncertainty assessment in 
terms of leachate probability of occurrence. Additionally, we compare 
the results of LDA and SVM against other supervised algorithms, such as 
Random Forest (RF) and Logistic Regression (LOG), in terms of well- 
established classification metrics.

2. Materials and methods

2.1. Workflow of the proposed procedure

The overall workflow adopted in this study is summarized in Fig. 1. 
The approach integrates geophysical data acquisition, well-based 
ground truth, supervised classification, and spatial prediction.

First, ERT and IP data are acquired along multiple survey lines and 
simultaneously leachate levels are logged at selected (sparse) wells. 
Geophysical data are then processed and inverted to obtain resistivity 
and chargeability models, and normalized chargeability is derived as the 
ratio of m and ρ. In the third phase, among the whole wells we selected 
some wells for ML taring and we extract the values of geophysical pa
rameters at their location to define training labels corresponding to 
leachate-saturated and non-saturated conditions. Supervised classifiers 
(LDA and SVM) were trained on the well-constrained dataset and ML 
classification is validated against independent information coming from 
other wells. Finally, the trained models were applied to the full 
geophysical dataset to generate spatial classification maps and proba
bility of occurrence maps, allowing the identification of both high- 
confidence leachate zones and transitional areas.

2.2. Site description and input dataset

The input dataset derives from a geophysical investigation of an 
MSW landfill in central Italy. The landfill is located on a steep slope and 
has been active since the 1980 s, serving a medium-sized city. It is 
provided with a bottom high-density polyethylene (HDPE) liner pre
venting the leachate flow outside the landfill site. At this site, mapping 
the leachate accumulation zones with high-resolution was mainly 
required for planning future remediation activities, such as the design of 
a drainage network for ensuring the stability of the landfill.

To this end, ERT and IP data were acquired along four profiles (L1- 
L4) located on the terraces built for landfill management (Fig. 2, blue 
lines). Data acquisition and inversion results are described in detail in 
Piegari et al. (2023) and De Donno et al. (2025). Among the four ERT/IP 
profiles, we selected for the application of ML algorithms the L2 and L3 
lines (solid blue lines in Fig. 2), since they are the only lines provided 
with active piezometers (P1-P5 in Fig. 2) for logging the leachate levels 
at the time of the geophysical measurements.

Firstly, we extracted ρ, m and Mn values from the inverted models on 
L2 and L3 at the same location of the wells. These datasets are shown in 
Fig. 3 together with the direct information coming from the piezometers, 
showing the leachate levels (dashed black line) and the bottom of the 
wells (solid black line). Although a general decrease of resistivity and 
increase of chargeability is generally visible passing from the 
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unsaturated to the saturated zones, these trends are not consistent 
among the five wells. Therefore, it is difficult to find common thresholds 
to be applied for the five wells, in order to extend the well information to 
the entire cross-sections and to different profiles, and ML techniques 
(LDA and SVM) help address this limitation by integrating well data with 
geophysical models.

2.3. Linear discriminant analysis (LDA)

Linear Discriminant Analysis (LDA) is a supervised technique used 
for classification and dimensionality reduction (Fisher, 1936). It works 
by finding a linear combination of features that maximizes the separa
tion between multiple classes and in the field of waste management has 
been mainly used to improve waste material sorting and classification 
(Lu and Chen, 2022; Yang et al., 2023; Manakkakudy et al., 2024).

The working principle is to maximize the ratio of between-class 
variance and within-class variance (also known as the Fisher’s ratio) 
ensuring that the projected data offers the best class separability.

The within-class scatter matrix Sw quantifies the spread of samples 
within each class and is written as: 

Sw =
∑K

k=1

∑

x∈Ck
(x − μk)(x − μk)

T (1) 

where K is the number of classes (K = 2 in this case: dry/saturated), Ck 

represents class k, x is the parameter vector and μk is the mean vector of 
class k.

The between-class scatter matrix Sb quantifies the scatter of class 
means around the overall mean μ and is defined as: 

Sb =
∑K

k=1
Nk(μk − μ)(μk − μ)T (2) 

where Nk is the number of samples in class k.
The LDA method finds the projection vector w that maximizes the 

following objective function 

J(w) =
wTSbw
wTSww

(3) 

The solution is the eigenvector corresponding to the largest eigenvalue 
in the generalized eigenvalue problem: 

Sbw = λSww (4) 

where λ quantifies the ratio of between-class to within-class variance 
along the projection direction w: the larger is λ, better is class separa
tion. This vector w is used to project the data onto a lower-dimensional 
space that best separates the classes and corresponds to the separation 
line between blue and red areas in the LDA plots presented in Section 3.

Binary classifications were complemented by posterior probability 
maps to quantify prediction confidence and identify transitional zones 

Fig. 1. Workflow of the proposed procedure for leachate mapping in urban landfills.

Fig. 2. Aerial view of the landfill site with location of the ERT/IP lines (blue lines). The lines L2 and L3 employed in this work are marked with blue solid lines. The 
location of wells used for training (piezometers P1, P3 and P5) is marked with red circles, while validation wells (P2 and P4) are marked with green circles. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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near class boundaries. For each cell of the inverted geophysical model, a 
probability of belonging to the leachate class was estimated. For LDA, 
posterior probabilities were computed using a Bayesian approach 
(McLachlan, 2004). Probability values close to 1 indicate high- 
confidence leachate occurrence, values close to 0 indicate high- 
confidence non-leachate conditions, whereas intermediate values iden
tify uncertain transitional zones. These maps therefore complement the 
hard classifications by providing spatial confidence information.

2.4. Support vector machine (SVM)

Support Vector Machine (SVM) is a powerful classifier that performs 
well even with small training datasets (Cortes and Vapnik, 1995; Burges, 
1998) and it is manly used in the field of waste management to waste 
classification (Chinassylov et al., 2022; Yang et al., 2023), waste gen
eration prediction (Cha et al., 2021). The core concept behind SVM is to 
find the optimal hyperplane that best separates data points of different 
classes by maximizing the margin between them. Considering a binary 
classification problem with training data points xi and labels yi ∈ {− 1, +
1}, the separating hyperplane can be defined as the set of points that 
satisfy the following equation: 

w • x+ b = 0 (5) 

where w is the weight vector perpendicular to the hyperplane, and b is 
the bias term.

The goal is to maximize the margin, which is the distance between 
the closest points (support vectors) and the hyperplane, while correctly 
classifying the training data. This leads to the optimization problem: 

1
2
‖w‖

2 (6) 

subject to the constrain: 

yi(w • xi + b) ≥ 1∀i (7) 

To solve this, the Lagrangian dual formulation is used, introducing 
Lagrange multipliers αi which are nonzero only for support vectors. The 
decision function g(x) for predicting the class of a new point x is: 

g(x) = sign

(
∑

i
αiyiK(xi, x)+ b

)

(8) 

where K(•, •) is a kernel function that enables the algorithm to handle 
nonlinear separation by implicitly mapping data to higher-dimensional 
feature spaces (Scholkopf and Smola, 2001). In this study, we used the 
linear kernel that computes the direct dot product K

(
xi, xj

)
= xT

i •xj 

finding the separating hyperplane in the original feature space. We 
selected the linear kernel as it is the simplest, and also provides the 
fastest computation and the maximum interpretability, requiring no 
additional parameter tuning. The straight lines separating red-blue re
gions in the plots of Section 3 exactly represents the linear boundary 
defined by eq. (5). For SVM, posterior probabilities were obtained by 
calibrating the decision function of eq. (8) through a sigmoid trans
formation (Platt, 1999).

Both the LDA and SVM algorithms were numerically implemented 
using MATLAB built-in functions (fitcdiscr and fitcsvm, respectively).

Fig. 3. Resistivity, chargeability and normalized chargeability values extracted from the inverted models in correspondence of the wells P1 (a), P2 (b), P3 (c), P4 (d) 
and P5 (e).
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2.5. Benchmark classifiers and classification metrics

To assess the performance of LDA and SVM, two additional bench
mark classifiers were tested: Logistic Regression (LOG) and Random 
Forest (RF). Logistic Regression (Hastie et al., 2017) represents a prob
abilistic linear classifier that provides a direct comparison with LDA and 
linear SVM, whereas Random Forest (Breiman, 2001) is a nonlinear 
ensemble method capable of modelling more complex interactions 
among predictors. These additional tests were not intended to replace 
the proposed framework, but rather to assess whether increased model 
complexity yields tangible improvements under sparse well-constrained 
training conditions.

The effectiveness of the two proposed methods (LDA, SVM) as wells 
as of the benchmarks (LOG and RF) were tested through the use of 
standard metrics, which can provide reliable benchmarks for quanti
fying classifier effectiveness, especially in imbalanced cases like 
leachate detection, beyond visual inspection (Sokolova and Lapalme, 
2009; Powers, 2011). In this study, classification performance was 
evaluated using 4 widespread used standard metrics (Hastie et al., 
2017): accuracy, defined as the proportion of correct predictions 
across all samples; precision, the ratio of true positive predictions to all 
positive predictions (minimizing false positives); recall (or sensitivity), 
the fraction of actual positives correctly identified (minimizing false 
negatives); and F1-score, the harmonic mean of precision and recall, 
which balances both when classes are imbalanced. These are formally 
expressed as: 

accuracy =
TP + TN

TP + TN + FP + FN

precision =
TP

TP + FP

recall =
TP

TP + FN

F1 − score = 2
precision • recall
precision + recall

(9) 

where TP, TN, FP, and FN denote true positives, true negatives, false 
positives, and false negatives, respectively.

3. Results

We present the results of our analyses performed using 2-D param
eter spaces (ρ and m; ρ and Mn; m and Mn), and a 3-D parameter space (ρ, 
m and Mn). Although Mn is mathematically related to ρ and m, it is 
retained as an independent predictor in the 3D parametrization because 
it often enhances contamination sensitivity by combining conductive 
and polarization responses into a single physically meaningful 
descriptor, as previously experimented also for unsupervised ap
proaches (Piegari et al., 2023; De Donno et al., 2025).

Both LDA and SVM algorithms are supervised techniques and they 
need a training phase using labelled (well) data, then extending the 
results to the whole ERT/IP dataset. We used geophysical and well data 
acquired in correspondence of the P1-P5 piezometers (Fig. 3), where P1, 
P3 and P5 (see Fig. 2 for location) are chosen for training the two al
gorithms, while P2 and P4 (see Fig. 2 for location) as validation wells to 
check a posteriori the reliability of the presented procedure. The moti
vation of the choice of the training wells is twice: i) they are represen
tative of the different saturation conditions encountered in the landfill, 
passing from a significant leachate accumulation (P5, leachate level =
11.2 m), to a residual level of tens of cm (P3) and dry conditions (P1); ii) 
their location (Fig. 1) spans the whole investigated area from the eastern 
to the western part as well as upstream (P5) and downstream (P1 and 
P3). On the other hand, P2 and P4 were left for validation since they are 
also representative of the dry (P2) and leachate-saturated (P4, leachate 
level = 8.1 m) conditions.

3.1. 2-D parameter spaces

Using resistivity (ρ) and chargeability (m) as parameters (Fig. 4a), 
the two‑dimensional LDA and SVM classifiers reproduce the training 
data from wells P1, P3 and P5 with a clear separation between dry and 
leachate‑saturated conditions (Fig. 4b and d). Dry samples cluster 
around lower chargeability values, whereas saturated samples occupy a 
distinct region at higher m, and the learned decision boundaries 
correctly assign class 0 (dry) and class 1 (saturated) to most of the 
training points. When applied to the full set of geophysical data (Fig. 4c 
and e), both classifiers generate spatially coherent classifications, with 
predicted dry and saturated zones consistent with the independent in
formation from validation wells P2 and P4, though with some excep
tions, with LDA generating 1 FP (P2 − Fig. 4c) and SVM 2 FN (P4 – 
Fig. 4e).

A slightly different behaviour is observed when ρ and normalized 
chargeability (Mn) are used as model parameters (Fig. 4f). In the 
training space, defined by wells P1, P3 and P5, LDA and SVM again 
succeed in separating dry (low Mn) from saturated (high Mn) samples 
and in correctly assigning the binary labels 0 and 1 (Fig. 4g and i). 
However, in this case, the projection of these classifiers onto all ERT/IP 
data yields more robust maps of leachate occurrence, in which the 
predicted classes align well with the responses measured at the valida
tion wells P2 and P4. In fact, only 1 FP is generated by both methods 
without FN, confirming that the ρ–Mn parametrization better enhance 
the discrimination between dry and saturated conditions using SVM 
(Fig. 4j), while no significant differences are seen for LDA (Fig. 4h) with 
respect to the ρ-m pair.

Mapping the results of the classification as a three‑dimensional view 
within the landfill of the accumulation zones (Fig. 5, dark red areas), we 
identified a similar geometry of the saturated areas depending only 
mildly on the choice of classifier. Using ρ and m, some differences in the 
lateral extent of saturated pockets are clearly visible between LDA and 
SVM (Fig. 5a and b), due to the different performance of the two algo
rithms. However, the reconstruction with Mn replacing m (Fig. 5c and 
d), produced very similar 3‑D patterns of leachate accumulations for 
LDA and SVM, as expected owing to the similar good performances 
highlighted by the two methods using the ρ-Mn pair.

To further assess the role of polarization-related parameters, an 
additional classification was performed using the (m, Mn) parameter 
space (Supplementary Fig. S1). In the training domain, both LDA 
(Fig. S1b) and SVM (Fig. S1d) achieve a clear separation between dry 
and leachate-saturated samples, with decision boundaries consistent 
with those observed in the other parameter spaces. When extended to 
the full geophysical dataset (Fig. S1c and S1d respectively for LDA and 
SVM) the resulting spatial classifications remain coherent and consistent 
with the independent validation wells P2 and P4, showing only minor 
discrepancies between predicted and observed conditions. In particular, 
LDA preserves its characteristic inclusive behaviour, identifying slightly 
larger saturated regions, whereas SVM produces a more conservative 
delineation, limiting the classification to areas with stronger polariza
tion signatures.

3.2. 3-D parameter space

Using ρ, m, and Mn as three-dimensional model parameters (Fig. 6a), 
LDA and SVM classifiers effectively separate the training data from wells 
P1, P3, and P5 (Fig. 6b and d), with dry conditions (crosses) distinctly 
clustered from saturated ones (circles). The validation wells P2 (black 
points) and P4 (green points) align well with the predicted classes across 
the full geophysical dataset (Fig. 6c and e), displaying only 1 FP for LDA 
and 1 FN for SVM.

The three-dimensional projection of these classifications in the real- 
world space (Fig. 7a–b) reveals coherent leachate accumulations as dark 
red areas within the landfill. Both LDA and SVM using ρ, m, and Mn 
produce similar subsurface patterns of saturated zones, with the main 
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Fig. 4. Classifications achieved using ρ and m (a-e) and ρ and Mn (f-j) as model parameters: (a, f) input data for training (P1, P3, P5 wells), (b, g) LDA training results, 
(c, h) LDA classification for all geophysical data, (d, i) SVM training results, (e, j) SVM classification for all geophysical data. The dry and saturated values are marked 
with cross points and circles respectively. The predicted classes (0-dry, 1-saturated) are marked with blue and red points respectively, while the values from the 
validation wells are marked with black (P2) and green (P4) points. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)

Fig. 5. 3D reconstruction of the leachate accumulations in the investigated landfill (dark red areas): (a) LDA classification using ρ and m, (b) SVM classification using 
ρ and m, (c) LDA classification using ρ and Mn, (d) SVM classification using ρ and Mn. Saturated wells are represented by green-filled symbols, while dry wells are 
represented by white-filled symbols. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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differences being that SVM does not identify the lateral zones (around 
P2 and P3 wells) shown by LDA, though for profile L3 a shallow accu
mulation zone in the upper left zone of the profile is detected contrary to 
LDA.

The reconstruction derived from the 3D closely resembles that ob
tained using the full (m, Mn) pair (Fig. S1), both in terms of geometry 
and spatial extent of the saturated zones. This result indicates that 
polarization-related attributes alone retain a significant discriminatory 
capability for leachate detection, even in the absence of explicit re
sistivity information. However, minor differences in the lateral conti
nuity and depth extent of the mapped zones suggest that resistivity still 
provides complementary constraints on bulk conductive pathways.

3.3. Classification performance

For each configuration, classifier performance was evaluated in 
terms of accuracy, precision, recall and F1‑score Eq. (9) on both the 
training and validation sets both for the two main algorithms (LDA and 
SVM) and the two benchmark methods (RF and LOG). The complete set 
of classification metrics achieved for all parameter spaces and classifiers 
(including RF and LOG) is reported in Supplementary Material 
(Table S1).

Using the ρ–m parameter pair, LDA achieved values on the training 
dataset (P1, P3 and P5 wells) indicating that it correctly retrieved all 
leachate samples at the cost of few false positives. In contrast, the SVM 
obtained higher accuracy, precision, and F1‑score, but lower recall, 
meaning that it always correctly predicted leachate where it is present, 

Fig. 6. Classifications achieved using ρ, m and Mn as model parameters: (a) input data for training (P1, P3, P5 wells), (b) LDA training results, (c) LDA classification 
for all geophysical data, (d) SVM training results, (e) SVM classification for all geophysical data. The dry and saturated values are marked with cross points and circles 
respectively. The predicted classes (0-dry, 1-saturated) are marked with blue and red points respectively, while the values from the validation wells are marked with 
black (P2) and green (P4) points. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. 3D reconstruction of the leachate accumulations in the investigated landfill (dark red areas): (a) LDA classification using ρ and m and Mn, (b) SVM clas
sification using ρ and m and Mn, (c) K-means clustering considering only the cluster no. 10 after Piegari et al. (2023), (d) K-means clustering considering clusters no. 
9 and 10 after Piegari et al. (2023). Saturated wells are represented by green-filled areas, while dry wells are represented by white-filled areas. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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but it missed approximately one-sixth of the leachate samples. On the 
corresponding validation set (P2 and P4 wells), LDA maintained similar 
performance, which points to good generalization and no evident 
overfitting. The SVM, instead, showed a stronger trade‑off: in the most 
conservative case, it preserved perfect precision (100%) on validation, 
but its recall dropped to 50%.

Using the ρ–Mn pair, both LDA and SVM classifiers achieved iden
tical performance metrics on the training data and validation set, indi
cating equivalent good effectiveness in separating leachate from dry 
conditions.

In contrast, for the m-Mn pair as well as with the full set of param
eters ρ, m and Mn, the metrics diverged between LDA and SVM, mir
roring patterns seen in prior analyses. Both classifiers maintained high 
accuracy on training data, but LDA consistently achieved perfect recall 
while SVM prioritized perfect precision at the expense of lower recall. 
On validation sets, this trade-off persisted, with LDA sustaining robust 
generalization across all metrics and SVM exhibiting reduced recall 
despite its precision advantage.

The benchmark classifiers (LOG and RF) do not provide consistent 
improvements over LDA and SVM, particularly under the limited size of 
the training dataset. This confirms that simpler, well-constrained linear 
classifiers are more robust and suitable in this context.

3.4. Uncertainty estimation

To complement the binary hard-classification results, posterior 
probabilities of leachate occurrence were computed for the LDA 
(Fig. 8a) and SVM (Fig. 8b) using Eqs. (10) and (11) respectively, and 
compared with the fuzzy membership values obtained from the previous 
unsupervised fuzzy C-means (FCM) clustering analysis (Fig. 8c).

Both LDA and SVM highlight the same main leachate accumulation 
sectors previously identified in the deterministic maps, namely the 
western-central portion of the landfill near wells P4–P5 and, second
arily, the central sector around P3. However, relevant differences 

emerge in the confidence patterns. LDA (Fig. 8a) produces smoother and 
more spatially continuous probability distributions, reflecting its prob
abilistic linear-discriminant formulation. In contrast, SVM (Fig. 8b) 
yields sharper high-probability cores surrounded by abrupt probability 
gradients, consistent with its margin-based decision mechanism.

The comparison with FCM membership values pertained to cluster 
no. 10 only (Fig. 8c), interpreted as the cluster most representative of 
leachate-affected conditions, shows a generally consistent spatial 
pattern, though more fragmented compared to the supervised ap
proaches. The combined fuzzy membership of clusters no. 9 and 10 
(Fig. 8d) produces a more spatially continuous pattern compared to 
cluster no. 10 alone; however, low membership values are observed 
along the transition zones between the two clusters, highlighting areas 
of weak affiliation and increased ambiguity in the delineation of 
leachate occurrence.

For the sake of completeness, posterior probability maps were also 
computed using the benchmark classifiers LOG and RF (Supplementary 
Fig. S2). The LOG-derived probability distribution (Fig. S2a) appears 
spatially smooth, likewise LDA (Fig. 8a) but even with a higher uncer
tainty and a limited contrast between high-confidence and transitional 
zones. In contrast, the RF model (Fig. S2b) produces high-probability 
patches with a reduced spatial continuity, similarly to SVM (Fig. 8a). 
Overall, compared to LDA and SVM (Fig. 8a,b), both benchmark clas
sifiers do not yield significant advantages in terms of identification of 
coherent leachate accumulation zones or delineation of transitional 
areas.

4. Discussion

4.1. Comparison with other ML-based approaches

In our previous studies the unsupervised clustering of ERT/IP models 
using K-means (Piegari et al., 2023), and fuzzy C-means (De Donno 
et al., 2025) carried out on the same dataset, led to the identification 

Fig. 8. Uncertainty assessment of leachate occurrence: (a) posterior probability map derived from LDA; (b) posterior probability map derived from SVM after score 
calibration; fuzzy membership values for (c) cluster no. 10, and (d) clusters no. 9 and 10 obtained from the previous FCM analyses (De Donno et al., 2025). Saturated 
wells are represented by green-filled symbols, while dry wells are represented by white-filled symbols. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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of multiple classes, interpreted as different degrees of leachate satura
tion. Here, we compare the leachate-affected volumes for the two ap
proaches (supervised and unsupervised) in terms of percentage ratio of 
pixels (PRP) belonging to the saturated area with respect to the total 
number of pixels (Table S2 in Supplementary Material). It is worth 
noting that the hard unsupervised approaches assign every point in the 
geophysical sections to a cluster, reproducing a full cross-section col
oured by cluster indices. In contrast, the supervised approach, with its 
binary leachate/no-leachate classification, yields cross-sections, where 
only areas corresponding to leachate accumulation zones are depicted. 
Since two clusters were previously identified as indicative of the pres
ence of leachate (i.e., clusters no. 9 and no. 10 after Piegari et al., 2023), 
two possible comparisons are made considering pixels belonging only to 
the cluster no. 10 and to the combination of clusters no. 9 and 10. The 
PRP values quantifying the relative extension of leachate accumulation 
zones are 20.10% for LDA and 10.35% for SVM, considering ρ and m (see 
Fig. 5a and b), 20.10% and 18.70% for ρ and Mn, (see Fig. 5c and d), 
while it is respectively to 18.29% and 14.71% for the 3D analysis (see 
Fig. 7a and b). Therefore, the PRP values obtained using the 3D 
parametrization are generally intermediate between the more inclusive 
LDA estimates and the conservative SVM ones derived from 2D spaces, 
suggesting that the combined use of ρ, m and Mn provides a more 
balanced reconstruction of leachate extent. From the previous unsu
pervised analyses, PRP is 10.68% considering only cluster no. 10, while 
it is significantly increased to 23.92% also considering cluster no. 9 
(Fig. 7c and d). We note that the area identified by cluster no. 10 alone in 
the unsupervised analysis matches almost perfectly with the one 
resulting from the supervised SVM analysis with ρ and m (see Fig. 5b and 
Fig. 7c). Since SVM achieves 100% precision (Table S1)—meaning that 
the dark-red areas depicted in the models are truly saturated—this 
supports prior clustering analyses, confirming that the dark red cluster 
corresponds to leachate accumulation zones. Moreover, the combined 
area of clusters no. 9 and no.10 exceeds the less conservative LDA es
timate (i.e., the largest accumulation area) for both ρ-m and ρ-Mn pairs. 
This result suggests that leachate accumulation lies between the two 
estimates, similar to LDA and SVM results in the 3D ρ-m-Mn parameter 
space. In terms of classification metrics, the unsupervised approaches 
(K-means/FCM) show a more variable behaviour compared to super
vised classifiers (Table S1). In fact, cluster no. 10 yields high precision 
(100%) but limited recall (50%) and F1-score (66.7%), indicating a 
conservative identification of leachate occurrence. Conversely, the 
combined clusters no. 9 and 10 reach 100% recall but with lower pre
cision (57.1%) and accuracy (84.2%), leading to an overestimation of 
affected areas. This trade-off contrasts with the more balanced perfor
mance of supervised methods, where LDA maximizes recall and SVM 
precision while maintaining consistently high accuracy (~95%), 
resulting in a more reliable delineation of leachate distribution. There
fore, although the classification metrics achieved by unsupervised 
classification are satisfactory, the supervised approach is preferable, 
since it is not only able to better reproduce the levels in P4 and P5 but 
also in P3 (Fig. 7). Additionally, even though the subjectivity inherent in 
the choice of the number of clusters can be minimized using well- 
established indices, the choice of the optimal number of clusters re
mains a significant drawback for unsupervised techniques.

In terms of uncertainty representation, FCM provides numerical 
values (Fig. 8c,d) that remain purely data-driven and sensitive to local 
variability, lacking direct linkage to independent ground truth. In fact, it 
is important to note that fuzzy membership values represent degrees of 
similarity to cluster centroids rather than true probabilities of leachate 
occurrence (Garcia-Dias et al., 2020). Unlike supervised classifiers, 
where posterior probabilities are directly conditioned on labelled well 
data, fuzzy clustering does not incorporate ground-truth information, 
and therefore its membership values cannot be interpreted in a proba
bilistic sense (De Donno et al., 2025). In contrast, posterior probabilities 
derived from LDA and SVM (Fig. 8a,b) or from the benchmarks classi
fiers RF and LOG (Figs. S2a, b) are conditioned by well-constrained 

labels, thus offering a more physically grounded estimate of leachate 
occurrence. Although FCM patterns (Fig. 8c) are broadly consistent, they 
appear more fragmented, whereas LDA and LOG produce smoother 
probability fields while SVM and RF highlights sharper high-confidence 
cores. This behaviour is further clarified by the vertical profiles at the 
validation wells (Fig. S3), which provide a direct comparison between 
supervised posterior probabilities and unsupervised membership values 
along depth. At the dry well P2 (Fig. S3a), most supervised classifiers 
assign near-zero probabilities across the profile, in agreement with the 
absence of leachate, although LDA shows a limited false positive at 
depth. At the saturated well P4 (Fig. S3b), LDA captures perfectly the 
transition across the leachate level with a probability always higher than 
50% within the saturated area, while SVM produces a sharper increase 
of probability but a more conservative classification, missing one satu
rated sample. RF exhibits a behaviour broadly comparable to SVM, 
whereas LOG shows more unstable trends and reduced agreement with 
the observed leachate level. The FCM membership profiles (grey solid 
lines in Figs. S3c, d) associated to cluster no. 10, appears similar to SVM 
and RF more distributed and less sharply constrained by the hydro
geological boundary. In contrast, the membership profiles associated 
with cluster no. 9 (grey dashed lines in Figs. S3c, d) display lower and 
more diffuse values across both dry and saturated intervals, indicating 
that this cluster primarily reflects transitional conditions and contrib
utes to a less selective and more ambiguous delineation of leachate- 
affected zones. Therefore, supervised approaches do not replace unsu
pervised methods but complement them: clustering analyses can remain 
valuable for a preliminary assessment—especially in the absence of 
wells, where they provide the most powerful objective means to identify 
potential leachate accumulation areas— whereas supervised classifiers 
can then be used for operational and decision-making tasks.

A comparison between the proposed methods and the benchmark 
classifiers further highlights that, despite their different levels of 
complexity, neither LOG nor RF provides consistent improvements over 
LDA and SVM in terms of classification performance (Table S1) or spatial 
reconstruction of leachate occurrence (Fig. S2). For instance, in the 3D 
parametrization, LOG achieves 89% accuracy but only 50% recall on 
validation data, whereas RF attains 94.7% accuracy with 75% recall, 
both remaining inferior to LDA (100% recall), while RF performances 
are comparable to SVM. Similar trends are observed in the PRP values 
(Table S2), where RF (14.9%) is close to SVM, while LOG (10%) yields 
the smallest reconstructed leachate area, without improving the delin
eation of coherent saturated zones. Overall, these results indicate that, 
under sparse well-constrained training conditions, simpler linear clas
sifiers such as LDA and SVM provide a more reliable balance between 
interpretability and predictive performance, without the need for 
increased model complexity.

4.2. Differences between LDA and SVM in the parameter spaces

The different behaviours observed for LDA and SVM across the 
investigated parameter spaces can be directly interpreted in terms of the 
geometry of their decision boundaries and their underlying assump
tions. The LDA method assumes that each class follows a multivariate 
normal distribution with equal covariance matrices, leading to a linear 
decision boundary that maximizes class separation in a global sense 
(Hastie et al., 2017). As a consequence, LDA tends to produce smoother 
and more inclusive class regions in the parameter space, which explains 
its systematically high recall values achieved for all the parametrizations 
(Table 1). As a result for leachate mapping, this translates into a ten
dency to classify transitional or borderline electrical responses as 
leachate-affected points, thus minimizing FN (always zero in our vali
dation datasets), but at the cost of few FP (only 1 in our validation 
datasets).

The SVM algorithm, by contrast, focuses on maximizing the margin 
between classes and relies primarily on support vectors located near the 
class boundary (Hastie et al., 2017). Even when a linear kernel is used, 
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the resulting decision boundary is controlled by a limited subset of 
training points, making the classifier less sensitive to the overall distri
bution of samples. This property explains the higher precision observed 
for SVM with respect to LDA and its more conservative identification of 
leachate zones. In practical terms, SVM preferentially classifies only 
those pixels whose electrical properties closely resemble the leachate 
signatures observed in wells, while excluding marginal zones charac
terized by intermediate resistivity or chargeability values.

From a geophysical perspective, the decision boundaries identified 
by LDA and SVM in the different parameter spaces represent quantita
tive combinations of conductivity and polarization responses that 
discriminate between leachate-affected and non-affected materials. 
Leachate occurrence is typically associated with lower resistivity values, 
reflecting increased pore-fluid conductivity, and moderate to high 
chargeability responses, related to enhanced interfacial polarization 
processes within the waste mass (Flores-Orozco et al., 2020). Accord
ingly, the classifier boundaries can be interpreted as data-driven 
thresholds that jointly capture these contrasting electrical signatures, 
rather than relying on arbitrary single-parameter cutoff values.

The inclusion of normalized chargeability (Mn) plays a key role in 
reducing discrepancies between the LDA and SVM classifiers in waste 
characterization. By partially decoupling surface polarization effects 
from bulk conduction (Slater and Lesmes, 2002), Mn improves the 
separability of waste classes and reduces overlap in the parameter space. 
This is clearly proven using the ρ–Mn pair, where LDA and SVM 
converge toward nearly identical performance metrics and spatial 
reconstructions.

An additional sensitivity test using the (m, Mn) pair space further 
supports this interpretation (Table S1). In fact, despite excluding re
sistivity, the SVM classifier achieved validation scores comparable to the 
full three-parameter model, indicating that polarization-related attri
butes alone retain substantial discriminatory power for leachate detec
tion. This suggests that chargeability responses are strongly linked to 
waste saturation and electrochemical activity, whereas resistivity 
mainly provides complementary information on bulk conductive path
ways. In the full three-parameter space (ρ, m, Mn), which is selected also 
for enabling the comparison with the unsupervised approaches, the 
increased dimensionality slightly amplifies the intrinsic differences be
tween the classifiers, with LDA remaining more inclusive and SVM 
maintaining its conservative nature.

Overall, these results indicate that parameter selection may be as 
important as classifier selection in landfill geophysical applications.

4.3. Practical implications for MSW landfills

The classification results carry direct implications for practical ap
plications in landfill management, where the need for accurate leachate 
detection can guide the monitoring activities and the retrofitting in
terventions, particularly for landfills located on slopes. Beyond deter
ministic delineation, the uncertainty maps depicted in Fig. 8 provide an 
additional decision-support layer, highlighting zones of high confidence 
and transitional sectors where further investigations may be prioritized. 
Although the results of the 3D analyses (Fig. 7 and Table 1) show that 
LDA performs slightly better than SVM, which is more suitable for a 
conservative assessment of leachate accumulation, both approaches 
enable a spatially continuous imaging of leachate accumulation, over
coming the limitations of scattered well data, which may not capture the 
extreme spatial variability of leachate accumulations. This aspect is 
particularly relevant in heterogeneous landfill environments, where 
localized drilling alone may miss preferential leachate pathways or 
perched saturated zones. However, a sparse well network can be used as 
an input for running an ML supervised algorithm, whose results can then 
support the optimization of the monitoring network by suggesting the 
location of additional piezometers. For example, areas characterized by 
intermediate occurrence probabilities in Fig. 8a–b may represent the 
most informative targets for new piezometers or confirmation 

boreholes.
From a more geotechnical point of view, leachate accumulation 

strongly influences pore pressure and effective stress within the waste 
mass (Koerner and Soong, 2000). However, a crucial aspect that is often 
disregarded is the fact that the mechanisms and patterns of leachate flow 
in MSW landfills could be extremely complex (Zeiss and Uguccioni, 
1994). Therefore, for slope landfills, the 3D reconstructions of 
leachate distribution achieved though the ML supervised methods can 
be directly incorporated into slope stability analyses as heterogeneous 
saturation inputs, unlike the commonly used method based only on 
interpolation of levels logged in wells, which fails to image the actual 
leachate distribution. A limitation of the present study is the relatively 
small number of wells available for supervised training. Therefore, 
extrapolation to other landfill sectors or different sites should be un
dertaken with caution, particularly in highly heterogeneous environ
ments where spatial variability may affect model transferability. 
Although the validation results on the L2 and L3 profiles indicate robust 
performance within these sectors, the applicability of the proposed 
approach to independent profiles will be assessed in future work, 
including the untrained lines (L1 and L4 in this case), and/or incorpo
rating additional wells, where available. Finally, although our models 
can only be rated as 2.5D, these results can pave the way for a future full 
three-dimensional campaign at the site, in order to provide an estima
tion of the leachate volumes, which is beyond the scope of this work.

5. Conclusions

This study successfully demonstrates the potential of supervised ML 
techniques (LDA and SVM) for effective leachate mapping in MSW 
landfills using geophysical ERT and IP data. By leveraging well data, 
both techniques provide a more accurate image of the complex leachate 
distribution within the landfill compared to classical standalone 
geophysical models or clustering methods. In particular, LDA excels in 
providing leachate accumulation areas with high recall, effectively 
identifying the full extent of leachate-affected zones, while SVM pro
vides a more conservative definition of the leachate accumulation zones, 
prioritizing precision over recall. Both methods show strong consistency 
between training and validation sets, confirming that the supervised 
classification, established at the well points, can be extended to the 
whole geophysical dataset.

Our supervised classification strengthens the role of geophysical 
monitoring during the post-closure phase in a MSW landfill, particularly 
for slope landfills. In fact, the combination of geophysical and ML su
pervised techniques can be an effective tool for time-lapse monitoring, 
where precise and accurate leachate mapping is crucial for a real-time 
evaluation of accumulation zones, as well as for improving the quality 
of the monitoring network and planning remediation activities.
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