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Abstract. Knowing the internal spatial distribution of cold and temperate ice within polythermal glaciers is essential for under-

standing and modelling their dynamics. The boundary between both types of ice, termed as cold-temperate transition surface

(CTS), is usually determined from ground-penetrating radar (GPR) data, given the permittivity contrast between cold ice and

water-rich temperate ice. This task is traditionally manual and time-consuming. We here present an approach based on deep

learning for the automatic classification of cold ice, temperate ice and bedrock. We used deep learning algorithms based on5

convolutional neural networks (CNN), following a feature pyramid network architecture. The training data were collected in

Svalbard, using a GPR with central frequency of 20-25 MHz, along various campaigns spanning the period 2008-2022, carried

out on glaciers in Sabine Land, Nordenskiöld Land, Wedel Jarlsberg Land and Nordaustlandet. To address data scarcity, we

evaluated two dataset expansion strategies: generating synthetic radargrams by forward modelling of electromagnetic wave

propagation, and a data augmentation scheme in which each GPR profile is split into 200 m segments treated as independent10

samples. Starting from a baseline trained on the original GPR dataset, these strategies were applied individually and in com-

bination, defining four experiments. Our results show in general satisfactory values of the performance metrics. For instance,

the intersection over union (IoU) metric reaches values of 64.2 ± 2.7%, 77.0 ± 2.4% and 98.1 ± 0.2% for the classes cold ice,

temperate ice and bedrock, respectively.

1 Introduction15

Polythermal glaciers consist of both cold and temperate ice. The most studied type, the so-called Scandinavian-type polyther-

mal glacier, consists of a basal layer of temperate ice overlain, in the accumulation zone, by the firn layer and, in the ablation

zone, by a layer of cold ice, above which there is a surface layer up to 10-15 m in thickness that warms to the melting point

seasonally (Cogley et al., 2010; Aschwanden et al., 2012). Polythermal glaciers are abundant in the High Arctic, in particular

in the Canadian Arctic and the Svalbard archipelagos, and also in the sub-Antarctic islands. Some polythermal glaciers are20
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also found in mid-range elevation mountains in Scandinavia and in high-altitude mountains in temperate latitudes (Hambrey

and Alean, 2004). The interest of their study lies in its two-layered structure, involving cold ice whose viscosity depends on

temperature, and temperate ice whose viscosity depends on the fraction of liquid water content. This has an influence on ice

deformation and therefore plays an important role in modelling the evolution of polythermal glaciers. A matter of particular

interest is the evolution of the thermal structure of polythermal glaciers under a changing climate. Other characteristics of25

polythermal glaciers confer them additional interest. Among them, the fact that their mostly temperate base (in zones other

than the terminus and the margins) implies much higher basal erosion rates than those of cold glaciers. They usually have a

very thick basal debris load, up to half of the total thickness when approaching the snout; by contrast, the amount of debris

carried in the surface is small. Regarding hydrological conditions, an important concern is to determine how meltwater flows

through glaciers, because flow pathways control the response of glaciers to meteorological forcing, particularly with respect to30

meltwater outflow. (Hodgkins, 1997). In this sense, the meltwater runoff from polythermal glaciers follows patterns different

from those typical of temperate glaciers. In the latter, most glacial meltwater reaches the bed, through crevasses and moulins,

well before the snout, and normally emerges through a portal from a single subglacial water channel. In contrast, in polythermal

glaciers meltwater cannot easily penetrate ice with subzero temperatures and tends to migrate towards the margins, creating

two marginal water streams, or drains through surface channels towards the snout; therefore, a glacier portal is not formed.35

Finally, floating valley glacier tongues are mostly restricted to polythermal glaciers, as a temperate glacier terminus is usually

too weak to float on water (Hambrey and Alean, 2004).

Radar methods have proved to be very useful in the investigation of polythermal glaciers. These methods involve the emis-

sion of electromagnetic waves and the detection of their subsurface reflections. Both airbone- and ground-based systems are

commonly used in ice sheet and glacier investigations. Radar images provide critical information in glaciology: ice-bed inter-40

face, internal layering, snow/firn accumulation, crevasse delineation, among others (e.g. Dowdeswell and Evans, 2004; Navarro

and Eisen, 2009). Airbone studies are mostly focused on great extension ice sheets, providing huge amounts of datasets used

for studying ice sheet morphology, thickness, and dynamics from the air (MacGregor et al., 2021). Ground-penetrating radar

(GPR) has been widely used to the study of the internal structure of glaciers (Watts and England, 1976; Benjumea et al., 2003;

Navarro et al., 2005; Grabiec et al., 2011; Sold et al., 2013; Karušs et al., 2022). In the particular case of polythermal glaciers,45

GPR has been shown to be an essential tool for determining the englacial boundary between cold and temperate ice, known as

the cold–temperate transition surface (CTS), because it constitutes a dielectric boundary between both types of ice. Therefore,

it allows mapping the internal thermal structure of the glacier (Murray et al., 2000; Pettersson et al., 2003; Jania et al., 2005;

Gusmeroli et al., 2012; Schannwell et al., 2014; Macheret et al., 2019; Letamendia et al., 2023; Kachniarz et al., 2025).

Traditionally, radar images have been interpreted using visual criteria by glaciologists. In particular, the CTS can be identified50

based on the differential radar reflectivity responses of cold and temperate ice. Cold ice is characterized by the absence of water,

leading to the lack of internal reflections. Temperate ice, being at the melting point, does contain water which produces strong

radar-wave scattering, revealed in the radargrams as a cloud of noise or diffractions due to the large contrast in dielectric

properties between ice and water. Although glaciers contain various sources of scattering, such as debris content (Santin et al.,

2023; Franke et al., 2023), water inclusions are considered the primary scatterers in temperate ice (Schannwell et al., 2014).55
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While Ogier et al. (2023) suggest that the characteristics of a temperate ice radargram cannot be reproduced in a synthetic

dataset without the presence of water inclusions in the model, Franke et al. (2023) note that the reflection patterns of water

inclusions and sediment particles with high dielectric properties are quite similar and thus their interpretation can be ambiguous.

Automating the procedures of radar image interpretation represents a major advancement, as glacier and ice sheet studies

involve large amounts of radar data. Early works focused on automatic mapping of ice reflections using traditional techniques60

such as cross-correlation and pick-following methods (e.g. Fahnestock et al., 2001).

In recent years, there has been a growing interest in the application of machine-learning (ML) methods in geophysical image

processing with the main purpose of facies classification or target detection. We will focus here in deep learning (DL) methods,

i.e. ML methods using several computational layers. Deep learning (Lecun et al., 2015) based through Neural Networks (NNs)

has emerged as the state-of-the-art approach across a wide range of disciplines, particularly in digital image processing and65

natural language processing (Vaswani et al., 2017; Krizhevsky et al., 2012). These models have demonstrated remarkable

performance in tasks such as image classification, object detection, semantic segmentation, and language modelling. Neural

networks are universal function approximators (Cybenko, 1989), constructed through the composition of fundamental building

blocks. Each block typically consists of an affine transformation followed by a nonlinear activation function.

Supervised Deep learning involves the optimization (training) of the parameters of such networks using labelled datasets.70

The training process is formulated as the minimization of a loss function—commonly the Mean Squared Error (MSE) or cross-

entropy—through gradient-based optimization techniques. The training of deep neural networks has led to significant advances

in solving classical problems and has enabled the practical tackling of previously intractable challenges, thereby opening new

frontiers in numerous scientific and engineering domains. However, the success of these models is highly dependent upon

the quality, quantity, and accurate labelling of the training data. In the absence of sufficient and representative data, neural75

networks are prone to overfitting, which can severely impair their generalization capabilities on unseen data. The development

of algorithms such as backpropagation (Rumelhart et al., 1986) and the advent of automatic differentiation frameworks have

made it feasible to train deep networks with billions of parameters. These advances have been instrumental in scaling up model

complexity and performance.

In the specific context of image processing tasks such as classification and segmentation, specialized architectures like Con-80

volutional Neural Networks (CNNs) have been developed (Lecun et al., 1998). CNNs replace the dense matrix multiplications

of traditional neural networks with convolution operations, thereby exploiting the local spatial correlations inherent in image

data. In the study of glaciers and ice sheets using radar methods, DL techniques have been increasingly applied to analyze

radargrams, particularly those obtained from airborne radar systems. Xu et al. (2018) and Kamangir et al. (2018) were the

first to pursue the detection of the air-ice and ice-bedrock interfaces from airborne radar data using CNN combined with a85

recurrent neural network. A similar approach has been employed e.g. by Cai et al. (2020, 2021) and Dreier et al. (2025). DL

techniques have also been applied to the detection of the snow layer and internal stratification within ice from airborne radar

data (Rahnemoonfar et al., 2020; Ibikunle et al., 2020; Wang et al., 2021; Varshney et al., 2021; Moqadam et al., 2025).

For supervised methods such as CNN, a large enough amount of labelled data is required to obtain an optimum model. The

use of synthetic datasets provides a way of obtaining true-labelled data that can be used for model training. Rahnemoonfar90
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et al. (2019) assessed the performance of ML-generated synthetic radar images to train a deep neuronal network. The authors

concluded that synthetic radargrams failed to accurately replicate radar characteristics such as noise, suggesting that synthetic

data alone should not be used to train a neural network to be applied to real data. Rahnemoonfar et al. (2020), in turn, noted the

interest of further work exploring the training of the CNN using synthetic data which matches the noise and signal statistics of

the actual radar data. Yari et al. (2021) generated synthetic airbone radar data using two different approaches: radar scattering95

physics with associated statistics and a conditional generative adversarial network. The comparision of both generated datasets

highlighted the suitability of the physics simulator to obtain good structural characteristics, while the DL algorithm provided

better textural signatures. Recently, Zhu et al. (2026) combined physics-based synthetic radargrams with transfer learning on

field data to jointly extract internal layers and the ice-bedrock interface at Dome A (Antarctica).

To our knowledge, the transition between cold and temperate ice has not yet been studied using neural networks or machine100

learning approaches, which motivates the focus of the present paper. In particular, we aim to identify the CTS from radargrams

acquired on polythermal glaciers. This will be supported by DL techniques. We will use a CNN trained using either real GPR

data alone, synthetic data alone or a combination of both.

2 Data

In this work we use GPR data collected on various glaciers on the Svalbard archipelago during several field campaigns. We105

also use synthetic data with the aim of increasing the amount of data used to train the CNN algorithms for the classification of

cold and temperate ice in radargrams from polythermal glaciers.

2.1 Field data

The ground-based radar measurements used in this work were taken in various campaigns in Svalbard between 2008 and 2022.

The GPR surveys were carried out in Wedel Jarslberg Land, Sabine Land and Nordelskiöld Land in Spitsbergen, as well as the110

Austfonna Ice cap in Nordaustlandet. The details of the different surveys are summarized in Table 1. The layouts of the radar

profiles are presented in Figure 1. The GPRs used were VIRL-6 (Berirkashvili et al., 2006) and VIRL-7 (Vasilenko et al., 2011),

both with a central frequency of 20-25 MHz. The use of frequencies of this order allows a deep penetration, making possible

the detection of the glacier bed, while also allowing the detection of the CTS. Figure 2 shows an example of a radargram with

minimal processing, where the interface between cold and temperate ice can be observed. Most of these data have been used in115

previous studies, addressed to the calculation of the ice thickness and the volumes of cold and temperate ice (Martín-Espanol

et al., 2013; Navarro et al., 2014, 2015; Lavrentiev et al., 2019; Macheret et al., 2019).

2.2 Synthetic data

To obtain a larger training dataset, we built a collection of synthetic radargrams using the open source program gprMax.

This software numerically models the GPR signal propagation (Giannopoulos, 2005; Warren et al., 2016). Using the finite-120

difference approach in the time-domain FDTD (Kunz and Luebbers, 1993), gprMax applies Yee’s algorithm to solve Maxwell’s
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Table 1. GPR surveys, with equipment used and its main characteristics, and total length of profiles.

Glacier WGI* ID Year Radar Frequency Sampling period Profile (CTS) length

(MHz) (ns) (km)

Fridtjovbreen NO4W01370000 2012 VIRL-6 and VIRL-7 20 2.5 and 5 180 (100)

Erdmannbreen NO4W01370009 2012 VIRL-6 20 2.5 25 (19)

Recherchebreen NO4W01310000 2011 VIRL-7 25 5 51

Tavlebreen NO4W01360043 2010 VIRL-6 and VIRL-7 20 2.5 25 (2)

Grønfjordbreen NO4W01410000 2010 VIRL-6 20 2.5 150 (66)

Elfenbeinbreen NO4W01130000 2013 VIRL-7 25 5 105 (27)

Sveigbreen NO4W01130008 2013, 2022 VIRL-7 25 5 72 (29)

Hansbreen NO4W01240019 2009, 2016 VIRL-6 and VIRL-7 20 2.5 and 5 72 (20)

Austfonna

NO4W02110006

NO4W02110007

NO4W02110008 2008 VIRL-6 20 2.5 165 (13)

NO4W02510005

NO4W02510006

* WGI = World Glacier Inventory

equations in 2D or 3D. The algorithm provides significant flexibility in simulating a wide range of subsurface conditions, as it

can effectively manage complex geometries and varied material configurations. To reduce computational cost we used the 2D

modelling approach and the gprMax module for GPU (Warren et al., 2019).

We defined a polythermal glacier model by setting its geometry and the spatial distribution of the dielectric properties of125

its constituent materials. The geometry is common to all simulations: 150 m (vertical) × 200 m (horizontal). The uppermost

2 m consist of air, underlain by a 4-m layer of snow, followed by the ice layer and 10 m of bedrock thickness at the bottom.

The ice-bedrock interface can be either flat or slightly undulating. The polythermal structure results from defining cold and

temperate ice layers, whose ice is characterised by the same dielectric properties but the latter layer includes water inclusions

within it. Table 2 shows the dielectric properties of the different materials used. The water inclusions in the temperate ice are130

macroscopic diffractors with a randomly variable radius between the model discretisation size (0.05 m) and a maximum radius,

which varies between 0.10 and 0.15 m. The amount and maximum radius of diffractors for a particular simulation is defined

so that the average liquid water content (LWC) reaches a typical value of temperate ice of 0.2% (Bradford and Harper, 2005;

Ogier et al., 2023). While the sizes and amount of water inclusions differ from reality, the wavelength of the radar signal is

in the order of a few metres, which is much larger than the size of the inclusions, and thus represents an integral over the135

wavelength of the dielectric properties of the medium. We defined the shape of the CTS as sum of a linear function plus a

sinusoidal component, whose parameters are selected randomly, resulting in distinct shapes for different simulations.

In order to obtain more complex synthetic radargrams, we added different elements to the model. Firstly, we randomly

included in the ice circular bodies representing water pockets or cross-sections of air- or water-filled channels. The radius of
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Figure 1. Layout of the radar profiles on the studied glaciers. The black lines indicate sections of the profiles where a temperate ice layer

was clearly identified. The glacier outlines correspond to RGI V7 (RGI Consortium, 2023). Panels b, c and d share the scale used in panel a.

The inset shows the location of the various study zones within Svalbard. The satellite image used as background in panel a contains modified

Copernicus Sentinel data of 2020, while that in panels b, c and d was available from ASTER (Advanced Spaceborne Thermal Emission

and Reflection Radiometer) ©METI (Ministry of Economy, Trade and Industry, Japan) and NASA (US National Aeronautics and Space

Administration) (2005), for 23 July 2005 (all rights reserved), courtesy of the University of Silesia, Poland, within the frame of cooperation

of the PolarClimate-SvalGlac project, and panel e is from Moholdt et al. (2019).
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Figure 2. Radargram of 25 MHz GPR profile registered on Sveigbreen in 2022. The depth scale was estimated using a radio wave velocity

of 168 m µs−1.

these bodies varied between 0 and 1 m. Another element that we incorporated was surface crevasses. These were simulated140

as openings at the surface with a width of 0.6 m that gradually narrows, reaching depths down to 8 m. These crevasses can

be partially water-filled or water-free. Other elements we included were internal fractures or small elongated cavities. These

elements are defined in the model as segments whose orientation, length and width vary randomly within a given range, and

can contain air or water. Figure 3 shows an example of synthetic polythermal glacier model and its associated radargram.

The source signal was configured as a Hertzian dipole with a Ricker-type source-time function and a dominant frequency145

coincident with that of real antennas used in our field campaigns (ca. 25 MHz). The position of the antennas in our model is

just above the surface. We have set the separation between antennas at a constant distance of 7 m, in agreement with the typical

values used for the acquisition of our Svalbard GPR dataset. The spacing between traces is constant at 0.5 m. Each profile

consists of a total of 380 traces, thus covering a profile length of 190 m. The discretisation size ∆l of the model was chosen as

a trade-off between avoiding numerical dispersion and setting a reasonable cell size in terms of computational cost. To avoid150

numerical dispersion in gprMax, ∆l ≤ λmin/10 must be satisfied (Warren et al., 2016). In our case, the smallest wavelength

corresponds to water (λmin = 0.44 m; Ogier et al., 2023), which is the material with the highest permittivity. This resulted in

the choice of ∆l = 0.05 m. Table 3 summarizes the set of parameters used for numerical modelling in gprMax.

3 Methodology

3.1 Data treatment155

The processing of radar data was minimal, with only time-zero correction and trimming of the time window. Bandpass filtering

was applied exclusively to facilitate data interpretation and was not applied to the training, validation, or test sets. Synthetic

data has not been processed for interpretation. The delineation of the CTS was done manually, identifying this interface as
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Figure 3. (a) Geometry of a polythermal glacier model with its different constituent materials. The ice matrix of cold and temperate ice share

similar dielectric properties, but the latter contains inclusions of liquid water. The top zoom shows a superficial crevasse partially filled with

water, and the other shows macroscopic water inclusions in the temperate ice. (b) Synthetic radargram of the model shown in (a), generated

using gprMax.

Table 2. Dielectric propierties of the materials used in the gprMax simulations.

Material Permittivity Conductivity

εr σ (S m−1)

Air 1 0

Snow 1.8 2.5 ×10−5

Ice 3.17 5 ×10−8

Water 80 5× 10−4

Bedrock 8 1× 10−3

Dielectric properties of bedrock (limestone and shale) and water are taken from Davis

and Annan (1989) and those of ice from Evans (1965) and Plewes and Hubbard

(2001). Dielectric properties of snow are calculated from Bogorodsky et al. (1985) and

Granlund et al. (2010) with a snow density of ρsnow = 400 kg m−3 and LWC = 0.5%,

which are values of dry snow.

the boundary between an area transparent to radar energy (identified as cold ice) and an area characterized by a high level of

backscattered radar energy (identified as temperate ice) (e.g. Pettersson et al., 2004; Gusmeroli et al., 2012; Letamendia et al.,160

2023). Both data processing and interpretation (i.e. picking) were carried out using ReflexW commercial software (Sandmeier,

2024). Data segmentation consisted in classifying the image content into three classes: cold ice, temperate ice and bedrock.

The original data were first normalised to values between 0 and 1, and then resized by downsampling to 256 × 256 pixels.
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Table 3. gprMax model parameters.

gprMax parameters Value

Frequency 25 MHz

Waveform type Ricker

Antenna dipole Hertzian

Antenna separation 7 m

Trace spacing 0.5 m

Domain (x, y, z) 200, 150, 0.05 m

Cell size 0.05 m

Time window 2 ×10−6 s

Time step 1.18 ×10−10 s

3.2 Deep Learning algorithm

In this work, we approach the ice segmentation problem using a Fully Convolutional Network (FCN) (Long et al., 2015). This165

framework allows a pixel-wise classification of images with arbitrary sizes while reducing the number of parameters of the

model by avoiding fully connected layers. In particular, to classify as cold ice, temperate ice and bedrock in a context of varying

spatial scales inherently related to the data acquisition process, we implement and train a Feature Pyramid Network (FPN) (Lin

et al., 2017). In contrast to FCNs, the FPN architecture employs a top-down pathway with lateral connections (Fig. 4). This

mechanism merges semantic information from deep layers with spatial details from earlier layers to recover resolution.170

The bottom-up pathway, the first part of the FPN architecture, is the feed-forward computation of the network. In this case,

we use ResNet-34 as the backbone of our model (He et al., 2015). This pathway is the encoder of the network and is the part

that extracts the features from the input data, generating feature maps. Within this pathway the encoder has 5 sub-sampling

steps, and the feature outputs of the last residual block of ResNet-34 at each stage are used (C2, C3, C4 and C5 in Fig. 4).

In the top-down pathway, the resolution is restored by upsampling steps. The corresponding feature maps are semantically175

stronger. These features are enriched by lateral connections with their corresponding bottom-up level, which are semantically

weaker. However, as they were subsampled fewer times, the activations are more precisely localised. This lateral connection

consists of a 1×1 convolution layer of the bottom-up level and an element-wise addition with the upsampled map. Predictions

are made at each top-down level (P2, P3, P4 and P5) and then upsampled to the original input size and concatenated. Finally,

a segmentation head creates a probability map with the 3-class prediction. The class assigned to each pixel corresponds to the180

highest probability value, obtained by applying an argmax operation.

This configuration is particularly appropriate for this study, as it preserves the boundary precision required to distinguish

between adjacent cold and temperate ice regions. To train the neural network, we use a cross-entropy-loss cost function. The

hyper-parameters characterising our training scheme are given in Table 4.
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Figure 4. Overview of the proposed Feature Pyramid Network (FPN) architecture for ice segmentation. The model utilizes a top-down

pathway with lateral connections to merge high-level semantic information with low-level spatial details.

3.3 Model training and cross-validation185

Our dataset shows large differences between campaigns and glaciers. Additionally, radargrams from the same campaign and

glacier show similarities in characteristics such as background noise, ringing, or the ease/difficulty of distinguishing the CTS.

For these reasons, we have trained the model following a cross-validation scheme by glacier and campaign. For the test, we

chose GPR profiles collected on Fridtjovbreen in 2012. These profiles include a balance of easily interpretable features and

more complex settings, characterised by artefacts and noise. The testing subset also contains data obtained using two different190

GPR systems (VIRL-6 and VIRL-7) and represents approximately 20% of the total profiles in the dataset. Additionally, the test

set corresponds to a campaign entirely unseen by the model, thus allowing for a more accurate assessment of its generalisation

capabilities, while preventing information leakage across campaigns.

The training dataset consists of ten distinct glacier-campaign sets. Accordingly, ten training runs were performed, each

using a different glacier-campaign set as the validation set, and the remaining nine for training. This procedure was followed195

regardless of the number of profiles in the validation set. For each training run, the Intersection over Union (IoU) of the

validation set was monitored, and the best-performing model was selected. This results in avoiding overfitting.
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Table 4. Network hyperparameters and training configuration.

Hyperparameter Value Comment

Number of layers 34 The backbone is ResNet-34 (He et al., 2015).

Trainable parameters 23.1 M Weights of the network that can be learned during training.

Pre-trained weights ImageNet The training was performed using pre-trained values with

the ImageNet dataset (Krizhevsky et al., 2012), which con-

tains more than 14 million images. This technique is known

as transfer learning.

Learning rate 1× 10−3 Step size of the optimisation algorithm for adjusting the

model parameters.

Epochs 100 Each pass across the whole training set.

Batch size 8 Number of samples used simultaneously to compute weight

updates.

Optimiser Adam Algorithm that refines model parameters via gradient-based

updates to reduce the loss (Kingma and Ba, 2017).

Weight decay 1× 10−5 Regularizaton technique based on L2 norm to prevent over-

fitting.

In total, four experiments were conducted. Experiment 1 uses exclusively the GPR measurements dataset described in

Section 2.1. Experiment 2 builds on this setup by incorporating the synthetic dataset as additional training data. Experiment 3

applies the same configuration as Experiment 1, but introduces an additional pre-processing step on the GPR measurements.200

Specifically, each profile is subdivided into segments of 200 m, which are treated as independent samples to increase the size

of the training set. Experiment 4 follows the same approach as Experiment 2, also including this pre-processing step. As in

Experiment 3, the GPR profiles are split into 200 m segments, which serve as a data augmentation strategy. This size was

selected in accordance with the size of the synthetic radargrams. Given that, before being fed into the network, each radargram

is downsampled to 256×256 pixels, this procedure allows us to extract more information from each radargram. We additionally205

tested other augmentation techniques, such as random horizontal flips and the addition of Gaussian noise. These strategies did

not produce any discernible improvement, so their results were not considered.

4 Results

To evaluate the performance of models in semantic segmentation, metrics based on a confusion matrix are commonly used.

This matrix measures the accuracy of the model in a class defined as positive over the rest of the classes. For each class, it210

measures the number of true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN) obtained. We

evaluated the model’s performance on the test set using four common semantic segmentation metrics shown below:
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– IoU: TP
TP+FP+FN

– Precision: TP
TP+FP

– Recall: TP
TP+FN215

– F1 score: 2 Precision·Recall
Precsion+Recall =

2TP
2TP+FP+FN

The above metrics were applied to each of the experiments described in section 3.3. Table 5 shows the evaluation results

for each of the classes in the test set. These results represent the average of training the model with five different weight

initialisations, together with their standard deviation.

Table 5. Overview of model performance, expressed as percentage, in the four experiments conducted, using various metrics for each of the

classes in the test set (cold ice, temperate ice and bedrock). For each experiment, the training dataset used and the number of radargrams

(samples) involved are given. The results are the average of five training sessions with different weight initializations; their standard deviation

is also given. For each metric and class, the highest value with low standard deviation of the metric among all experiments is boldfaced.

n=5 trainings Training data (size) Metrics Cold ice Temperate ice Bedrock

(mean ±σ) (mean ±σ) (mean ±σ)

Experiment 1 GPR dataset IoU 63.5 ± 2.5 74.0 ± 2.8 98.2 ± 0.4

(138 samples) F1 Score 77.4 ± 1.9 85.0 ± 1.9 99.1 ± 0.2

Precision 67.3 ± 2.6 92.9 ± 0.9 99.4 ± 0.1

Recall 91.1 ± 1.0 78.4 ± 2.7 98.7 ± 0.3

Experiment 2 GPR dataset IoU 65.0 ± 5.1 74.8 ± 6.1 98.5 ± 0.1

+ synthetic dataset F1 Score 78.6 ± 3.9 85.5 ± 4.1 99.3 ± 0.1

(230 samples) Precision 69.1 ± 6.3 93.6 ± 3.9 99.5 ± 0.1

Recall 91.8 ± 1.2 78.9 ± 6.8 99.1 ± 0.2

Experiment 3 GPR dataset IoU 57.1 ± 8.6 67.4 ± 15.7 96.6 ± 1.8

split every 200 m F1 Score 72.3 ± 7.3 79.3 ± 13.0 98.3 ± 0.9

(1583 samples) Precision 61.6 ± 10.0 92.1 ± 0.9 98.3 ± 0.2

Recall 89.3 ± 15.6 71.7 ± 17.2 98.3 ± 0.5

Experiment 4 GPR dataset IoU 64.2 ± 2.7 77.0 ± 2.4 98.1 ± 0.2

split every 200 m F1 Score 78.2 ± 2.0 87.0 ± 1.5 99.0 ± 0.1

+ synthetic dataset Precision 68.9 ± 3.2 93.6 ± 3.9 99.3 ± 0.2

(1668 samples) Recall 90.6 ± 1.4 81.2 ± 2.6 98.8 ± 0.3

5 Discussion220

According to Table 5, the best classification performance is achieved in Experiment 4. For the cold ice and temperate ice classes,

the best results considering the whole set of metrics are obtained in this experiment. Regarding the bedrock class, values greater
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Figure 5. Prediction results of the four experiments on a test-set radargram. Experiments 1 and 2 use the complete radargram, whereas

Experiments 3 and 4 use a subsection of it. The radargram is shown as background.

Figure 6. A sample of prediction results of experiments 2 and 4 illustrating a good performance (a), moderate misclassification (b) and poor

classification (c).
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than 98% are achieved in all metrics, showing that the model is able to classify the bedrock very accurately. The differences

between experiments for this class are negligible and fall within the run-to-run variability. Although Experiment 4 does not

produce the highest scores for the bedrock class, it provides the best overall classification performance when considering all225

classes. However, the improvement in results compared with Experiments 1 and 2 is not significant, as it falls within the range

of variability between training runs.

Comparing the two experiments trained only with real data (Experiments 1 and 3) shows that splitting the radargrams into

200 m segments does not improve the classification of the ice classes: the mean IoU of both the cold and temperate ice classes

is lower in Experiment 3 than in Experiment 1 and the standard deviation increases significantly (e.g. for the temperate ice IoU230

metric, it rises from 2.8% to 15.7%). This data augmentation strategy increases the number of training samples but introduces

a training instability when applied to the real dataset alone.

The effect of adding synthetic radargrams to the GPR dataset depends on the experiment setup strategy. Comparing Experi-

ments 1 and 2 (i.e., those without radargram segmentation), the addition of synthetic data produces only a minimum change in

the mean values of the ice class metrics, accompanied by a slight increase in their dispersion. Comparing experiments 3 and 4,235

in which segmented radargrams have been used, the addition of synthetic data has a substantial effect: in cold and temperate ice

classes the IoU increases approximately 7 and 10 percentage points, respectively, and their standard deviation decrease from

8.6% and 15.7% to 2.7% and 2.4%. The addition of synthetic radargrams removes the instability observed in Experiment 3.

An example is provided by Figure 5, which evidences the best model performance of Experiment 4 compared with 3.

In all experiments the amount of cold ice is slightly overpredicted, implying an under-prediction of temperate ice. This is in240

agreement with the high recall value and the low precision value given in Table 5 for the cold ice class. Note, in the definition of

the metrics, that the recall includes the number of false negatives in the denominator, while the precision includes the number

of false positives. This pattern reflects the ambiguity of the CTS location. In spite of the slightly better overall performance of

experiments 2 and 4, there are cases in which misclassification occurs, as shown in Figure 6.

The above paragraphs suggest that the approach of expanding the training dataset using synthetic data does not significantly245

improve the performance of the model, although it notably reduces the standard deviation when passing from Experiment

3 to 4. This, considered together with the high computational cost of generating synthetic radargrams, makes this approach

unattractive. Nevertheless, we acknowledge the usefulness of synthetic radargrams for interpreting the internal structure of

polythermal glaciers, particularly given the scarcity of ground-truth information regarding the internal structure of glaciers. By

providing a direct link between a controlled subsurface model and its corresponding GPR response, synthetic radargrams offer250

valuable insight that can improve the interpretation of observed radar reflections.

Overall, across the four experiments, classification errors mostly correspond to the cold and temperate ice classes rather than

to the bedrock class. The bedrock class is easily distinguishable in the feature space learned by the network, as its signature in

GPR data is more characteristic than that of cold and temperate ice, and the ice-bedrock transition is usually very marked. The

cold–temperate ice transition is generally more gradual and less clearly defined. Moreover, the human interpretation involved255

in the ground truth also carries an inherent uncertainty due to its subjective nature, which can entail biases.
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It is important to keep in mind that we are using as ground truth a human-delineated CTS. Due to the diffuse boundary

between the cold and temperate ice layers, this necessarily involves interpretation errors. These can be reduced following a

technique such as that used by Gusmeroli (2010) or Letamendia et al. (2023) whereby several sets of pickings of the CTS

are performed by different researchers. A further difficulty of classification models, such as the one described in this paper, is260

that they do not consider the impact of debris on GPR data. Debris located near the base of the glacier can generate scattering

signatures similar to those produced by water inclusions (Franke et al., 2023), which can lead to an overestimation of the

amount of temperate ice. However, given the limited evidence available to reliably incorporate debris-related signatures into

the interpretation, such an analysis was not considered in the present study.

Regarding the uncertainty introduced by the pixel size, the input radargrams were downsampled from their original tempo-265

ral resolution to 256 pixels along the time axis. The mean time window across the dataset was approximately 4,400 ns, and

sampling intervals ranging from 2.5 to 5 ns depending on the GPR system were employed. Converting to ice thickness using a

constant radio-wave velocity of 168 m µs−1, the uncertainty introduced by the pixel size corresponds to a mean depth uncer-

tainty of approximately 1.4 m. This uncertainty falls within the vertical resolution of the GPR system, which is theoretically

defined as λ/4 (being λ the dominant wavelength), but in practice can reach λ/2 (Navarro and Eisen, 2009). For a central270

frequency of 25 MHz, the theoretical vertical resolution thus ranges between 1.6 m and 3.3 m.

For training the model we used raw GPR data, without any processing, with the aim of minimizing the removal of potential

information relevant for classification. In practice, we only applied time-zero correction and time-window trimming to focus on

the radar section of interest. The presence of temperate ice is mainly identified through the presence of high back-scattering and

hyperbolic diffractions. To avoid suppressing hyperbolae, no migration was applied, thus preserving the characteristic response275

of temperate ice and avoiding the assumption of a constant propagation velocity within each radargram.

6 Conclusions and outlook

From the above analysis, the following main conclusions can be drawn:

1. CNN-based methods have been shown to be a useful tool for identifying the electromagnetic signature of cold and

temperate ice, and thus for determining their spatial distribution in polythermal glaciers.280

2. Increasing the size of the training dataset by using synthetic data does not result in a significant improvement of the model

performance. More detailed simulations, capable of capturing fine-scale noise patterns, would be required to make the

use of synthetic data useful. In any case, the expected high computational cost could be a significant drawback. Even so,

synthetic radargrams are a helpful tool for interpreting the internal structure of polythermal glaciers.

3. Data augmentation strategies based on fragmentation of the original radargrams into smaller sections significantly in-285

crease the standard deviation between training runs. When combined with synthetic data the results improve slightly.

Therefore, interpretation based on global features appears to be more effective than exploiting small-scale phenomena.
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4. The best classification results are obtained for the bedrock class, given the higher contrast in electric properties between

bed and glacier ice compared to those between cold and temperate ice.

Future studies of interest could include the use of data collected using a variety of GPR systems and frequencies, to obtain a290

more robust classification model. Another matter of interest would be the discrimination of the electromagnetic response of ice

with debris inclusions versus the response of temperate ice. This would prevent a possible misinterpretation of the temperate

ice class.

Code and data availability. The dataset is available at https://doi.org/10.5281/zenodo.21134524 (Letamendia et al., 2026), and the im-
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