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Abstract 

Climate change and increasing anthropogenic pressures have intensified the vulnerability of inland water bodies, altering 

their hydrological balances, reducing their water levels, and degrading their water quality. One critical issue in this context is 

the limited understanding of lake bed hydrogeology, particularly the extent to which sediments hinder (as aquitards) or 

permit subsurface leakage. Although sediment sampling provides valuable point-based information, its spatial coverage is 25 

limited, emphasizing the need for high-resolution, lake-wide geophysical methods. This study determined whether the bed of 

Lake Vadkerti, a shallow lake experiencing persistent water level decline, facilitates vertical water loss. An integrated 

method combining ground-penetrating radar (GPR) and sediment sampling was used to evaluate subsurface sediment 

structures. A dense grid of GPR profiles was collected, enabling 2D profile interpretation and 3D time-slice visualization. 

Amplitude polarity, reflector geometry, and attenuation modeling were applied to identify stratified sedimentary layers. The 30 

resulting aquitard zoning map revealed heterogeneous lake bed conditions: low-permeability aquitards dominate the central 

and southern areas, whereas higher-permeability non-aquitards appear along the northeastern and central-western margins, 
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indicating potential zones of groundwater interaction. The performance of four machine learning models—K-nearest 

neighbors, random forest, extra trees, and gradient boosting—in classifying aquitard zones based on GPR amplitude features 

was evaluated. The extra trees model demonstrated the most balanced performance across all classes and stronger 35 

generalization, with 97% accuracy and high recall across all classes (aquitard: 100%, leaky aquitard: 86%, non-aquitard: 

79%). Moreover, its spatial predictions were consistent with observed hydrostratigraphic patterns. This approach provides a 

comprehensive framework for understanding the hydrological functioning of lake beds and informing sustainable water 

management in climatically sensitive freshwater systems. 

Keywords: Ground-Penetrating Radar, Aquitard characterization, Machine learning, Sediment sampling, Python scripts, 40 

Attenuation loss model 

1 Introduction 

Climate change, often exacerbated by human activities (e.g., increased evaporation and decreased runoff, 

overexploitation of surface and groundwater resources, and inappropriate drainage practices), puts significant pressure on 

climate-sensitive saline lakes and wetlands, leading to a decrease in the water volume of the lakes. The proper management 45 

of these highly vulnerable ecosystems requires an understanding of the lake's complex hydrological, ecological, and 

geochemical systems (Pitchford et al., 2012; Wurtsbaugh et al., 2017; Ladányi et al., 2023). While surface data help assess 

current ecological and hydrological conditions, subsurface studies are key to understanding sediment behavior, groundwater 

interactions, and morphological changes. Numerous studies have illustrated the impact of seepage on 1) lake water quality, 

such as groundwater abundant in cations (Dean et al., 2003; Cullmann et al., 2006; Klenk et al., 2025), dissolved inorganic 50 

and organic carbon (Striegl and Michmerhuizen, 1998; Staehr et al., 2010), the influx of nutrient-laden groundwater (Loeb 

and Goldman, 1979; Belanger et al., 1985; Ito et al., 2007), or, more broadly, alterations in lake alkalinity due to weathering 

processes within the watershed (Schafran and Driscoll, 1993); and 2) biological communities, including biodiversity and 

species distribution in seepage zones (Hagerthey and Kerfoot, 1998; Hayashi and Rosenberry, 2002; Sebestyen and 

Schneider, 2004). Additionally, the properties of aquitards beneath lakebeds, particularly the distribution of low-permeability 55 

materials such as clay, play a crucial role in regulating vertical exchanges between groundwater and surface water. Ground-

penetrating radar (GPR) provides a high-resolution method for identifying subsurface features, including clay-rich barriers 

and more permeable zones, such as sand lenses or fractures.  

GPR is a highly effective tool for high-resolution imaging of subsurface features in lake environments. It reveals 

sedimentary layers, submerged landforms, and human-induced changes to the lakebed (Neal, 2004; Bristow & Jol, 2003). 60 

Applications range from mapping bathymetry and submerged objects to reconstructing pale landscapes and identifying 
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ancient shorelines (Ayolabi & Akinwale, 2022; Corradini et al., 2020; Eli & López, 2022). While 2D profiling remains 

common, advances in 3D imaging and time-slice visualization have significantly enhanced spatial resolution and 

interpretation, thereby expanding the role of GPR in sedimentology, archaeology, and environmental studies. GPR works by 

sending electromagnetic waves into the ground and detecting reflections from material boundaries with differing dielectric 65 

properties. Its performance in lakes depends on factors like water depth, sediment type, and signal attenuation (Neal, 2004). 

Antenna frequency is key—high frequencies (250–900 MHz) offer detailed imaging, while lower ones (50–100 MHz) 

penetrate deeper with less resolution (Annan, 2009). Although deep water can weaken signals, GPR has proven effective in 

shallow lakes, where it can penetrate both water and sediment to map lakebed structures and stratigraphy. 

Recent studies affirm GPR's versatility in lacustrine environments. Ayolabi and Akinwale (2022) utilized 80–160 MHz 70 

antennas to detect submerged objects in MTU Lake, identifying metallic drums and distinguishing debris types based on 

their impedance. While effective for object detection, the study's narrow scope suggests the value of broader, multi-

technique approaches in varied conditions. Similarly, Corradini et al. (2020) combined GPR and coring to reconstruct 

Mesolithic settlements at Lake Duvensee, offering insight into past land use. Though impactful for cultural heritage and 

groundwater management, its applicability remains limited without broader validation. Jol and Smith (1992) demonstrated 75 

the superiority of GPR in resolving internal sediment structures of lake deltas, thereby improving depositional models 

through enhanced resolution and flexibility. Yet, many lacustrine systems still lack detailed subsurface data, which limits 

model development and underscores the need for high-resolution imaging. 

Modeling signal attenuation is especially valuable in environmental contexts, as it aids in assessing sediment stability, 

planning dredging operations, and monitoring morphological changes (Grimm et al., 2007; Elsner et al., 2021; Purmalis et 80 

al., 2016). Fediuk et al. (2022) demonstrated the effectiveness of GPR for shallow-water archaeological surveys (2–4 

meters), outperforming seismic and geoelectric methods in terms of resolution and target detection. However, limitations 

remain, including environmental constraints and insufficient evaluation of biomass and sediment effects—highlighting the 

need for further methodological refinement in diverse freshwater settings. Eli and López (2022) used high-resolution 3D 

GPR to analyze stratigraphy at the Boise Hydrogeophysical Research Site, revealing sediment heterogeneity and fluvial 85 

compartmentalization. Although effective, the study's site-specific scope and lack of supporting hydrogeological data limit 

broader applicability. This highlights the need for multi-scale, cross-site research to build generalizable models of 

sedimentary and geophysical characteristics in lake settings. 

GPR signal amplitude provides key information on substrate composition, influenced by dielectric contrasts between water 

and sediment. Sand and clay, commonly found in lakes, exhibit distinct signal behaviors—clay's higher conductivity causes 90 

stronger attenuation, while sand allows clearer reflections (YongShuai et al., 2019; EPA, 2023; Castro et al., 2024). These 
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differences impact both geophysical interpretation and ecological conditions, including nutrient retention and habitat quality. 

Seasonal moisture also impacts GPR performance, with drier conditions improving signal clarity. Studies show sandier 

substrates yield more reliable results (Castro et al., 2024; Paredes-Palacios et al., 2022), emphasizing the need to account for 

sediment variability and seasonal effects in GPR-based lake assessments. 95 

The application of machine learning is particularly crucial in geospatial analysis as it allows for the efficient processing and 

interpretation of complex, high-dimensional datasets, such as those derived from GPR surveys, and was used by many 

authors (e.g., Küçükdemirci & Sarris 2022; Dai et al. 2022; Bai et al. 2023; Mojahid et al. 2025; Shehab et al. 2025). 

Traditional methods for classifying aquitard zones are often limited by manual interpretation and are subject to human error 

and bias. Machine learning provides an objective and scalable alternative, enabling the automated classification of aquitard 100 

types and thereby enhancing the accuracy and consistency of predictions across large datasets.  

Machine learning (ML) techniques have shown promising results in studying riverbed and lakebed sediments. Random forest 

and deep neural network models have been effective in classifying substrate types from underwater imagery (Geisz et al., 

2024). ML approaches have also been successful in mapping riverbed grain-size distribution (Ren et al., 2020) and 

predicting sand-gravel-cobble facies patterns using lidar data (Diaz-Gomez et al., 2022). These methods can reveal 105 

sedimentological patterns in river deposits (Demyanov et al., 2019) and improve predictions of flow resistance in alluvial 

channels (Mir & Patel, 2023). Machine learning (ML) models have demonstrated better accuracy than traditional approaches 

in modeling sediment transport (Bhattacharya et al., 2007; Lund et al., 2022; Mohsen et al., 2025). However, challenges 

persist in striking a balance between model complexity, accuracy, and interpretability (Ho & Goethals, 2022). 

Few studies have explored the integration of GPR amplitude features with ensemble learning models to delineate lakebed 110 

hydrostratigraphy and assess aquitard behavior. Moreover, the validation of ML-based classifications using ground-truth 

sediment sample data is often lacking. This study addresses these gaps by employing amplitude-derived features from GPR 

surveys, coupled with sediment samples observations, to classify aquitard, leaky aquitard, and non-aquitard zones in a 

shallow saline (alkaline) lake environment in Hungary (Carpathian Basin). By evaluating the performance of multiple 

supervised machine learning models, this work presents a novel methodological framework for subsurface lakebed 115 

characterization, contributing to the broader application of machine learning in hydrogeophysical investigations. 

Shallow saline lakes in Hungary are facing increasing stress due to declining water quality and quantity, primarily caused by 

climate change and prolonged drought periods. These issues have lowered water levels and disrupted the ecological balance, 

which has been intensified by human activities. To address these challenges, understanding the hydrological, ecological, and 

geochemical systems of the lakes is essential. The unfavorable changes in hydrological conditions and their drivers have 120 
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been studied thoroughly by many authors (Rakonczai 2011; Ladányi et al. 2016, 2023; Molnár et al. 2019). However, the 

interactions between surface and groundwater have not been fully explored. 

Although atmospheric drivers such as increasing evaporation and climate variability are identified as driving factors for the 

noticeable decline in the water level of the studied lake (Lake Vadkerti), there is growing speculation that the lakebed may 

allow downward water movement, indicating that it may not function as a fully impermeable barrier. This possibility raises 125 

concerns about previously unquantified water losses resulting from infiltration into the underlying strata. The central aim of 

this research is to evaluate whether the lakebed serves as an effective barrier (aquitard) to subsurface flow or if it facilitates 

seepage, thereby accelerating the decline in lake volume. To address this, the study integrates ground-penetrating radar 

(GPR) and machine learning-based classification to characterize the subsurface without the need for sediment sampling. 

These methods will help define the physical and hydrological nature of the lakebed and assess its influence on the lake's 130 

overall water balance. The specific objectives are: 

1. To analyze lakebed composition and structure using GPR by identifying stratigraphic features, reflection 

amplitudes, and attenuation models to assess subsurface permeability and potential for groundwater exchange. 

2. To classify lakebed permeability zones and predict soil types using GPR amplitude data through Python-based 

processing, spatial analysis, and machine learning models. 135 

2 Study area 

Lake Vadkerti is a saline (alkaline) lake situated on the sandy region of the Danube-Tisza Interfluve, on the Kiskunság sand 

ridge, approximately 3 km northwest of Soltvadkert, within the deepest part of an 8-10 km long northwest-southeast oriented 

depression (Fig. 1). The lake basin lies 1–2 meters lower than its immediate surroundings (at 110 m above sea level). 

Facilitates the flow of both surface and groundwater into the lake basin. The surface area of the Lake is 67.3 hectares (at an 140 

elevation of 108.5 m B.A.), with 43.7 hectares open water and 23.6 hectares covered by reed in the eastern part of the Lake. 

Characteristically, the Lake has a relatively shallow water depth, ranging from 1 to 2 meters across its entire extent. 
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Fig 1 Map of the study area indicating the location of GPR profiles and the sediment samples. The map was created in 

ArcGIS Pro using Esri basemap imagery. © Esri, Maxar, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS, 145 

AeroGRID, IGN, and the GIS User Community.  

The climate of the area is characterized by a yearly mean temperature of 10.2-10.5 °C and a yearly precipitation 

sum of 520-570 mm, with 320 mm occurring during the vegetation period (Dövényi, 2010). Regarding the lake's 

sustainability, it is essential to note that the annual precipitation sum is highly variable. The highest recorded yearly 

precipitation sum was 1012 mm (in 2010), while the lowest was 336 mm (in 2000) (data source: Lower Danube Valley 150 

Water Directorate). Furthermore, according to Baics and Centeri (2011), the annual precipitation decreased by 30.5 mm 
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between 1951 and 2009, suggesting that the conditions for water recharge from rainfall in the lake will be increasingly 

limited in the future. 

The long-term water level fluctuation is 1.32 m. In comparison, typical intra-annual variability is approximately 0.5 m, 

except during hydrologically extreme events (Fig. 2). Under average conditions, based on the lake bed geometry, the lake 155 

holds an estimated volume of 914,000 m³, increasing to 1.4 million m³ at the highest recorded level. 

  

Fig. 2 Long-term evolution of Lake Vadkerti’s water level from 1987 to 2021, based on hydrographic data provided by the 

Lower Danube Valley Water Directorate. A noticeable decline in lake water levels in recent years is highlighted by the 

dotted rectangle box. 160 

 

The lake's hydrological balance is shaped by both natural and anthropogenic components, with clear implications for its 

long-term water level stability. Direct atmospheric precipitation onto the lake surface contributes approximately 350,000 m³ 

annually, representing a significant input with a stabilizing effect. Although this input is subject to interannual variability, it 

does not contribute to the decline in water levels. Surface runoff from the surrounding catchment is minimal, while 165 

subsurface inflow from groundwater reservoirs adds an estimated 245,000 m³ annually. However, this depends on the 

relative elevation of the lake's water surface and the surrounding aquifers. Evaporative losses constitute the most significant 

and persistent negative component of the lake's water budget, approximately 440,000 m³, with model projections indicating 

an additional 15,000–30,000 m³ increase for the 21st century (Keve & Nováky, 2011; Csáki et al., 2018). Infiltration into the 
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sandy subsurface results in additional losses, estimated at 130,000 m³ per year. Although this infiltration process is gradual, 170 

it consistently subtracts from the lake's volume. To counteract these deficits, approximately 400,000 cubic meters of 

groundwater are artificially introduced each year. However, this artificial water supply is insufficient to reverse the long-

term downward trend. Overall, the cumulative effect of high evaporation rates, limited natural inflows, and relatively 

inefficient artificial supplementation has led to a persistent and measurable decline in the lake's water level despite 

interannual variations (Sipos et al., 2021). 175 

3 Materials and methods 

GPR measurements were conducted on the water surface of the lake using a GSSI SIR-3000 data acquisition unit in time 

mode. The apparatus was connected to an antenna with a central frequency of 200 MHz; the device and the antenna were 

placed on two tightly connected boats, with the antenna’s boat being plastic to allow the EM waves to penetrate the lake 

freely (Fig. 3). In total, 22 profiles with varying lengths were collected, depending on the length or width of the lake, to 180 

cover the whole lake; specifically, 15 GPR profiles were measured transversely, and the seven remaining profiles were 

measured longitudinally. The exact location and length of each profile are shown in Fig. 1. The start and end points of each 

GPR profile were measured using GPS. The data were collected over a time range of 180 ns. A total of 32 scans were 

obtained per second, 35 scans were obtained per meter, and 1,024 samples were obtained per scan. The lake bottom and 

sides were clearly observed during data collection, with variations in the first arrivals of the water–soil interface from 185 

positive to negative. The dielectric permittivity (ε) of the water was 81.  

 

https://doi.org/10.5194/egusphere-2025-2904
Preprint. Discussion started: 5 August 2025
c© Author(s) 2025. CC BY 4.0 License.



9 

 

 

 

Fig. 3 Field photo showing GPR data acquisition on Lake Vadkerti using a GSSI SIR-3000 system equipped with a 200 

MHz center frequency antenna. The system was mounted on a boat, and a high-resolution RTK-GPS unit was used to 

provide precise positioning and accurate tracking of the GPR profiles. 190 

The GPR interpretations were validated using sediment samples collected at locations where significant lithological changes 

occurred within the lake bed. Twenty-three sediment samples were obtained (Fig. 1), of which 15 were composed of clay 

(distributed throughout the lake bed) and eight consisted of sand (primarily concentrated along the western shoreline). 

The collected GPR data contained various types of noise because no filters were used in the field. This noise was eliminated 

by applying the following processes to the GPR cross sections using the software RADAN 7, version 7.6 (GSSI, 2018): 195 

time-zero correction to move the data to an effective time zero, infinite impulse response filtering, stacking, range gain 

setting, and migration. RADAN 7 was also used to identify the reflection amplitudes of the first arrivals of the water–lake 

bottom interface (whether they were positive or negative), which were then used to distinguish between sand and clay at the 

lake bottom and sides.  

All GPR profiles were obtained in time mode and subsequently underwent distance normalization to maintain a uniform 200 

horizontal scale throughout the dataset. This procedure was essential because of small discrepancies in the antenna towing 

speed during data collection, which frequently arise when surveys are performed in continuous mode without survey wheels. 

Distance normalization rectified these discrepancies by modifying the spacing between scans by either elongating or 

condensing the data, ensuring a consistent number of scans per unit distance between designated markers. This method, 

commonly called rubber-sheeting, was implemented using marker information from the Way Points tab of the GSSI data 205 

processing software, ensuring that all profiles were spatially coherent and appropriate for precise interpretation and 

comparison. 

After the processing of all 2D GPR profiles, the Ez Tracker tool was used to identify and trace six successive subsurface 

interfaces within the lake bed systematically. These interfaces were selected based on consistent reflection patterns across the 

profiles. The reflection amplitudes associated with these interfaces were extracted at 1 m intervals along the survey lines for 210 

a high spatial resolution. The exported amplitude data were the basis for subsequent analyses, including reflection coefficient 

estimation, classification of lake bed materials, and spatial interpolation for the mapping of subsurface permeability zones 

(Fig. 4). 

3D GPR analysis was performed using the software GPR-Slice (Goodman, 2017). The coordinated GPR profiles were 

processed through time-zero correction, automatic gain control, band-pass frequency filtering, background removal, 215 

migration, and Hilbert transform. Then, the data were sliced at every 10 cm thickness, for a total of 27 slices. The data were 
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then gridded using a value of 80 for both the X and Y search radii, with a grid cell size of 2. Then, a 3 × 3 low-pass filter was 

applied. Finally, the 3D model of the lake bottom was created, and the amplitude of each slice was exported for further 

analysis.  

 220 

Fig. 4 Methodological framework for characterizing aquitard properties and hydrogeological zonation using GPR 
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4 Data interpretation 

4.1 EM attenuation modeling 

Attenuation loss models should be developed for EM wave behavior through sand and clay in lake bed environments to 

obtain insights into subsurface conditions. By capturing the distinct attenuation characteristics of these materials, which are 225 

largely influenced by their moisture content and electrical conductivity, such models enable accurate differentiation between 

sand and clay layers. This distinction is vital for understanding lake bed stratigraphy and identifying sediment accumulation 

and saturation changes. Moreover, incorporating such models into GPR data interpretation helps correct for signal amplitude 

loss, thereby enhancing the clarity and depth of subsurface imaging and improving the detection of buried interfaces and 

structures. 230 

The attenuation loss of the material (La) is (Daniel, 2004) 

La = 8.686 x 2 x R x 2π𝑓√(
(𝜇0𝜇𝑟𝜀0𝜀𝑟

2
 (√1 + 𝑡𝑎𝑛2𝛿) − 1), (1) 

where f is frequency (Hz), tan 𝛿 is the loss tangent of the material, 𝜀𝑟 is the relative permittivity of the material, 𝜀0 is the 

absolute permittivity of free space, 𝜇𝑟 is the relative magnetic susceptibility of the material, and 𝜇0 is the absolute magnetic 

susceptibility of free space. 235 

The attenuation behavior of the EM waves in the lake bed sediments was analyzed using the GPR data. The dataset consisted 

of horizontal distances from the start to the end of the measured GPR profiles, depths to the six subsurface interfaces, EM 

wave amplitudes corresponding to the interfaces, and the classified soil type (sand or clay) at each measurement point 

(validated from the sediment sample locations). Attenuation was modeled using an exponential decay function that describes 

how EM wave amplitudes decrease with depth due to energy loss in the subsurface material. 240 

The relationship between amplitude and depth was modeled using the standard attenuation equation (Daniel, 2004; GeoSci, 

2025) 

A(z) = A0⋅e−αz, (2) 

where A(z) is the amplitude at depth z, A0 is the initial amplitude on the surface, and α is the attenuation coefficient (Np/m). 

α was estimated by linearizing the equation using the natural logarithm of both sides. 245 

ln(A(z)) = ln(A0) – αz (3) 

With this transformation, linear regression was applied to the logarithm of the measured amplitudes versus depth. For the 

GPR data, zero amplitude values were filtered out, and the regression was performed separately for the sand and clay 

samples. The slope of the resulting line corresponded to the negative of the attenuation coefficient, from which an average α 

value was calculated for each soil type. These coefficients were then used to plot theoretical attenuation curves, normalized 250 
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to an initial amplitude of 1, for a visual comparison of EM wave behavior through sand and clay. Then, a custom Python 

script was developed to automate EM attenuation modeling, including data filtering, regression analysis, coefficient 

estimation, and curve plotting. 

4.2 GPR-based aquitard classification via amplitude normalization 

Amplitude data from the 22 GPR profiles acquired across the lake were systematically analyzed to characterize the 255 

hydrostratigraphic properties of the lake bed. In each GPR profile, boundaries between sand and clay layers were identified 

based on the polarity of the reflected signals. A positive–negative–positive (P–N–P) polarity sequence was indicative of 

sand, whereas a negative–positive–negative (N–P–N) sequence was characteristic of clay. In cases where the polarity did not 

clearly conform to either pattern, a transitional zone was inferred. These interpretations were validated using sediment 

sample data, which provided ground-truth confirmation of the subsurface sediment composition and the reliability of the 260 

GPR-based classification. 

Amplitude values were then extracted from the delineated zones in the profiles. For consistency across datasets, each 

amplitude was normalized by dividing it by the highest recorded value: 32,766. This value corresponded to the maximum 

reflectivity measured from a metal calibration plate and was typical in sand-dominated zones, which had the highest signal 

strength. The average normalized amplitude for each zone was subsequently calculated to guide the classification process. 265 

Based on the normalized amplitude values, the lake bed sediments were classified into three permeability-related categories. 

Zones with amplitudes ≤0.15, corresponding to fine-grained, low-permeability materials (e.g., clay), were categorized as 

aquitards. Those with amplitudes between 0.15 and 0.35, likely representing heterogeneous or transitional materials (e.g., silt 

and weathered sediments), were classified as leaky aquitards. Zones with amplitudes >0.35, indicative of coarse or fractured 

sediments with high permeability, were considered non-aquitards. 270 

The thresholds between these categories were derived from the consistent data trends. Zones interpreted as clay based on 

polarity signatures and sediment samples validation reliably exhibited low normalized amplitudes, whereas sand-rich areas 

displayed considerably higher values. This clear relationship between amplitude behavior, polarity pattern, and ground truth 

provided a robust scientific basis for the classification scheme. This classification also aligned with GPR-based 

hydrogeological interpretations in sedimentary contexts (e.g., Neal, 2004; Jol, 1992). Each profile was georeferenced using 275 

start and end coordinates, enabling the spatial interpolation of classification points across the lake bed. A gridded surface 

was generated through spatial interpolation and constrained to the lake’s extent using a vector shoreline boundary. The 

results were exported as a GIS-compatible shapefile for further spatial and statistical evaluation of aquitard distribution by 

depth. 
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4.3 Use of ML for aquitard classification 280 

Four ML models were used in this study for aquitard classification because of their effectiveness in spatial data 

classification: K-nearest neighbor (KNN), RF, extra trees (ET), and gradient boosting (GB) models. KNN is a nonparametric 

method that classifies instances based on the majority class of the nearest neighbors; it is interpretable but sensitive to class 

imbalance and feature scaling. RF and ET are ensemble methods that aggregate multiple decision trees to enhance 

classification accuracy and robustness; they balance bias and variance using key hyperparameters such as the number of trees 285 

(n_estimators) and tree depth (max_depth) . GB is another ensemble technique where trees are built sequentially to correct 

errors from previous trees; model learning is controlled by hyperparameters such as the learning rate and the number of 

estimators. These models were cross-validated to optimize their performance across the aquitard classes in the Lake Vadkerti 

dataset. The specific hyperparameters are listed in Table 1. 

The custom Python script was used for a comprehensive geospatial classification of subsurface aquitard conditions using the 290 

GPR amplitude data. The amplitude data and profile coordinates were processed into a long format, which was subsequently 

pivoted to a wide format suitable for ML. The amplitude values of the six subsurface layers were normalized, and a 

classification scheme based on the sixth layer’s amplitude was applied to categorize points as aquitard, leaky aquitard, or 

non-aquitard. The coordinates were interpolated along each profile to generate spatial positions. The four supervised learning 

models were trained to predict aquitard classes, and their predictions were exported as shapefiles. These shapefiles were then 295 

imported into ArcGIS Pro, where inverse distance weighting interpolation was applied to generate continuous spatial 

representations of the subsurface classifications, enabling detailed visual and analytical assessments of the model predictions 

across the lake bed.  

Table 1 Summary of Hyperparameters Configured for the Machine Learning Models Used in Aquitard Classification 

Model Hyperparameter Value 

 

K-Nearest Neighbors 

n_neighbors 5 

algorithm auto 

metric minkowski 

 

Random Forest 

n_estimators 100 

random_state 42 

criterion gini 

max_depth None 

 

Extra Trees 

n_estimators 100 

random_state 42 

criterion gini 

max_depth None 
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Gradient Boosting 

n_estimators 100 

learning_rate 0.1 

random_state 42 

max_depth 3 

5 Results 300 

5.1. Analysis of 2D GPR profiles and subsurface boundary interpretation 

Together with the sediment samples data, the amplitude polarity variations in the GPR profiles were used to distinguish 

between sand and clay across the lake. These polarity changes reflected contrasts in the dielectric properties and electrical 

conductivity between the two materials, which influence radar wave reflection and transmission (Figs. 5a and 5b).  

The amplitude polarity on the left slope (Fig. 5c), where sand was located, had a P–N–P sequence. This pattern generally 305 

indicates a highly pronounced disparity in dielectric characteristics between water and sand. Sand, having lower conductivity 

and greater porosity than clay, resulted in considerable reflections at its interface with water. GPR waves reaching this 

interface were substantially reflected due to the significant disparity in relative permittivity (dielectric constant) between 

water and sand. The P–N–P sequence was elucidated by phase shifts as the radar waves engaged with these interfaces, 

resulting in pronounced reflections; these were particularly due to the significant contrast between water and moist sand, 310 

which demonstrated high permeability. 

On the right slope (Fig. 5d), which was dominated by clay, the amplitude polarity exhibited an N–P–N sequence. Clay has 

substantially higher electrical conductivity than sand, mostly due to the presence of water-bound ions, which decreases its 

resistance. Because of this high conductivity, the reflections from the radar waves striking the water–clay interface were 

diminished, resulting in a lower amplitude. The N–P–N pattern signified phase reversal caused by the interaction of the radar 315 

waves with the high conductivity of clay, where the diminished contrast at the water–clay interface caused weaker, more 

intricate reflections. 

In the middle of the lake (Fig. 5d), where clay dominated at the bottom, the amplitude polarity had an N–P–N sequence. This 

pattern was less pronounced than that on the slopes because of clay’s high water content and homogeneous composition. 

Clay typically exhibits low permeability and a high dielectric constant, thus slowing radar wave propagation and diminishing 320 

the reflections at interfaces. Consequently, the reflection amplitudes were small, and the amplitude polarity pattern was less 

pronounced. The diminished reaction may also indicate a uniform clay layer—i.e., without the pronounced differences in 

dielectric characteristics typical of the sand–clay interfaces on the slopes. 

Fine-grained layers composed of materials such as silt, clay, and gyttja were observed beneath some parts of the sandy and 

clayey lake bed sediments, with thicknesses of 25–65 cm. These layers may function as aquitards, potentially influencing 325 
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groundwater–surface water interactions, such as seepage and infiltration. GPR profile 13, acquired along the western part of 

the lake (Fig. 5c), revealed a lake bed predominantly composed of a sandy unit approximately 40 cm thick. Two distinct 

fine-grained layers were identified beneath the sand: the upper layer (fine-grained layer 1) was narrower (~130 m) and 

thinner (~35 cm) than the lower layer (fine-grained layer 2), which was broader horizontally (~350 m) and vertically (~65 

cm). Localized zones of weak radar reflections at the base of fine-grained layer 2, highlighted by the blue circles in Fig. 5c, 330 

indicated potential structural discontinuities or heterogeneities in the lake bed composition that may serve as preferential 

pathways for vertical seepage. GPR data from profile 1, acquired transversely at the central part of the lake (Fig. 5d), 

revealed the presence of a fine-grained layer not only beneath the sandy deposits but also beneath the clayey lake bed 

sediments. This fine-grained layer, measuring approximately 250 m laterally and about 50 cm vertically, was at the central 

bottom portion of the lake and overlain by clayey materials. The upper and lower boundaries of this layer exhibited weak 335 

radar reflections and local discontinuities in some parts, as marked by the blue circles. These zones may have increased 

permeability, potentially serving as vertical seepage pathways. The fine-grained layer narrowed toward the lake margins, 

suggesting additional potential conduits for downward seepage. The aquitard characteristics of the lake bed constituents are 

assessed in detail in the subsequent sections. 
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 340 

Fig. 5. 2D GPR profiles collected from the western and central parts of Lake Vadkerti. Panels (a) and (b) show Profiles 13 

and 1, respectively, prior to interpretation, illustrating the accumulation places of sand and clay in the lakebed. Panels (c) and 

(d) present the same profiles after interpretation, highlighting amplitude polarity variations that differentiate sand from clay 

deposits. The interpreted profiles also reveal the presence of a fine-grained-rich layer beneath the sandy and clayey surfaces, 

which may function as a semi-confining aquitard influencing seepage processes and potential groundwater–lake interactions. 345 
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Blue circles indicate zones of potential vulnerability in the lakebed composition or discontinuities in the fine-grained layer 

that may facilitate downward seepage. 

5.2 Attenuation-based differentiation of sand and clay layers in lake bed sediments 

The attenuation curves derived from the GPR data showed differences in how EM waves propagated through the sand and 

clay within the lake bed, reflecting their contrasting hydrogeological properties (Fig. 6). The average attenuation coefficient 350 

(α) was 2.75 dB/m for sand and 1.55 dB/m for clay, indicating greater energy loss in sand. Therefore, the clay layers, with 

their low attenuation, enabled deep EM wave penetration and behaved as aquitards due to their fine-grained structure and 

high moisture retention, which limited water movement but helped sustain EM wave transmission. By contrast, sand, 

characterized by high attenuation, acted as a permeable non-aquitard medium. Its increased porosity and potential variability 

in moisture content caused stronger signal decay. Therefore, attenuation modeling effectively differentiated between the 355 

aquitard clay layers and non-aquitard sand layers in the lake bed, serving as a noninvasive tool for characterizing sediment 

permeability and interpreting groundwater flow. 
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Fig 6 Exponential attenuation of EM wave amplitude with depth in sand and clay, highlighting stronger 

signal loss in sand compared to clay due to differences in sediment properties. 360 

5.3 Lake bed aquitard zonation and hydraulic insights 

The resulting aquitard zoning map (Fig. 7) showed a heterogeneous distribution of subsurface materials beneath the lake. 

Zones classified as non-aquitards, characterized by high normalized amplitude values, were concentrated along the 

northeastern and central-western margins of the lake. These areas were likely coarse, permeable sediments that could 

facilitate vertical or lateral groundwater exchange. By contrast, the aquitard zones, which had low amplitudes, were mainly 365 

distributed in the central and southern parts of the lake, suggesting the presence of fine-grained, low-permeability sediments 

acting as hydraulic barriers. Intermediate zones (leaky aquitards) formed transitional bands between these end members, 

potentially functioning as semiconfining layers. The spatial correspondence of the non-aquitard zones with known or 

inferred hydrological pathways suggested that these areas may be preferential zones for groundwater–lake interaction, 

potentially influencing lake recharge or discharge dynamics. 370 
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Fig. 7. Spatial distribution of lakebed classes based on aquitard characteristics, categorized as aquitard, 

leaky aquitard, and non-aquitard. 

5.4 Spatial distribution of features from 3D time-slice mapping 

The GPR-Slice analysis of the GPR data enabled a detailed assessment of the EM wave reflection amplitudes, supporting the 375 

interpretation of subsurface material properties. The hydrostratigraphic variations within and beneath the lake bed were 

delineated, providing insights into sediment composition, layering, and potential hydraulic boundaries. With the amplitude 

analysis results, the two primary soil types (sand and clay) were effectively differentiated based on their distinct EM wave 

reflectivity, as shown in the 3D model (Figs. 8a and 8b). Time-slice amplitude maps were generated at 20 cm vertical 

intervals (four slices are shown as examples in Fig. 8c), enabling the detailed tracking of lithological variations within the 380 

lake bed and through successive subsurface layers down to a depth of 2.6 m. The lowest amplitude values were associated 
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with the lake water, whose high electrical conductivity and dielectric constant resulted in strong signal attenuation and 

minimal reflection at the air–water interface. Upon reaching the lake bed, the EM waves exhibited markedly different 

reflection behaviors depending on the underlying material. The sand deposits produced high-amplitude reflections with 

limited signal attenuation, attributed to their low electrical conductivity and dielectric permittivity. This contrast resulted in a 385 

high reflection coefficient (R) at the water–sand interface, which strengthened signals. By contrast, the clay-rich zones 

displayed low-amplitude reflections with significant energy attenuation, primarily due to clay’s high electrical conductivity 

and high dielectric permittivity, which increased signal absorption and weakened reflections. The theoretical reflection 

coefficient (R) at normal incidence supported these observations. The dielectric constant of water (~80) (Kearey et al., 2013) 

transitioning into saturated sand (~ 25) (GSSI, 2023) yielded a stronger reflection than the water–clay transition (~ 40) 390 

(Daniel 2004), which was more gradual and resulted in weaker signals. These amplitude-based interpretations were validated 

using the 23 samples. The high-reflection-amplitude zones corresponded to sandy deposits, whereas low-reflection-

amplitude zones correlated with clay-rich sediments.  

Although amplitude analysis effectively distinguishes major sediment types, interpreting the data can be challenging where 

signal differences are subtle or materials transition gradually. The situation highlights the need for machine learning, which 395 

can better capture complex patterns and improve the accuracy and detail of lakebed classification beyond what traditional 

methods can achieve. This approach will be discussed in the following section. 
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Fig. 8 3D model of the lakebed illustrating a) places of sand and mud deposits, background imagery © Esri, Maxar, GeoEye, 400 

Earthstar Geographics, CNES/Airbus DS, USDA, USGS, AeroGRID, IGN, and the GIS User Community, b) the 3D model 

in an inclined position to show thickness of the sand and variation of sand and mud deposits in the lakebed, c) Time slice 

maps exported from a depth of 0.5 m, 1 m, 1.5 m and 2.1 m illustrating the amplitude variations of water, clay and sand.  

5.5 Predictive ML models 

To enhance the classification of aquitard zones beyond traditional amplitude interpretation, the performance of the four ML 405 

models (KNN, RF, ET, and GB) in classifying aquitard zones based on GPR amplitude features was evaluated (Fig. 9). The 

KNN model achieved an accuracy of 83% on the test set, particularly for the aquitard class (precision: 84%, recall: 98%). 

However, it yielded significantly lower recall for the leaky aquitard (37%) and non-aquitard (36%) classes, reflecting 

challenges in detecting these less frequent classes. By contrast, the RF and GB models demonstrated perfect classification 

accuracy (100%) with precision, recall, and F1-scores of 1.00 across all classes. However, these results indicated potential 410 

overfitting; the models may have excessively memorized the training data and may thus generalize poorly to new, unseen 

data. 

The ET model exhibited a more balanced performance, achieving an accuracy of 97% on the test set. It demonstrated high 

precision and recall for the aquitard class (precision: 96%, recall: 100%) and strong performance for the leaky aquitard 

(precision: 99%, recall: 86%) and non-aquitard (precision: 100%, recall: 79%) classes, with F1-scores of 0.92 and 0.88, 415 

respectively. Although ET did not achieve the perfect scores of the RF and GB models, it offered superior generalization 

across all classes without exhibiting signs of overfitting. In summary, although RF and GB excelled in test set accuracy, ET 

was more robust, with a better balance between model complexity and generalization. 
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Fig. 9 Comparative analysis of model performance in terms of precision, recall, and F1-score for the four machine learning 420 

algorithms employed in this study—K-Nearest Neighbors (KNN), Random Forest, Extra Trees, and Gradient Boosting. 

 

The classification results of the four ML models demonstrated a consistent spatial distribution of aquitard classes beneath the 

lake bed (Fig. 10). For all models, the non-aquitard zones were predominantly mapped along the northeastern and central-

western edges of the lake, whereas aquitards were concentrated in the central and southern regions. These patterns aligned 425 

with the underlying GPR amplitude data, where higher amplitudes typically indicated coarser, more permeable sediments 

(non-aquitards), and lower amplitudes suggested finer-grained, less permeable materials (aquitards). Leaky aquitards 

appeared primarily in transitional areas between these classes, potentially representing intermediate-permeability zones that 

may act as semiconfining layers. 

Strong spatial agreement was achieved between the ML model results (Fig. 10) and the resulting aquitard zoning map (Fig. 430 

7), especially for the aquitard and leaky aquitard zones. The integrated map reinforced the dominant trends in the individual 

model outputs: non-aquitards (red) clustered around the lake margins, aquitards (blue) dominated the southern and central 
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portions, and leaky aquitards (yellow) were distributed as buffer zones between them. This close correspondence emphasized 

the reliability of the models and the strength of the data-driven approach in capturing the hydrostratigraphic complexity of 

the lake bed. These results also showed the potential of using ML and GPR data to inform groundwater–lake interaction 435 

studies with high spatial resolutions.  
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Fig. 10 Spatial distribution of aquitard classification results using four machine learning models: a) RF, b) KNN, c) GB, and 

d) ET. Each map represents the predicted subsurface classification, with different aquitard types identified across the study 

area. 440 

6 Discussion 

The results of this study highlight the critical influence of aquitard properties identified through GPR surveys on the vertical 

exchange processes between groundwater and lake water. Low-permeability layers rich in fine-grained materials act as 

barriers at some locations below the lake bed, whereas more permeable or discontinuous zones, such as sand zones, likely 

facilitate seepage. 445 

The amplitude polarity patterns identified in this study over sandy substrates and clay-dominated zones are consistent with 

previous research on radar wave behavior in saturated sediments. These previous works include those of Neal (2004) and Jol 

(2009), who demonstrated that sand typically produces stronger reflections with distinct polarity reversals due to its lower 

conductivity and higher porosity, whereas clay exhibits weaker, phase-reversed signals due to its higher ionic conductivity 

and lower dielectric contrast with water. Our results also match those of Beres and Haeni (1991), who observed diminished 450 

radar amplitudes and polarity inversions over clay-rich layers in fluvial settings, underscoring the effect of material 

composition on GPR signal behavior.  

Our results reveal the presence of discrete fine-grained layers composed of silt, or clay beneath sandy and clayey lake bed 

sediments, with thicknesses of 25–65 cm. These findings are consistent with those of Kidmose et al. (2011), who identified a 

fine-grained organic layer (interpreted from GPR data) across Lake Hampen, although their reported layer generally covered 455 

a broader spatial extent and was interpreted in the context of peat or organic matter accumulation. Our identified fine-grained 

units, albeit thinner and more heterogeneous, are spatially confined and occur at varying depths beneath both sandy and 

clayey substrates. The lateral continuity of these layers (up to ~350 m) aligns with Kidmose et al.’s interpretation of 

persistent fine-grained strata across their target catchment, but the presence of localized discontinuities and weak radar 

reflections in the current study suggests greater structural complexity. Such heterogeneities may influence the hydraulic 460 

connectivity between the lake and the underlying aquifers by acting as potential vertical seepage pathways. Additionally, the 

identification of multiple fine-grained layers stacked beneath the sandy deposits in the western part of the lake extends the 

conceptual understanding of lake bed stratigraphy. The implied aquitard function is thus more variable than previously 

reported by Kidmose et al. (2011) for the Lake Hampen catchment. 

The measured attenuation coefficients in this study (2.75 Np/m for sand and 1.55 Np/m for clay) are broadly consistent with 465 

those reported by Fediuk et al. (2022), who observed values ranging from 1.75 Np/m to 3.71 Np/m in shallow lacustrine 
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environments using a 400 MHz GPR antenna. Although the current study uses a lower frequency (200 MHz), the attenuation 

values fall within a similar range, suggesting that intrinsic material properties, such as porosity, mineralogy, and moisture 

content, have a greater influence on signal loss than antenna frequency alone. The higher attenuation observed in sand may 

appear unexpected, as sand is typically more conducive to GPR transmission due to its coarseness and low electrical 470 

conductivity (Utsi, 2017). However, the elevated porosity and moisture content in the sand layers likely contribute to high 

dielectric losses. Furthermore, attenuation in clay can vary significantly, depending on its mineralogical composition and 

saturation state, as different clay types exhibit distinct dielectric properties (Conyers, 2004). 

Consistent with Geisz et al. (2024), who reported high accuracy (~95%–96%) for RF and DNN in lake bed mapping, the 

current study confirms that ensemble models, such as RF and ET, effectively capture hydrostratigraphic variability with a 475 

strong spatial resolution. Although Geisz et al. emphasized the efficiency of DNN, the ET model in the present work 

balances accuracy and generalization without complex preprocessing. Aligning with Ho and Goethals (2022), this study 

applies a structured ML workflow and shows that ensemble tree algorithms outperform traditional linear models in 

classifying aquitard zones from GPR data. Similar to Bhattacharya et al. (2007) who found ML models superior for 

analyzing sediment transport, the current study highlights ML’s adaptability and predictive power in the geosciences. 480 

Consistent with Díaz-Gómez et al. (2022), who achieved 86% accuracy using RF and lidar, our research demonstrates the 

effectiveness of RF and ET in subsurface classification using GPR amplitudes. Reflecting the findings of Ren et al. (2020), 

who mapped riverbed grain sizes with moderate accuracy, the current work attains higher class-specific accuracy, improving 

aquitard delineation. Therefore, this study extends ML to the noninvasive, highly detailed spatial mapping of aquitard types, 

aligning with the work of Demyanov et al. (2019), who classified sediment cores to reveal depositional patterns. Mir and 485 

Patel (2023) showed that ensemble models can predict Manning’s roughness (R2 ≥ 0.99), stating that these algorithms can 

robustly capture complex GPR data relationships. Finally, similar to the findings of Bhattacharya et al. (2007), who 

improved sediment transport modeling using ML, our results reinforce the broad applicability and accuracy of ensemble tree 

methods for hydrostratigraphic classification and subsurface heterogeneity mapping.  

7 Conclusion 490 

This study demonstrates that amplitude polarity variations in GPR profiles, when integrated with sediment samples data, are 

effective tools for distinguishing between sand and clay within the lake bed owing to these materials’ contrasting dielectric 

and conductive properties. The polarity sequence over sandy and clay-dominated areas reflects consistent differences in 

radar wave behavior. Additionally, the identification of fine-grained layers beneath both sandy and clayey sediments—some 

exhibiting structural discontinuities and weak reflections—suggests the presence of potential vertical seepage pathways 495 
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through otherwise low-permeability strata. Through attenuation analysis, permeable sand and aquitard clay layers are 

distinguished effectively, with sand’s higher attenuation indicating greater porosity and moisture variability and clay’s lower 

attenuation reflecting its fine texture and water retention. Moreover, the aquitard zoning map reveals distinct subsurface 

zones beneath the lake, with permeable non-aquitard areas concentrated along the northeastern and central-western margins, 

likely facilitating groundwater exchange. Low-permeability aquitard zones dominate the central and southern regions, acting 500 

as barriers. Transitional leaky aquitard zones exhibit semiconfining behavior. Such mapping is supported by the GPR-Slice 

amplitude analysis of the GPR data, where the sand and clay within the lake bed are successfully differentiated: high-

amplitude reflections correspond to sandy deposits, and low-amplitude reflections indicate clay-rich sediments. This 

interpretation, supported by theoretical reflection coefficients and validated using sediment sampling data, reveals the 

varying reflection behaviors of subsurface materials and offer valuable insights into the lake bed’s lithological structure. 505 

Overall, this research confirms that while amplitude variations in ground-penetrating radar profiles—validated by drilling 

and sediment analysis—offer extensive spatial coverage and meaningful insights into lake bed structure, manual 

interpretation of these data to delineate hydrostratigraphic zones remains inherently interpretive and methodologically 

demanding. By applying machine learning to amplitude features, we enabled automated, objective, and high-resolution 

classification of aquitard conditions across the entire lake bed. Among the tested models, the Extra Trees algorithm achieved 510 

the most balanced performance, offering high accuracy and strong generalization across all classes without signs of 

overfitting. Although Random Forest and Gradient Boosting models showed perfect accuracy on the test set, their results 

suggest potential overfitting and reduced robustness. All models, however, produced consistent spatial patterns that aligned 

well with the integrated aquitard zoning map, reinforcing their validity. Unlike conventional approaches that rely heavily on 

expert judgment or invasive sampling, the machine learning framework presented here enables scalable and reproducible 515 

prediction of subsurface permeability zones using only geophysical data. 

These findings highlight the potential of combining GPR data with ML as a scalable, noninvasive approach to mapping and 

predicting subsurface conditions in large lake systems worldwide. By eliminating the need for traditional methods, such as 

sediment sampling, this approach is an efficient alternative for understanding groundwater–lake interactions in complex, 

extensive lake bed environments.  520 
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