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Abstract

Artificial levees along major rivers are critical for flood-risk mitigation, yet many aging
structures have poorly constrained internal composition and material heterogeneity, limit-
ing the reliability of conventional safety assessments. This study develops a quantitative,
non-destructive framework for characterizing levee internal structure by integrating elec-
trical resistivity tomography (ERT) with borehole (BH) observations. ERT profiles were
combined with borehole measurements of grain size (D50) and water content to investigate
subsurface compositional variability and to evaluate relationships between sedimentolog-
ical and geophysical parameters. Grain-size data from borehole samples were modeled
using four predictive approaches—random forest regression (RFR), artificial neural net-
works (ANN), linear regression (LR), and support vector regression (SVR)—based on
ERT-derived resistivity and moisture information. The results reveal pronounced internal

M) Check for updates heterogeneity within the investigated levees and demonstrate consistent relationships

between sediment composition, water content, and electrical resistivity. Among the tested

Academicditor: Cesar Andrade models, the ensemble-based RFR provided the highest predictive performance (R? = 0.81).
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These findings indicate that D50 characteristics of levee materials can be reliably inferred
from ERT data using machine learning, reducing the need for destructive sampling. The
proposed approach offers a transferable methodology for levee assessment and supports
future applications in non-destructive monitoring, spatially explicit flood-risk analysis, and
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1. Introduction

Floods are among the most widespread natural disasters, accounting for approximately
half of all catastrophes in 2018. Besides the loss of human lives, floods significantly harm the
economic and social infrastructure of affected regions [1,2]. One of the primary strategies
for reducing flood risk is the construction of artificial levees along alluvial rivers. Although
such levees have been constructed since antiquity, extensive large-scale endeavors have
only commenced around the turn of the 20th century [3,4], utilizing diverse techniques and
materials [5,6].

In the Carpathian Basin, the levee system provides safety for millions of inhabitants
and hundreds of thousands of houses and thousands of km of roads and railways. The
majority of the initial levees along the Tisza River and one of its main tributaries, including
the Maros River, were constructed within a relatively short timeframe with insufficient
height. Eventually, the levees evolved into complex earth structures resembling the layers
of an onion, characterized by spatially variable compositions [7-9] subjected to various
post-constructional processes, including compaction, subsidence, and water seepage during
flood events [7,10,11]. Due to the cumulative impact of these processes (coupled with the
historical evolution of the levees), comprehensive information regarding their structures
and compositions is limited, posing significant challenges to flood-risk assessments and
preparedness [12].

In this regard, electrical resistivity tomography (ERT), combined with geotechnical
assessments, has proven to be a valuable tool for assessing levee conditions and the flood
protection capabilities of levee sections [12-23]. In related research, Sentenac et al. [24]
identified fissures in levees by using two- (2D) and three-dimensional (3D) ERT, while
Fargier et al. [25] applied a 3D-extended ERT normalization approach to levee assessments.
In order to control the seepage-water saturation and evolution of earth levees, Tresoldi
et al. [26] conducted an ERT-based monitoring study of the levees in pseudo-real time.
Specifically, they analyzed the influences of external variables such as temperature, water
levels in the canal, and rainfall events on the resistivity data at different depths of the levee
body during different time periods. The geophysical surveys can also be complemented
by geotechnical investigations [27,28]. In related studies, Jodry et al. [29] monitored the
seasonal soil-moisture changes and temperature profiles in an earthen levee by using
2D direct-current ERT, and generated seasonal resistivity-change models, while Rahimi
et al. [30] combined capacitively coupled resistivity with a multichannel analysis of surface
waves to map the near-surface structures of the Melvin Price Reach of the Wood River
Levee. Subsequently, Sheishah et al. [6] identified the potential problem areas along various
levee sections in Hungary. Geophysical methods like ERT and GPR effectively assess
levee integrity and identify seepage pathways. A controlled experiment validated their
reliability, highlighting their utility for flood risk assessment in areas with undocumented
levee construction [23].

Many authors used different machine learning (ML) algorithms to predict different
soil properties. Padhan et al. [31] and Bordas et al. [32] used neural networks (CNNs) to
guess how the grain sizes would be spread out based on various microstructural features.
Ding and El-Zein [33] used data from the UNSODA database to study how artificial neural
networks (ANNSs) could be used to guess soil water retention curves (SWRCs). Bordignon
et al. [34] used 3D convolutional neural networks to figure out the grain size and porosity
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distributions from 3D grayscale microtomography images. They did this to circumvent the
high cost of employing humans and computers to separate the images and determine these
properties. Hamada et al. [35], applied ANN to predict porosity and water saturation in
shaly sand reservoirs. Sastre et al. [36] propose an automatic methodology to predict the
soil grade based on the cone resistance using ANN. Kundu et al. [37] did a full study on
how machine learning can be used to predict electrical resistivity (ER) in different types
of soil. They created three predictive models: Support Vector Regression (SVR), ANN,
and Extreme Gradient Boosting (XGB). The authors conducted 2772 ER tests across seven
different soil types, considering multiple input parameters such as temperature, density,
and moisture content, which are crucial for accurate resistivity predictions. Traditional
methods often relied on single input variables, but this study emphasizes the importance
of multiple parameters due to their combined effects on resistivity. Chang et al. [38]
and others used machine learning and resistivity measurements to make a detailed 3D
Apparent Geological Model (AGM). They did this because there was a link between
resistivity values and the types of sediment found in nearby boreholes. Using the Random
Forest Regressor (RF) algorithm to connect resistivity data with different types of sediment
found in boreholes, three types of sediment were found: gravel (>140 Ohm-m), sand
(60-140 Ohm-m), and clay (<60 Ohm-m). These studies highlight the growing use of ML
in geotechnical contexts. However, most prior work focuses on either image-based grain
sizing or predicting soil behavior from databases, with relatively few studies integrating
field geophysical measurements with ML for levee evaluation.

Conventional procedures for assessing levee materials frequently depend on destruc-
tive methods to ascertain grain size (D50), which are challenging, resource-demanding,
and restricted in spatial extent. Modern geophysical investigations, while encouraging, fre-
quently exhibit insufficient integration of resistivity data with water content measurements
to accurately forecast grain size.

There is still limited application of machine learning in developing models capable of
accurately predicting the median grain size (Dsp) of levee materials. Consequently, fast,
non-destructive, and scalable methods for levee material characterization remain scarce.
Moreover, only a few studies have focused on in situ characterization of levee materials
using machine learning, particularly those that aim to predict grain size (Dsg) directly from
geophysical measurements and soil moisture data.

This research mitigates this gap to improve the efficiency and precision of grain
size prediction in levee systems. Therefore, this study aims to integrate ERT method,
BH data, and machine learning to (1) map the structural and compositional complexi-
ties of two levee systems and analyze their implications for flood protection challenges,
(2) improve the accuracy of correlations between water content and other physical pa-
rameters of borehole samples, and (3) increase reliance on non-destructive geophysical
techniques for estimating the grain size (D50) of levee materials, reducing dependence on
traditional destructive methods.

In order to achieve these aims the following objectives are as follow; (1) identify
and compare structural and compositional differences between the two levee systems and
evaluate how these differences may influence flood protection performance, (2) develop and
refine a classification method for borehole samples based on their water content, enabling
more meaningful correlations between water content and other physical parameters, and
(3) build predictive machine learning models that estimate the grain size (D50) of levee
materials using measured resistivity and water content, facilitating rapid and accurate
evaluations over extended sections.
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2. Study Area

Artificial levees were built more than 150 years ago, as part of the flood-risk protection
measures for floodplains in the Carpathian Basin. Meanwhile, flood hazard maps in Hun-
gary, which are accessible online (OVF, 2015), provide information on the areas protected
from floods. In fact, the 20th and 21st centuries have been marked by increases in peak
flow levels, particularly in the dynamic fluvial system of the Tisza River [39].

Regarding the study area, it is situated on the left banks of the Tisza and Maros Rivers
in the southern part of Hungary. Geophysical surveys and drillings were performed along
a 48-km levee section (Figure 1). The investigated levees were last reinforced in the 1970s,
but their internal structures and layer compositions have yet to be fully understood. The
precise structure and composition of the levees are only known along newly constructed
sections, since such works in the 19th century were rarely documented. Furthermore, since
reinforcements are made from nearby materials, the vertical and horizontal compositions
of the levees are highly heterogeneous. Hence, these structural and compositional changes
must be mapped for future flood management [6,40].
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Figure 1. (a) Location map of potential floodplains and artificial levees in Hungary (modified from
OVF—General Directorate of Water Management, Hungary [41]) and (b) Study area in southern
Hungary showing the ERT monitoring profiles and drilling locations along the Tisza and Maros Rivers
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(Ikm = levee kilometre, a standardized river engineering unit indicating distance along the levee
alignment). The location map in panel (b) was prepared using ArcGIS Pro, and the basemap (World
Topographic Map) displays place names in their original Hungarian form. These names are retained
as official geographic identifiers; translating them into English would result in non-standard and
potentially misleading place names.

3. Data and Methods
3.1. ERT Measurements

In the present study, the ERT profiles along the investigated levee sections were
collected by using a Wenner array and a GeoTom MK8E100 apparatus with a 50-electrode
system. A total of 109 ERT profiles were collected at two levee sections: (1) the left bank
of the Tisza River, from 13 to 42 lkm; and (2) the left bank of the Maros River, from 1 to
24 lkm. All ERT measurements were conducted during the same field campaign period
under stable hydrological conditions, avoiding flood events and prolonged precipitation
periods. This ensured that seasonal variations in soil moisture did not significantly affect
the comparability of the profiles. In addition, in situ water-content measurements obtained
from borehole samples were incorporated into the analysis to explicitly account for the
influence of moisture on electrical resistivity (R). Since the composition of the levee core can
differ in each side (as well as throughout the core structure), two profiles were measured at
each lkm in the investigated sections. The first profile was measured longitudinally on the
levee crown, while the second profile was measured transversely across the levee crown
and both sides (i.e., the river and protected sides) of the levee. In this case, the transverse
profile was topographically corrected by using the elevation data at each odd-numbered
electrode along the survey line, acquired by a real time kinematic global positioning system
(RTK GPS) (TopCon Hyper Pro) [40].

Overall, 61 ERT profiles along the Tisza levee were measured from 13 to 24 lkm
and from 31.4 to 42 lkm. The 25-30 lkm section was omitted because the levee crown is
paved. At 28 lkm, the longitudinal ERT profile was measured, but the transverse profile
was omitted because the levee crown is crossed by road traffic. During the preliminary
ERT measurements, one cable was connected to the 25-electrode control unit. In this case,
the longitudinal profiles (92 data points; eight data levels; and 60 m profile length) were
obtained at an electrode spacing of 2.5 m. Meanwhile, the transverse profiles (92 data
points; eight data levels; and 48 m profile length) were obtained at a shorter electrode
spacing (2.0 m) because the profile length covered the entire levee width (crown and both
sides) in some sections. The transverse profiles were adjusted after that because the width
in some sections of the levee exceeded that of the previous investigated section. Hence, the
transverse profiles (392 data points; 16 data levels; and 73.5 m total length) were collected
by using two 50-electrode cables with an electrode spacing of 1.5 m.

A total of 48 ERT profiles along the Maros levee were measured at 1-lkm intervals,
from 1 to 24 lkm. The profile lengths, total numbers of data points and data levels, elec-
trode numbers, and electrode spacing of the longitudinal and transverse profiles were as
described earlier for the Tisza levee [40].

To obtain the true resistivities of the building materials of the levees, the resistivity
values obtained during the ERT profiling were processed by using RES2DINV 3.4 soft-
ware [42]. Before initiating the inversion process, we removed the noisy outlying data
points. The inversion scheme was based on the least-squares smoothness-constrained itera-
tive optimization algorithm [43,44]. In this case, inversion was preceded by topographic
adjustment in order to remove the elevation effect from the transverse profiles. Moreover,
when the root-mean-square values were sufficiently low, the inverted ERT profiles were
exported for evaluation.
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3.2. Sedimentological Data

The borehole drillings and sediment sampling were conducted during the same
field campaign as the ERT measurements to ensure temporal consistency between the
geophysical and sedimentological datasets. This synchronization minimized potential
deviations caused by temporal changes in soil moisture or environmental conditions. To
accurately interpret and validate the ERT surveys, 19 boreholes were drilled at 13, 18, 31.4,
and 37 lkm along the Tisza levee and at 3, 8, 10, 16, and 20 lkm along the Maros levee. At
each site, one borehole, with a depth of 6-7 m, was drilled on the riverside edge of the levee
crown, while a second borehole, with a depth of 3-4 m, was drilled on the protected side
slope of the levee. The 19th borehole was drilled at a depth of 2 m on the levee foot of the
16 lkm site. Drilling was carried out by using an Eijkelkamp drilling system with a 5-cm
diameter drilling head [40].

Meanwhile, samples were collected at 20-cm depth intervals for median grain size
(D50) analysis by using a Fritsch Analysette 22 laser analyzer, with a measurement range
of 0.08-2000 pm. The samples (200 and 255 from the levees of Tisza and Maros Rivers,
respectively) were completely dried in a drying oven at 105 °C and ultrasonically ho-
mogenized in the laboratory, with their D50s measured three times to check for further
disintegration. To ensure measurement reliability, replicate measurements were evaluated
for consistency and the average value was used for further analysis. The ultrasonic disper-
sion and repeated measurements served as quality-control procedures to minimize particle
aggregation and analytical variability. The D50 fractions of the samples were recorded on
the Udden-Wentworth scale. In this study, the sample D50s were applied as controls of the
geophysical results.

Another set of 220 drilling samples was collected for in situ water content (W) mea-
surements at 40-cm intervals during the drilling procedure. These samples were stored in
special plastic bags and their wet weights were measured before being dried in a drying
oven at 100 °C in the laboratory. The weights of the dried samples were then measured
and subtracted from the wet weights to determine the W (as a percentage).

The other physical parameters of the levee composition, such as density (p), porosity
(9), and saturated hydraulic conductivity (K), were determined from 49 samples collected
in soil-sample rings during the borehole drillings. The samples were collected at depths
with obvious stratigraphical changes. After measuring their Ks with a penetrometer, the
samples were dried in a drying oven and weighed in the laboratory.

The dry bulk density was obtained as the dry weight of each sample divided by the
volume of the soil-sampling cylinder. The total porosity (%) was then calculated as follows:

pb

@ =100[1- 3] (1)
where pb and pd are the bulk and particle densities of the material (g/cm?), respectively.
Following Fetter [45], the particle density was taken as 2.65 g/cm?3. Fetter [44] also reported
that the porosity will decrease if a sediment contains mixed grain sizes because the smaller
particles will fill the voids between the larger particles. Since the grains in the artificial
levees of the Tisza River showed no large variations, the porosities of the samples were
high. As for the parameter correlations and their significance degrees, they were deter-
mined by using IBM SPSS version 26, a powerful and user-friendly software package for
statistical data analyses [46]. As the correlation methods, we selected the Pearson and
Spearman methods.

Opverall, the resistivity (R) determined from the ERT profiles of the 49 samples collected
from the 10 different boreholes was correlated with W, D50, K, ¢, and p. Some values of K
and ¢ are not reported in Table A1 because reliable laboratory measurements could not be
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obtained for a small number of samples. In a few cases, the collected sediment samples
were insufficient in volume or were disturbed during sampling and therefore could not
be reliably analyzed in the laboratory. These cases represent only a minor fraction of the
dataset and do not influence the overall interpretation of the results.To better understand
how moisture influences the resistivity-grain size relationship, W measurements were
binned into three ranges: Class 1 = dry (W 0-10%), Class 2 = intermediate moisture
(W 11-20%), and Class 3 = high moisture (W > 21%). We then examined R-D50 correlations
within each W class.

3.3. Machine-Learning Method

In this study, different ML algorithms, e.g., RFR, ANN, LR, and SVR were used to
predict the dependent variable (D50) from the independent variables (W and R). The
selected machine-learning algorithms represent complementary modeling approaches with
increasing complexity. LR provides a baseline linear reference, SVR and ANN capture non-
linear relationships, and RFR offers robust ensemble learning with strong generalization
and physical interpretability, enabling a systematic comparison of predictive performance
for D50 estimation.

The dataset was split into 80% for training and 20% for testing, and the Grid Search
CV algorithm was used to fine-tune the model’s hyperparameters.

The RF was proposed by [47]. The basis of RF is the decision tree (DT) algorithm, as the
RF comprises multiple DTs operating concurrently. The RF method involves partitioning
the input data features into DTs. Subsequently, each tree provides its forecast based on the
incorporated attributes, and the ultimate prediction of the RF is the average of all decision
trees” outcomes. The RF mitigates overfitting, which could give rise to a solitary DT;
additionally, it can improve the model’s accuracy. Many hyperparameters can be changed
to achieve the optimal performance of the RF model, such as the number of estimators, the
maximum feature, minimum sample split, and minimum sample leaf. Our work employed
the RFR module in the scikit-learn library in Python version 3.11 to develop the RFR model
for D50 prediction.

The ANN includes three layers: input layer, hidden layer, and output layer [48].
Each layer contains numerous cells (neurons), which receive a signal (impulse) from
the preceding neuron and deliver their result after executing various changes onto the
adjacent neuron. These neurons are interconnected by weights, which are initially assigned
randomly at the commencement of the training process and subsequently modified at
each iteration until optimal weights are attained [49]. The neural network from the scikit-
learn module in Python was employed to construct the model. The rectified linear unit
(ReLU) activation function, which regulates the weighted sum of inputs for transmission
to the succeeding neuron, was utilized in the hidden layers. The “relu” function outputs
the input value in all instances except when the input is zero, in which case it returns
zero [f(x) = max (0, z)], so circumventing the saturation issue present in other activation
functions like sigmoid and tanh. The limited memory Broyden—Fletcher-Goldfarb—Shanno
(Ibfgs) solver, which optimizes the weights of every neuron to minimize the cost function,
was also applied to the hidden layers. The “Ibfgs” updates weights by calculating the
inverse of the Hessian matrix [50-53].

LR is a supervised learning approach that predicts the connection between a depen-
dent variable and one or more independent variables by fitting a linear equation to the
observed data. The model decreases the mean squared error (MSE) between anticipated
and actual values by optimizing the coefficients (weights) through techniques such as
ordinary least squares (OLS). The LR module of the scikit-learn toolkit in Python was
employed for automatically calculating these coefficients. The above approach presupposes
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a linear correlation, independence of errors, and homoscedasticity (unified variance of
errors). The algorithm’s simplicity and interpretability make it a core tool in predictive
modeling programs.

The SVM generates the optimal hyperplane that intersects the highest number of data
points. However, the fundamental distinction between the SVR and the other regression
models is that these models strive to identify the best fit line, which minimizes the square
error between the fitted line and points. At the same time, the SVR allows for a degree of
tolerance in the solution, since it endeavors to identify the optimal fit line within a specified
threshold value, so enhancing the probability of achieving superior solutions [54]. The
kernel is tasked with identifying the hyperplane, particularly in high-dimensional space
problems. This study uses the SVR in the scikit-learn module in Python to construct the
SVR model for D50 prediction.

All settings and parameters used in these ML algorithms were applied following the
fine-tuning of hyperparameters (Figure 2) to achieve optimal outcomes.

Hyperparameters for best performance ML models

[

RFR

n of estimators = 300
max depth = 10
min samples split =2
min samples leaf =1,
max features = "sqrt’

Where: n is number, hl 1s hidden layer. cv is cross-validation, C is regularization parameter.

ANN LR SVR
1st hl = 128 neurons GridSearchCV
2nd hl = 64 neurons . RBF kemel
_ 2nd polynomial _
3rd hl = 32 neurons gamma=0.1to
. 5-fold cv
ReLU function aloha = 0.1 10
Adam optimizer P : C=0.1t0 100
500 epochs epsilon 0.01to 1

Figure 2. Schematic representation of the optimized hyperparameters used for the machine-learning
models applied in this study. The figure summarizes the configurations that provided the best
predictive performance for RFR, ANN, LR, and SVR models used to predict sediment D50 from R
and W. The selected hyperparameters were determined through model tuning and cross-validation
to ensure optimal model performance.

RFR hyper-parameters, including the number of estimators (trees in the forest), max-
imum tree depth, minimum samples to split a node, minimum samples at a leaf, and
maximum number of features examined at each split, were optimized using grid search
(Figure 2).

The ANN model was developed using TensorFlow Keras Sequential. Three hidden
layers were utilized in the ANN model. The first hidden layer has 128 neurons, the second
64, and the third 32. All hidden layers applied ReLU activation, which handles non-linear
relationships. To avoid overfitting, we added 20% dropout layers between concealed
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layers. The Adam optimizer efficiently adjusted learning rate during model training.
ReduceLROnPlateau, a learning rate scheduler, dynamically reduced the learning rate
when validation loss plateaued, improving convergence across 500 epochs. Performance
was improved by standardizing features with StandardScaler. Prior to model training,
the input variables (R and W) were standardized to ensure that variables with different
magnitudes contributed equally to model training. This step is particularly important
for distance-based algorithms such as SVR and for ANN training. In addition, noisy or
extreme geophysical measurements were filtered during the ERT inversion stage using
quality-control procedures implemented in the RES2DINV software, which helped reduce
the influence of measurement noise on the dataset used for machine-learning modeling.
Second-degree polynomial features were utilized in the LR model to account for non-linear
relationships and improve flexibility. Ridge regression, or LR with L2 regularization, was
chosen to enhance model performance and reduce overfitting. Grid search with 5-fold
cross-validation was applied to optimize alpha from 0.1 to 100. We also applied SVR model
for complex trends like D50 distribution because it can capture non-linear correlations in
data. We normalized the features using the StandardScaler before applying the SVR model
to guarantee that all variables were on the same scale, which is necessary for distance-based
models like SVR. We optimized model performance with GridSearch CV hyperparameter
adjustment. The best hyper-parameters for the models used are explained in Figure 2.

The efficiency of the proposed models was assessed utilizing five statistical metrics: co-
efficient of determination (R?), Root Mean Square Error (RMSE), Mean Absolute Percentage
Error (MAPE), Median Absolute Error (MEDAE), and Mean Absolute Error (MAE) [55-58]
as follow:

1. Coefficient of Determination (R?) measures how well the regression model explains
the variability of the dependent variable. It is calculated as:

. (2@~ ) (b —B))"
S(a; — )2 xZ(bi—B)z

(2)

2. Root Mean Squared Error (RMSE) calculates the square root of the average squared
differences between actual and predicted values. It is defined as:

J(E@i = b))

n

RMSE = 3)

3. Mean Absolute Percentage Error (MAPE) expresses the prediction error as a per-
centage of actual values. It is given by:

MAPE = <111>Z(|(ai —b;)/a;|) x 100 4)

4. Mean Absolute Error (MAE) computes the average absolute differences between
actual and predicted values. It is defined as:

MAE — (i)zuai b)) 6)

5. Median Absolute Error (MEDAE) calculates the median of absolute differences
between actual and predicted values. It is defined as:

MEDAE = median(|a; — bj|) (6)
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where n is the number of data points, a; is the observed value, b; is the predicted value, a is
the mean of the observed value, and b is the mean of the predicted value.

4. Results

4.1. Integrating ERT and Sedimentological Data to Identify Structural Units at Tisza
and Maros Levees

The difference in the composition of the Tisza and Maros levees is visible in the resistiv-
ity results at the representative levee sections 18 lkm and 16 lkm of Tisza and Maros levees,
respectively, because more drilling information and analysis are provided at the mentioned
locations. In general, the inverted ERT profiles exhibited low resistivity values in the
Tisza levee and medium and high values in the case of the Maros levee. The longitudinal
and transverse profiles measured on the Tisza levee exhibited a range of values from
13.3 Om to 82.5 Om, averaging 28 OOm. In the case of the longitudinal profile mea-
sured on the Maros levee, values ranged between 24 (Om and 108 (dm with an average of
65 Om. In the Transverse profile measured on the Maros levee, values were considerably
higher, reaching a maximum of 3025 (dm, and the mean specific resistivity was 1522 Om
(Figure 3).

The extremely high resistivity values observed in the transverse profiles of the Maros
levee (up to 3025 (dm) are interpreted as coarse sand lenses characterized by low mois-
ture content and high permeability. In unconsolidated sediments, electrical resistivity is
primarily controlled by pore-water content, grain-size distribution, and pore structure.
Coarse sands typically exhibit significantly higher resistivity values than fine-grained silts
because of their lower clay content and reduced surface conduction. This interpretation is
supported by the correlations observed in the borehole dataset, where resistivity increases
with larger D50, higher ¢, and higher K, while decreasing with increasing W.

The longitudinal profile measured at the investigated site of the Tisza levee exhibited
one unit; this was the fine silt, which is the dominant component of the levee body, with
resistivity values ranging between 6 Om and 29 Om (Figure 3A). A very fine silty layer,
0.4 m thick and at a depth of 4 m, could not be resolved on the ERT profile as it showed
only minor accumulations and did not show a layered structure. The transverse profile
measured at this zone exhibited the same unit with approximately the same resistivity
range. In addition, a second unit of medium silt was noticed on both sides of the Tisza
levee, with resistivity values ranging between 29 and 81 (m (Figure 3B). The protected
side of the Tisza levee shows a main composition of fine silt at the drilling location at the
bottom, while ERT could not resolve it.

The materials forming the Maros Levee differ from those in the Tisza Levee. Three
successive units were identified in the longitudinal ERT profile measured on the crown
of the Maros levee at 0-3 m, 3-4.5 m, and 4.5 m-bottom with average resistivity values
95 Om, 49 Om, and 28 Om which relate to medium and coarse, fine, and medium silts,
respectively (Figure 3C).

The variation in Maros levee composition is even more visible, especially on the
protected side where two big lenses of medium and coarse sands could be noticed. In
addition to one lense of the same composition on the levee foot. Six units could be resolved;
the first medium sandy unit with a thickness of ~0.4 m has an average resistivity 250 Om,
the second medium silty unit with a thickness of ~0.5 m has an average resistivity 550 Om,
the third unit in the form of a lense of medium and coarse sand with ~3 to 3.5 m thick has a
high resistivity with an average 1500 Odm, the fourth medium silty unit (~1 m thick) has
an average resistivity 550 (Om, the fifth medium sandy unit (~1 m thick) has an average
resistivity 250 (dm, and the last unit in the form of fine silt extended until the maximum
depth reached by ERT with an average resistivity 60 Om. The levee foot shows a very
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high resistivity unit of medium and coarse sand (~0.8 m thick) with an average resistivity
2200 Om, then a thin unit of coarse silt (~0.2 m thick) with an average resistivity 660 (m,
and then a fine and medium silty unit with an average resistivity 340 (dm (Figure 3D).

Distance (m) B H 3

A RO 1315171921 232527293‘1 33353739414345474951 5355
S M A L 1 L1

1

ESS‘
= 81
2
® 79
57’7’
= L
75
A
| 1 5
- iR, oAl o 2w iy N NS N 3
O =2 N W s OO N OO o =2 N oo N o
BH Distance(m)BH4
S F 811 131517192123%5 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55
IS ) e i M | { | e e o | e e e O e o I
_ " Riverside ‘ Protected side
= E
£ N
e
©
8
w

Distance (m) B H 1 5

8 10 12 14 16 182022 242628 3032 3436384042444648 5052 54 56
T L I LLLllll

C: s
L1

|

Medium Silt

Elevation (m)

BT N C
B
2

N W b OO O N © ©
o o o o o o o o

=t
o
o

o€l
ol
0st
09l

= o
D oz

. ? 1 5 Distance (m) BH 1 7

5 7 13 15 17 19 21 23 25|27 29 31 33 35 37 39 |41 43
VSRR (S S e Y e i o T S | O 5

|
Riversidg Protected side
Medium, fine
silt

Elevation (m)

Figure 3. Samples of the inverted profiles: Longitudinal (A) and transversal (B) ERT profiles acquired
on the Tisza levee at 18 Ikm. Longitudinal (C) and transversal (D) ERT profiles acquired on the Maros
levee at 16 lkm.

4.2. Mapping of Materials Along the Investigated Levees

Assisted by sedimentological data, the ERT revealed the structures and changes of the
materials along the investigated levee sections. Specifically, along the Tisza levee section
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and following the longitudinal profiles measured on the Tisza levee crown, the levee core
was dominated by two materials: medium and fine silt. Along the north-to-south direction,
the levee sections included four patterns from the crown to the bottom (see Figure 3).
The first pattern (medium silt, fine silt, and medium silt) predominated in levee sections
42-40 lkm, 36 lkm, 34 lkm, and 17 lkm, while the second pattern (medium silt and fine
silt) predominated in levee sections 38 lkm, 33 lkm, 24-19 Ikm, and 16-15 lkm. The third
pattern (fine silt, medium silt, and fine silt) only predominated in the 37 Ikm and 13 Ikm
levee sections, while the fourth pattern (fine silt and medium silt) was mainly found in
levee sections 35 lkm, 32-28 lkm, 18 lkm, and 14 lkm. Meanwhile, the transverse profiles
measured on the Tisza levee included a composition of fine and medium silts in both the
river and protected sides (see Figure 4I).
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Figure 4. Spatial distribution of levee materials along the investigated sections of the (I) Tisza River
and (IT) Maros River levees. Panels show material composition mapped from integrated ERT and
sedimentological data: (a) riverside slope, (b) levee crown, and (c) protected side. The mapping
illustrates the lateral and vertical variability of sediment types that control seepage behavior and

levee stability.

In contrast to the Tisza levee section, the Maros levee section contained materials of
all sizes, ranging from fine silt to coarse sand (i.e., fine silt, medium silt, coarse silt, fine
sand, medium sand, and coarse sand), along with alternating fine and medium silts in
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several locations. Overall, the longitudinal profiles measured on the crown of the Maros
levee revealed medium and fine silts in the levee core, except in three lIkm sections (from
east to west) at 8 lkm, 16 lkm, and 22 Ikm, with compositions of coarse silt, fine sand, and
medium sand. From the crown to the bottom, the levee sections revealed five patterns:
(1) a pattern of medium and fine silts predominating in levee sections 24 lkm, 20 lkm,
and 1 lkm; (2) a pattern of medium and fine silts predominating in levee sections 23 lkm,
21 lkm, 15 Ikm, and 9 lkm; (3) a pattern of alternating medium and fine silts in the same unit
predominating in levee sections 19-16 lkm and 13-10 lkm; (4) a pattern of fine and medium
silts predominating in levee sections 14 Ikm and 63 lkm; and (5) a pattern of medium silt
predominating in levee sections 15 lkm, 7 lkm, and 2 lkm. As for the transverse profiles
of the Maros levee, 17 lkm sections (2-9 lkm, 13-19 lkm, 22 Ikm, and 24 lkm) among all of
the investigated sections (of 24 lkm length) showed a sand backfill on the protected side.
The remaining sections contained silty materials, while the riverside of the Maros levee
exhibited a silty composition (see Figure 41I) [40].

It should be noted that the spatial distribution of levee materials between ERT pro-
files and borehole locations represents an interpretation constrained by the available
measurements; therefore, some uncertainty remains in the interpolated zones between
survey points.

4.3. Sedimentological Analysis

A total of 220 samples were collected at 0.4-m depth intervals for W analyses. These
samples were sorted into seven categories of grain size in order to investigate the dominant
compositions of the Tisza and Maros levees. The analysis showed that fine silt predomi-
nantly formed the bodies of both levee systems (55.6%), followed by medium silt (31.2%),
medium sand (6.3%), and coarse silt (4.5%). The other classes (very fine silt, fine sand,
and coarse sand) represented a minor proportion, between 0.4% and 1.3%. Collectively,
the fine-grained materials (fine and medium silts) comprised 87% of the levee bodies,
indicating that the materials of both levees offer good flood protection.

4.3.1. Classification of Levee Materials

The analysis revealed that the specific resistivity of the levee sediments varied con-
siderably with W, and distinct resistivity ranges were determined for each material type
based on the ERT measurements. The water content of all samples was measured, then
the borehole samples were classified into seven sedimentary classes according to their
D50 values as follows: (1) fine silt characterized by D50 = 11-14 pm, W = 16-24%, and
R =15-39 Om (average: 24 (dm; standard deviation: 86); (2) medium silt characterized by
D50 =16-19 um, W = 11-22%, and R = 25-63 (Om (average: 34 (m; standard deviation:
191); (3) coarse silt characterized by D50 = 34-38 pm, W = 12-16%, and R = 90-128 (Om
(average: 97 (dm; standard deviation: 116); (4) fine sand characterized by D50 = 109-164 pm,
W =4-7%, and R = 108-199 (Om (average: 173 Qm; standard deviation: 93); (5) medium
sand characterized by D50 = 332430 um, W = 3-5%, and R = 276-798 (Om (average:
518 (im; standard deviation: 525). Two additional classes were identified in one drilling
sample from the levee foot of a 16 lkm section in the Maros levee: (6) very fine silt charac-
terized by D50 = 6.5 um, W = 22.7%, and R = 13.5 QOm; and (7) coarse sand (D50 = 582 pm,
W = 22%, and R = 3095 QOm). The main classes are presented in Figure 5 [40]. In the
boxplots, the colored dots represent statistical outliers (individual observations that fall
outside the range for each sediment class).
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Figure 5. Classification of levee materials from the Tisza and Maros sections based on D5y, W, and R
of the investigated samples. The diagram illustrates the relationships among these parameters and
their role in distinguishing sediment classes with differing hydraulic and geotechnical properties.

4.3.2. Relationships Among the R, D50, and W of the Levee Materials

For the samples in each borehole drilled on the Tisza and Maros levees, the Pearson
and Spearman correlations of R vs. W and R vs. D50 were computed by using SPSS
software. Based on the findings, R was non-linearly related to both D50 and W, but a nearly
monotonic relationship was also observed. Although Pearson’s coefficient explained the
R vs. W correlation with a higher degree of significance than Spearman’s coefficient, the
R vs. D50 correlation was better explained by Spearman’s coefficient (See Table A2 in
Appendix A) at some individual boreholes. In many instances, the R, W, and D50 were
uncorrelated in individual boreholes.

Since the correlations between R and D50 and between R and W in individual bore-
holes were in general weak and differed from those among all of the samples, we turned to
develop a classification method to classify all the samples into three classes depending on
W: Class 1, in the W range of 0-10%; Class 2, in the W range of 11-20%; and Class 3, in the
W range of 21-30% or higher then analyzed the relation between R and D50. The Pearson
correlation results were high (0.672), moderate (0.574), and negligible (0.213) for the three
classes, respectively. Meanwhile, R was significantly positively correlated with D50, with
the highest degree of significance in Classes 1 and 2 of the W samples (0.01). This result
might explain the effect of the classification method of W on the relationship between R
and D50 (i.e., increasing W reduces the strength of the relationship between R and D50,
as observed in Class 3 of the W samples) and the high degrees of significance among
these parameters only emerged when all of the samples were combined. These results
indicate that drier sections of the levees show a strong positive correlation between resis-
tivity and grain size, whereas at higher moisture contents this relationship breaks down.
Physically, this is expected: when W > ~20%, the pore water dominates the electrical con-
duction, masking the influence of grain-size distribution. In contrast, in low-W conditions,
coarser grains (larger D50) lead to higher resistivity due to lower surface area and reduced
clay content.
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4.3.3. Relationships Between R and Other Physical Parameters

Further information on the levee materials of the Tisza and Maros Rivers was obtained
from the relationships between R and other parameters, such as K, ¢, and p, in the 49 sam-
ples. Based on their K values, the levee compositions were classified into aquitard and
non-aquitard materials. In this regard, 16 out of the 21 samples collected from the Tisza levee
and 19 out of the 29 samples collected from the Maros levee exhibited an aquitard nature,
indicating that the levee materials are capable of restricting water flow. Therefore, the condi-
tion of the investigated levees is considered good in terms of flood protection (see Table A1
in Appendix A). Additionally, the correlations between R and other parameters, such as W,
D50, K, ¢, and p, of the levee materials were done by Spearman coefficient. Among the
49 samples, R and W were weakly negatively correlated (—0.378) with a high significance
level (0.007), while R was moderately positively correlated with D50 (0.571), positively cor-
related with K (0.374) and ¢ (0.34), and negatively correlated with p (—0.35). These trends
suggest that higher resistivity tends to associate with coarser, more porous materials: R in-
creases with larger grain size D50, higher hydraulic conductivity K, and greater porosity ¢,
while R decreases with higher moisture content W and bulk density p. This aligns with geo-
physical expectations, as fine-grained, dense, and moist soils conduct electricity more read-
ily. The negative R-W correlation confirms that moisture reduces resistivity, and the positive
R-D50 correlation (especially when controlling for W) indicates coarser grains yield higher
resistivity. These correlations reinforce our interpretation of ERT profiles in terms of levee
material properties.

4.4. Prediction of D50 Using ML Models

The performance of the tested four ML models in predicting D50 from R and W were
compared (see Table 1) and the results reveal that the RFR outperforms others, achieving
the highest R? on both training (0.978) and test (0.81) sets, the lowest test RMSE (53.9), and
a reasonable MAPE (41.9%). This demonstrates its superior ability to capture complex,
non-linear patterns in the data with minimal overfitting. On the other hand, LR emerges
as the worst-performing model, with an R? of only 0.66 on the test set and a high MAPE
(124%), indicating its limited capacity to model non-linear relationships. While ANN and
SVR offer moderate performance, their generalization ability is hindered, as seen in ANN's
excessively high MAPE (238.23%) and SVR'’s test RMSE (71.3) (Figure 6). Notably, the ANN
achieved high accuracy on training data but its test error (e.g., MAPE) was much larger,
suggesting some overfitting. We mitigated this via regularization and dropout, but the
limited dataset likely constrained ANN'’s generalization.

Table 1. The statistical parameters used to assess the ML models.

MAPE MAPE

(Train) (Test)
RFR 0.978 0.81 11.765 53.9 16.788 419 1.246 4.6 4715 20
ANN 0.968 0.74 13.98 62.49 166.8 238.23 2.73 3.26 6.22 18.06
LR 0.79 0.66 36 71 97 124 9 13 20 34.9
SVR 0.8 0.66 35 71.3 24 51 2 3.71 10 25.48
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Figure 6. Comparison of statistical metrics for different models (RFR, ANN, LR, SVR) based on
training and testing datasets. The upper row represents the metrics for training data, and the lower
row represents the metrics for testing data. Each column shows a specific metric: R?, RMSE, MAPE
(%), MEDAE, and MAE. Bars are dynamically scaled to highlight the differences across models for
each metric.

5. Discussion
5.1. Flood-Safety Implications of Levee Composition

The geophysical and sedimentological characterization of the levees provides direct
insights into their hydraulic performance and flood-safety condition. Consistent with
previous findings by [13,14], our results confirm that levees composed predominantly of
fine-grained, cohesive materials exhibit lower permeability and better resistance to internal
erosion. The Tisza levee is dominated by fine silts forming a continuous, low-permeability
core—an aquitard structure that effectively reduces seepage during high-water events.
Similar relationships between fine-grained composition and seepage control were reported
by [17,18] in alluvial levees of comparable texture.

In contrast, the Maros levee shows pronounced heterogeneity, with alternating silt and
sand units—particularly sand lenses on the protected side—that interrupt the continuity
of the fine-silt matrix. These coarse-grained lenses correspond to the highest resistivity
anomalies detected in the ERT profiles (up to 3025 (dm), reflecting the lower moisture
retention and higher permeability of sandy materials. This configuration increases the
potential for preferential flow paths, aligned with the results of Borgatti et al. [19] and
Crawford and Bryson [21], who linked coarse inclusions within levee cores to elevated
internal-erosion risk. Our ERT-based classification aligns with the interpretations of [6,23],
showing that fine-silt-dominated levees (like the Tisza) correspond to low or moderate
risk levels, whereas sections containing coarse-grained units (e.g., Maros lkm 8, 16, and
22) reach high-risk conditions due to higher hydraulic conductivity and discontinuous
fine covers.

The number of structural layers also exerts a major control on stability. Levees with
fewer internal units and uniform composition tend to perform better under prolonged
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saturation, as homogeneous fine-silt cores limit internal pressure gradients and are easier
to maintain. The Tisza levee, characterized by a single dominant fine-silt unit with minor
medium-silt interbeds, therefore represents a relatively stable structure. In contrast, the
Maros levee, composed of up to six layers with alternating textures at many parts, exhibits
multiple interfaces susceptible to seepage and deformation. This observation supports
Galli [7] and Schweitzer [8], who emphasized that complex, multi-layered embankments
are inherently more vulnerable and require detailed geophysical monitoring to detect
hidden weaknesses.

From a practical perspective, integrating compositional mapping with flood-risk
management enables targeted maintenance and emergency planning. Sections where
fine-silt continuity is interrupted—particularly where medium silt reaches the riverside
surface—should be prioritized for reinforcement using impervious clay blankets, cutoff
walls, or slurry barriers to reduce seepage potential [59]. In the Maros levee, zones con-
taining sand backfill on the protected side likely function as drainage layers intended to
dissipate pore pressures during drawdown; however, these must be coupled with proper
filter protection to prevent soil loss and internal erosion.

5.2. Comparative Performance of ML Algorithms in Geotechnical Prediction

Our comparative modeling confirms the value of ML algorithms for predicting geotech-
nical parameters from geophysical data and indicates the applicability of the tested models
in predicting D50 from R and W.

Although D50 is an intrinsic sedimentological property, it is treated here as an inferred
parameter rather than a causally dependent variable. Electrical resistivity and water content
do not modify grain size but act as physically meaningful proxies that respond to grain-size-
controlled pore structure and hydraulic behavior, allowing D50 to be estimated statistically
without implying causation.

The RFR achieved the highest accuracy and generalization in predicting D50, outper-
forming both linear and more complex non-linear models such as ANN and SVR. This
result aligns with Kundu et al. [37] and Hamada et al. [35], who emphasized that ensemble
tree-based methods capture non-linear interactions effectively while resisting overfitting.
The RFR’s bagging structure allowed it to model the subtle interplay between R, W, and
D50 even with limited data, similar to the findings of [32,34].

The ANN, despite its capacity for complex non-linear learning [31,33], exhibited
overfitting—likely due to the modest dataset size—mirroring observations by [34] regarding
deep models’ data dependency. The SVR performed moderately, comparable to the results
of [36], suggesting that once moisture classes were accounted for, the R-D50 relationship
remained largely monotonic.

Importantly, the RER also offered interpretability—identifying resistivity as the domi-
nant predictor—making it well-suited for practical, physically consistent levee characteri-
zation. This represents a methodological advantage over black-box models, as it preserves
a direct link between geophysical measurements and geotechnical meaning. Thus, ensem-
ble tree-based models provide the most balanced combination of accuracy, stability, and
explainability for coupling geophysical and geotechnical datasets in levee investigations.

This study contributes to a refined understanding of how resistivity data can be
interpreted in terms of levee material characteristics, especially grain size distribution
and moisture content. Rather than treating resistivity anomalies qualitatively, this work
formalizes their quantitative meaning in a geotechnical context. We found that absolute
resistivity values, when contextualized by the current moisture regime, can serve as reliable
indicators of material type.
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5.3. Relevance of the Results for Water Management Applications

The integrated ERT and ML approach developed in this study has significant implica-
tions for levee maintenance programs and long-term monitoring strategies. Traditionally,
levee assessments rely on periodic visual inspections and sparse borehole drillings, which
may miss subsurface anomalies until they manifest as structural anomalies and flood
phenomena (e.g., seepage boils or slumps). Our results demonstrate that the proposed
method addresses this limitation by providing continuous subsurface information at the
scale relevant for flood defense. Non-destructive geophysical surveys, interpreted with the
aid of ML, can rapidly map levee composition along extensive lengths, identifying zones of
concern without extensive drilling.

For instance, our mapping of the Maros levee pinpointed segments with potential
sand inclusions (which could be linked to historical repairs or foundation heterogeneities),
indicating priority segments for closer inspection. The developed risk-level mapping
can support engineers in developing a maintenance schedule that focuses on moderate-
and high-risk sections. Moderate-risk areas may require more frequent geophysical re-
surveys or targeted trenching, while high-risk areas could be prioritized for preemptive
reinforcement (such as adding a clay core or installing sheet-pile cut-offs).

Moreover, the correlations we established between resistivity and geotechnical pa-
rameters (porosity, density, hydraulic conductivity) suggest that ERT monitoring can serve
as a proxy for certain physical inspections aligned with other studies [6,12,23,60,61]. This
strengthens the scientific justification for integrating geophysics into routine levee monitor-
ing rather than using it solely as a diagnostic tool after failure symptoms appear.

The results of this investigation directly enhance hydrological risk assessments by
refining how the probability and consequences of levee failure are estimated under vary-
ing flood conditions. Traditional fragility or breach models often assume homogeneous
levee properties, yet parameters such as permeability, cohesion, and internal structure are
spatially variable. By providing spatially resolved, physically grounded input parameters,
this study improves the reliability and predictive capability of such models, aligning with
recent advances in spatially explicit flood-risk modeling [62,63].

6. Conclusions

This study combined electrical resistivity tomography (ERT) and borehole sedimen-
tological data to investigate the internal structure and material composition of two river
levee sections with complex stratigraphy and flood-related stability concerns. The integra-
tion of geophysical and drilling data enabled detailed characterization of levee materials
and revealed significant structural heterogeneity within the investigated sections. The
results demonstrate that levee materials can be effectively distinguished based on their
electrical resistivity, with fine-grained sediments exhibiting lower resistivity values and
coarse-grained materials—particularly sand lenses located on the protected side of the
levee—showing significantly higher resistivity anomalies. Although the levee cores of the
Tisza and Maros sections display broadly similar resistivity ranges and material composi-
tions, notable variability was observed in the relationships among the physical parameters
measured in individual boreholes.

A key contribution of this study is the integration of field geophysics with machine-
learning techniques to predict geotechnical parameters from geophysical data. Among
the tested algorithms, RFR proved to be the most robust and accurate model for predict-
ing median D50 using R and W as predictors. These findings demonstrate that resis-
tivity measurements, when interpreted in the context of moisture conditions, can serve
as reliable indicators of levee material properties. The results further highlight the po-
tential of combining physically based geophysical measurements with data-driven mod-
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els to construct spatially heterogeneous geotechnical models that better represent real
subsurface conditions.

From an engineering perspective, the results emphasize that levees dominated by
fine-grained materials with relatively homogeneous internal structures generally exhibit
lower seepage risk, whereas levee sections containing coarse-grained sand lenses may
create preferential seepage pathways that increase the susceptibility to internal erosion and
piping during flood events. In the investigated sections, the presence of coarse sediments
on the protected side of the levee may facilitate drainage of infiltrating water during flood
conditions; however, discontinuities in the fine-grained cover layers on the riverside slope
may locally increase seepage risk.

Nevertheless, several limitations should be acknowledged. The spatial density of bore-
hole observations remains limited relative to the investigated levee lengths, and electrical
resistivity measurements are inherently influenced by environmental conditions such as soil
moisture and temperature. These factors may introduce uncertainties in the interpretation
of geophysical anomalies and the performance of the machine-learning models.

Future research could improve the robustness of levee assessments by incorporating
additional borehole data, time-lapse geophysical monitoring, and larger training datasets
for machine-learning models. In addition, validating the developed models using indepen-
dent datasets from other levee sections or different river systems would further demonstrate
their generalizability and practical applicability. Expanding this integrated approach to
other levee systems would further improve our understanding of levee heterogeneity and
its role in flood-risk management.

Overall, the integrated ERT-borehole-machine learning framework presented in this
study provides a promising methodology for levee characterization, monitoring, and flood-
risk assessment, and may serve as a reference for future investigations of levee systems
along major rivers worldwide.
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Appendix A
Table Al. Properties of 49 samples collected from 10 different boreholes.
Sample Ikm d W D50 P P K R
ID (km) (cm) (%) (um)  (M/m%) (g/em®) (mm/h) (Q m)
1 13 270 16.5 18.8 38 1.63 0.007  aquitard 572
2 13 290 16.0 18 39 1.62 0.007  aquitard 437
3 13 300 15.0 16 40 1.59 0.008  aquitard 303
4 13 310 15.0 155 36 1.69 0007 aquitard 248
5 13 570 27.0 14 45 147 0007 aquitard  10.6
6 13 580 28.0 134 44 1.49 0006  aquitard  10.7
7 18 300 24.0 12.9 44 1.49 0.006 aquitard  11.9
8 18 310 24.0 13 35 1.71 0.007 aquitard 12
9 18 390 225 7.5 41 1.56 - - 12.3
10 18 510 25.0 12.9 45 147 - - 13
12322 11 18 520 26.0 12.6 41 1.57 0007 aquitard 132
crown 12 314 150 15.5 12 39 1.63 0011  aquitard  20.6
13 314 160 16.0 119 36 1.69 - 17.5
14 314 250 24.0 10.8 38 1.63 0012  aquitard 109
15 314 410 20.0 12.5 44 1.50 0015 aquitard 9.7
16 314 420 19.5 13 43 1.51 0013  aquitard 9.9
17 37 50 8.0 19.5 38 1.64 24.942 aquOt;r 4 227
18 37 60 9.0 214 41 157 24375 not 20
aquitard
19 37 270 12.5 16 35 1.72 0012  aquitard 89
20 37 270 12.5 16 35 1.72 0011  aquitard 8.8
21 37 470 20.0 13.8 - - 0012 aquitard 10
22 3 150 22.0 17.7 44 1.49 3.487 aqﬂiot;r g 147
23 3 160 22.0 18.7 50 1.31 0.956 not 145
aquitard
1}’1611‘05 24 3 290 21.0 135 41 1.55 0013  aquitard 17.45
o 25 3 610 335 17 - - - - 23.7
26 3 620 34.0 119 46 1.43 0.492 aqﬂiot;r 4 237
30 8 190 14.0 33.6 40 1.58 1.246 not 92
aquitard
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Table Al. Cont.
Sample Ikm d w D50 ® p K R
ID (km) (cm) (%) (um) (m/m%) (g/cm®) (mm/h) (Q m)
31 8 200 14.0 34.1 42 1.55 0.266 not 100.2
aquitard
not
32 8 280 3.0 203.1 48 1.38 0.764 ) 168.2
aquitard
33 8 420 18.0 15.8 43 1.50 - - 233
not
34 8 490 23.0 13.3 36 1.69 0.012 ) 217
aquitard
not
35 10 150 27.5 20.8 45 1.46 0.113 ) 24.8
aquitard
36 10 160 28.0 21.1 48 1.37 0.013 aquitard 25
37 10 300 21.0 24.2 48 137 0.048 not 28
aquitard
not
38 10 500 17.5 15.7 47 1.39 0.066 ) 31.6
aquitard
Maros 39 10 510 17.0 15.6 43 1.50 0.012 aquitard 31.8
levee 40 16 240 11.0 205 48 1.38 - - 88
crown
41 16 250 12.5 19 45 1.47 0.011 aquitard 85.11
42 16 250 12.5 19 48 1.37 1.034 not 85.11
aquitard
43 16 470 21.0 15.7 51 1.3 0.010 aquitard 39
44 16 480 21.0 15.2 46 1.42 0.688 not 41
aquitard
45 20 250 15.0 15 44 1.49 - - 34.8
not
46 20 250 15.0 15 48 1.39 0.113 ) 34.8
aquitard
not
47 20 260 16.0 15.3 45 1.46 0.200 ) 33
aquitard
not
48 20 430 21.0 18.3 41 1.57 0.113 . 20
aquitard
not
49 20 440 21.0 18.6 45 1.44 0.036 ) 19
aquitard
not
27 3 150 4.0 339.3 47 1.41 525 . 442
aquitard
Maros not
side
29 3 285 27.0 18.8 46 143 0.052 not 1292
aquitard

Note: d: depth; M: material type.
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Table A2. Correlations and degrees of significance between true resistivity and moisture content and
between true resistivity and grain size (D50) in the samples at each borehole location on the Tisza
and Maros levees.

Rvs. W I Rvs. W - Rvs. D50 . .. Rvs. D30
BH N/BH b by Significance by Spearman Significance by Pearson Significance by Significance
earson Spearman
BH-1 16 —0.269 0.314 —0.424 0.101 0.466 0.069 0.649 ** 0.007
BH-2 10 —0.934 ** 0.01 —0.842 ** 0.002 0.471 0.169 0.195 0.59
BH-3 15 0.332 0.226 0.382 0.16 0.263 0.344 0.422 0.117
BH-4 10 —0.452 0.19 —0.527 0.117 0416 0.232 0.333 0.347
BH-5 15 —0.217 0.438 —0.233 0.404 0.056 0.842 0.025 0.929
BH-6 10 —0.765 ** 0.01 —0.733 * 0.016 0.601 0.066 0.857 ** 0.002
BH-7 15 —0.127 0.653 0.034 0.904 0.099 0.725 —0.093 0.742
BH-8 10 0.268 0.454 0.281 0.431 —0.413 0.236 —0.309 0.385
BH-9 17 —0.368 0.146 —0.212 0.414 0.182 0.484 0.153 0.557
BH-10 7 0.782 * 0.038 0.556 0.195 —0.417 0.352 —0.143 0.76
BH-11 17 —0.067 0.797 —0.039 0.881 0.191 0.463 —0.078 0.765
BH-12 11 0.031 0.927 0.2 0.555 0.194 0.567 0.327 0.326
BH-13 15 0.389 0.152 0.356 0.193 —0.083 0.768 —-0.014 0.96
BH-14 7 0.582 0.17 0.667 0.102 0.491 0.263 0.36 0.427
BH-15 15 —0.893 ** 0.01 —0.924 ** 0.01 0.638 * 0.01 0.704 ** 0.003
BH-16 7 0.677 0.095 0.714 0.071 —0.165 0.724 0.036 0.939
BH-17 5 —0.869 0.056 -0.6 0.285 0.952* 0.012 0.900 * 0.037
BH-18 15 —0.776 ** 0.001 —0.941 ** 0.01 0.800 ** 0.01 0.639 * 0.01
BH-19 7 —0.295 0.521 —0.214 0.645 0.655 0.11 0.357 0.432

Note: Number of samples/borehole: N/BH. * and ** denote statistically significant correlations at the p < 0.05 and
p <0.01 levels, respectively, based on two-tailed tests.
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