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Abstract

Tracking internal layers in radar echograms with high
accuracy is essential for understanding ice sheet dynam-
ics and quantifying the impact of accelerated ice discharge
in Greenland and other polar regions due to contemporary
global climate warming. Deep learning algorithms have
become the leading approach for automating this task, but
the absence of a standardized and well-annotated echogram
dataset has hindered the ability to test and compare algo-
rithms reliably, limiting the advancement of state-of-the-
art methods for the radar echogram layer tracking prob-
lem. This study introduces the first comprehensive “deep
learning ready” radar echogram dataset derived from Snow
Radar airborne data collected during the National Aero-
nautics and Space Administration Operation Ice Bridge
(OIB) mission in 2012. The dataset contains 13,717 la-
beled and 57,815 weakly-labeled echograms covering di-
verse snow zones (dry, ablation, wet) with varying along-
track resolutions. To demonstrate its utility, we evaluated
the performance of five deep learning models on the dataset.
Our results show that while current computer vision seg-
mentation algorithms can identify and track snow layer
pixels in echogram images, advanced end-to-end models
are needed to directly extract snow depth and annual ac-
cumulation from echograms, reducing or eliminating post-
processing. The dataset and accompanying benchmarking
[framework provide a valuable resource for advancing radar
echogram layer tracking and snow accumulation estima-
tion, advancing our understanding of polar ice sheets re-
sponse to climate warming.
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1. Introduction

The continuous monitoring of the Earth’s cryosphere, es-
pecially the polar ice sheets, is crucial for understanding its
response to global climate warming. Among the ice sheets,
the Greenland Ice Sheet (GrIS) is known to be the largest
contributor to sea-level rise (SLR) and has become a topic
of research since the 1960s [25]. Research efforts have
identified surface mass balance (SMB) as the main driver
of increased GrIS mass loss, making it essential to closely
monitor SMB-related processes that are difficult to disen-
tangle [29].

The annual net mass balance of the ice sheet fluctuates in
response to SMB-related processes such as snowfall, rain-
fall, run-off of rainwater and meltwater, sublimation, and
evaporation, which are all influenced by annual climatic
conditions. As such, the variations in annual climatic con-
ditions are captured in the yearly accumulation. Therefore,
accurately estimating the annual accumulation rate is highly
desirable to improve existing climate models used to project
future SLR.

Snow accumulation rate is traditionally determined by
drilling ice cores and shallow pits across the GrIS. However,
this method has inherent limitations, including restricted ac-
cess, challenging weather conditions, and high costs. Fur-
thermore, the rapid spatial variability of snow accumulation
in GrlS further complicates the ability of the sparse drilled
cores to capture catchment-scale accumulation patterns cor-
rectly.

To address this limitation, airborne radars have been de-
veloped to remotely collect snow measurements at a much
larger spatial scale and relatively cheaper cost. These
radar systems offer superior subsurface mapping capabil-
ities compared to other remote sensing methods such as
space-borne radars. The Center for Remote Sensing and
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Figure 1. Enhanced Snow Radar echogram collected in 2012, il-
lustrating presumed annual accumulation stratigraphy

Integrated Systems (CReSIS) has developed a suite of radar
systems to investigate different sections of polar ice sheets
such as the ultra-wideband Snow Radar which capture an-
nual snow layers in the firn layers of polar ice sheets.

The Snow Radar’s fine vertical resolution of approxi-
mately 4 cm, achieved through its wide 6 GHz bandwidth,
allows it to resolve subtle contrasts in snow physical prop-
erties associated with layers of different snow deposition
ages. These contrasts arise from variations in the snow’s
dielectric permittivity, density and water content, which in-
fluence the reflection of the radar’s transmitted electromag-
netic signal. As the radar signal propagates through the
snowpack, these interfaces act as electromagnetic bound-
aries, returning a portion of the signal to the airborne radar
system.

The resulting echograms provide a detailed representa-
tion of the snowpack stratigraphy, where each distinct layer
corresponds to a specific deposition period, such as an an-
nual accumulation cycle. By accurately identifying and
tracking these layers, the annual snow accumulation rate
can be inferred, offering valuable insights into spatial and
temporal patterns of snow deposition. This information is
critical for understanding changes in the mass balance of
the surveyed polar ice sheet and their contribution to global
sea level rise.

Fig. [I] shows a short section of an example radar
echogram from the center of the Greenland ice sheet where
the accumulation stratigraphy is preserved and the layers
correspond roughly to annual accumulation [20]. This
shows decades of snow accumulation patterns visibly un-
derneath the ice surface.

To harness the climatic information captured in radar
echogram images, robust layer-tracking algorithms are re-
quired to automatically detect transitions and trace snow
layers. Deep Learning (DL) algorithms, particularly those
in the domain of Computer Vision (CV), are well-suited to
this task due to their demonstrated success in optical images
analysis [6] and other remotely-sensed data such as
satellite SAR images [[7, [39]. Unlike classical signal pro-
cessing methods, which rely on hand-crafted feature mod-
eling and require frequent retuning to adapt to variations in
snow accumulation pattern across datasets, deep learning
models have the potential to generalize effectively. When
trained on sufficiently large and diverse datasets, these mod-
els can achieve high accuracy in tracking snow layers in
echograms from different polar regions and polar ice sheets.

As a result, several deep learning algorithms have been
developed to address variants of the layer tracking problem
leveraging different training and testing sets. However, the
absence of a unified, well-defined training, test, and evalua-
tion set poses significant challenges for meaningful perfor-
mance comparisons across models. This lack of standard-
ization hinders the identification of best practices required
to achieve state-of-the-art results in snow layer detection
and tracking. These challenges are further compounded
by inconsistencies in evaluation metrics, with some metrics
poorly aligned with the ultimate goal of accurately estimat-
ing annual snow accumulation.

In this work, we present the Snow Radar Deep Learning
Dataset, which provides a standardized resource for train-
ing, testing, and benchmarking algorithms.

To evaluate deep learning models, we cast the radar
echogram layer tracking problem as a supervised binary se-
mantic segmentation and a deep-tiered multi-class image
segmentation task. In this paradigm, we train and evalu-
ate five well-established segmentation algorithms on the test
set that contains from echograms from different snow zones
and image quality. This analysis provides insights into the
strengths and limitations of each algorithm. Importantly,
we assess model performance using evaluation metrics di-
rectly linked to physical snow accumulation rates, ensuring
alignment with the underlying scientific objectives.

2. Related work

In over three decades of collecting remote radar mea-
surements over polar ice sheets, a large amount of data has
been collected to produce a large collection of echograms
from different snow zones from Greenland, Antarctica, and



Alaskan glaciers. However, the pace of extracting historical
climatic information in the echograms has been largely im-
peded by the lack of efficient and fully-automated snow/ice
layer tracking algorithms which are needed to replace the
prevalent yet ineffective manual and semi-automated anno-
tation methods [9, [15) 122]]. As a result, a number of schol-
arly works exploiting different characteristics of snow sur-
face and subsurface targets have been developed. These ap-
proaches can be grouped broadly into three streams: Semi-
automated vs fully-automated, surface-bedrock vs internal
layer tracking, and machine/deep learning-based vs Non-
ML algorithms.

Semi-automated methods require some form of human
input for tracking while fully-automated algorithms are de-
signed to be end-to-end. Surface-bedrock models aim to
accurately track only the surface (air-snow boundary) and
the bottom (bedrock) layers while layer trackers aim to
track laterally persistent layers that could appear at any
depth other than just the surface and bedrock. The surface-
bedrock vs internal layer tracking dichotomy is often a re-
sult of different radar systems with different vertical res-
olutions where for some radars, only the surface and the
bottom can be clearly seen in their echograms whereas,
for others, all the firn layers can be seen and need to be
tracked. Finally, non-ML models deploy methods such as
statistical models, level-set, probabilistic graphical meth-
ods, etc. while machine/deep learning methods develop ar-
tificial neural networks to track the desired layers.

In [12]], the authors combined active contour and thresh-
olding edge-based approach to identify contour boundaries
while the study in [10] developed statistical models for char-
acterizing subsurface backscatter categorized into strong
layers, weak layers, low returns, and basal returns. In an-
other effort, [[15] developed a high-frequency versus low-
frequency semi-automated discriminator algorithm to iden-
tify peaks in the returned backscatter power. In another
effort,[26] applied distance-regularized level-set function to
detect the surface and the ice bottom to improve earlier
work by [21] and [8]. In another work, [27] took inspira-
tion from Coulomb’s Law of electrostatic force to detect ice
surface and bottom boundaries after performing anisotropic
diffusion to enhance layer edges.

Another stream of efforts approached the problem as a
probabilistic inference problem by developing probabilistic
graphical models to detect layer boundaries. [35] pioneered
the paradigm while [17] employed Markov-Chain Monte
Carlo (MCMC) over the joint distribution of all possible
layer targets in the inference problem. [35] expanded the
scope to include 3D surface and bedrock reconstruction us-
ing Markov random fields (MRF) while [1]] further refined
the approach by incorporating domain knowledge as unary
and binary loss function terms.

[4] introduced machine learning methods by incorporat-

ing Support Vector Machine (SVM) with statistical model-
ing to classify layers, bedrock, and noise. Since then, sev-
eral machine and deep learning models have been designed
and applied to the RELT problem.

[13]] introduced a hybrid wavelet network for ice bound-
ary detection. [36] designed a multi-task network that
avoids the use of meta-data using a combination of recur-
rent neural networks (RNN) and 3D ConvNets to track lay-
ers in 3D radar imagery. In [33], internal layer tracking
was introduced as a semantic segmentation task and deep
neural networks were applied to the problem whereas [2]
applied ASPP module using a ResNet-101 backbone to de-
tect layer and bedrock interface in echograms created from
Antarctica campaigns. Other efforts in [38], [34] applied
multi-scale transfer learning and tiered-segmentation ap-
proaches for internal layer tracking respectively while [28]]
introduced the addition of synthetic data for model training.
In [37], physics-driven and GAN methods were used to cre-
ate simulated data to train a multi-scale network to improve
the accuracy of internal layer tracking. [33] combined the
layer tracking task and ice thickness estimation using fully
convolutional neural networks and extended the approach
in [32] by incorporating physics-defined labels. More re-
cently, [11] combined attention modules with the fusion of
TransUNet and TransFuse modules to segment the combi-
nation of ice layers, bedrock, and noise similar to efforts
in [3]] with the addition of Multiscale convolution module
(MCM) and focal loss for class weight balancing.

The results from various deep learning approaches
demonstrate that end-to-end automatic layer tracking is at-
tainable using deep learning algorithms. However, unlike
the computer vision domain for optical images, which ben-
efits from a plethora of well-defined datasets tailored to spe-
cific problems, there is currently no standardized echogram
layer tracking dataset. To address this critical gap, this work
introduces a standardized radar echogram dataset designed
to facilitate consistent training and evaluation of deep learn-
ing models for snow layer tracking.

3. Snow Radar echogram background

The Snow Radar [24, 30]] is an ultra-wideband system
operating in the 2-8 GHz frequency range, designed to
image the upper layers of recent and shallow snow with
high precision. Utilizing a frequency-modulated continu-
ous wave (FMCW) architecture and a pulse repetition fre-
quency of 2 kHz, the radar achieves a vertical resolution
of approximately 4 cm in snow and an along-track reso-
lution of roughly 15 m. These resolutions are sufficient
to distinguish surface and near-surface features, including
the air-snow interface, interfaces between snow layers of
varying ages, and the snow-ice interface. At each interface,
variations in electromagnetic properties (e.g., dielectric per-
mittivity) reflect a portion of the transmitted signal back to



the radar receiver, creating peaks in the pulse-compressed
range profiles. To convert these raw signals into an inter-
pretable echogram image, a series of signal processing tech-
niques are applied. These include hardware pre-summing,
digital filtering, coherent noise removal, and deconvolution
[181130].

Figure[I]shows a surface flattened echogram image. The
horizontal axis represents the along-track dimension, corre-
sponding to the direction of aircraft flight, where each col-
umn is a ‘rangeline’. The vertical axis represents the fast-
time dimension, where each pixel is a ‘range bin’. Together,
the rangelines (columns) form a 2D echogram image that re-
veals spatial snow accumulation patterns along the surveyed
terrain, while the rows reveal temporal snow accumulation.

The vertical axis is directly related to the depth of each
snow layer which can be inferred from the radar’s two-way
travel time to the layer. The intensity of each pixel in the
echogram is determined by the strength of the radar signal
scattered back from the resolution cell.

3.1. Dataset echogram pre-conditioning

As can be seen from the echogram image, the inherent
characteristics of remotely-sensed data result in visual dis-
tinctions from optical images. Phenomena such as signal
attenuation due to propagation loss, speckle noise, interfer-
ence from non-nadir scatterers, and various system imper-
fections collectively degrade the quality of the echogram. In
severe cases, these effects can obscure the deeper snow lay-
ers, making them challenging to delineate and track, even
for expert human annotators. To mitigate these challenges
and enhance the performance of deep learning algorithms
in tracking snow layers, we apply a series of critical pre-
conditioning steps in the following sequence.

* Surface tracking and flattening: Figure 2[a) shows an
example echogram prior to surface tracking and flat-
tening. In its unprocessed state, the depth at which
the surface (air-snow or air-ice boundary) appears
varies depending on the surface relief and topographi-
cal changes across the surveyed terrain. This variabil-
ity makes it challenging to accurately visualize and an-
alyze the isochronous snow layers over long distances.
To address this, the dataset echograms are transformed
to represent a perfectly flat surface, which is essential
for enhancing the visibility of stratigraphic snow layer
boundaries and facilitating layer tracking algorithms.

Surface tracking involves identifying the surface bin
(range index) in each rangeline of the echogram. This
requires an adaptive detection approach because the
radar backscatter power and surface return signal ex-
hibit variability across rangelines due to differences
in terrain, radar incidence angle, and environmental
conditions. We developed an adaptive surface detec-

tion algorithm based on the Constant False Alarm Rate
(CFAR) principle, augmented with auxiliary data from
Digital Elevation Models (DEMs) derived from radar
altimetry. The CFAR algorithm dynamically adjusts
the detection threshold for each rangeline, accounting
for variations in noise and signal strength. By incor-
porating DEMs, the algorithm further refines surface
tracking by leveraging additional topographical con-
text.

After surface tracking, the surface bins are aligned
across the echogram using a surface bin alignment
algorithm. This step shifts each rangeline’s surface
bin to a consistent index, effectively flattening the
echogram. The result is an image where the surface
appears perfectly flat, significantly improving the in-
terpretability of snow layer boundaries. Surface flat-
tening is a critical pre-processing step that facilitates
subsequent operations, including along-track filtering
and contrast enhancement.

e Detrending and 2D filtering: Due to propagation loss
and media attenuation of the transmitted signal as it
traverses the ice sheet, returns from deeper snow lay-
ers often experience significant signal-to-noise ratio
(SNR) degradation. This can make it challenging to
detect and track these deeper layers, as their weak sig-
nals are buried in noise. To address this, we apply
custom detrending methods to enhance the visibility
of deeper snow layers by compensating for signal at-
tenuation and remove the power loss as a function of
depth trend. This is done by fitting a third-order poly-
nomial to the rangeline’s log-power data to remove the
trend.

The echogram creation process as detailed [30] already
include coherent and incoherent integration to improve
data SNR, however, to further improve the tracking
performance of the deep learning models, additional
mild along-track filtering is applied to the dataset’s
echogram images. The volumetric backscatter from a
snow resolution cell in S-band and C-band frequen-
cies is typically a random process, which introduces
stochastic fluctuations in the signal. When this ran-
domness is pronounced, it leads to diffused pixels
at the boundaries of snow layers, blurring the layer
boundaries and complicating the task of layer detec-
tion. These blurred boundaries hinder the ability of
deep learning algorithms to distinguish between lay-
ers accurately. To mitigate this issue, we apply low-
order moving average filters in both dimensions in the
linear power domain designed to smooth the data and
enhance the contrast between adjacent snow layers, al-
lowing for more precise layer tracking.

* Normalization: Finally, we normalized the pixel val-
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ues in the echograms to the [0,1] range using a sim-
ple linear mapping from backscatter power (in dB) to
echogram pixels to ensure quick deep learning model
optimization convergence.

Figure [2] shows an example echogram before and after
pre-conditioning with improved contrast.

4. The Snow Radar echogram deep learning
dataset

The Snow Radar Echogram Deep Learning dataset
(SRED) was generated from airborne radar data collected
by the Snow Radar over the Greenland Ice Sheet during
the NASA’s Operation Ice Bridge (OIB) campaign in the
spring of 2012. As is common with remotely-sensed data
collection campaigns, a large number of echograms have
been produced from the data but they lacked labels. To
provide the research community with a standardized dataset
for deep learning model training, the SRED dataset was cu-
rated, consisting of a manually labeled set and a weakly-
labeled echograms, the latter created via model inference.
The labeled subset of the dataset includes 11,302 echograms
designated for training, 1,323 for validation, and and 1292
for testing. These echograms cover data collected from 11
flight lines spanning about 30,000 km along the surveyed
area of the Greenland Ice Sheet. This dataset captures a
variety of snow zones allowing the training of models that
can generalize across diverse snow conditions. The SRED
dataset is publicly available for research purposes and
can be accessed at https://gitlab.com/openpolarradar/opr/-
//wikis/Machine-Learning-Guide,
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The number of snow layers in an echogram is not pre-
defined and varies based on the topography and climatic
conditions at the data collection site. These conditions
influence snow accumulation patterns, which are captured
in the echograms. Snow zones are commonly categorized
into three types: dry, transition, and wet zones. Dry snow
zones experience little or no melting, transition zones con-
tain some infiltration of liquid water, and wet zones have
significant melting and higher water content. Water acts as
a specular reflector of radar signals, and its presence can
degrade the quality of echogram images. To construct the
training and validation sets for the SRED dataset, data from
9 out of the 11 flight lines were selected, ensuring represen-
tation of all identified snow zones and accumulation pat-
terns across Greenland. For testing, one flight line from
the dry-snow zone near Greenland’s summit and another
spanning all three snow zones were used. This approach
allows for an assessment of model performance across di-
verse snow conditions and provides insights into their gen-
eralizability.

Additionally, the flight lines in the SRED dataset are in
close proximity to or coincide with existing drilled ice cores
and shallow pits, providing an opportunity for further re-
search on how deep learning algorithms can synchronize
radar echogram data with climate data. This may offer valu-
able insights for improving ice core measurements, particu-
larly in terms of ice-age-depth relationships.

Figure 3]is a plot of the dataset flight lines over Green-
land and some of the ice cores and shallow pits drilled in
Greenland.
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Figure 3. Map of Greenland showing the geolocation of flight lines
used for dataset echograms and neighboring ice cores. Blue lines
indicate the training data flight lines, while red, green, and yellow
lines represent the L1, L2, and L3 test sites, respectively while
black squares represent ice cores and shallow pits.

4.1. Dataset echogram resolution

To investigate how the tracking performance of differ-
ent deep learning models varies in response to the along-
track distance covered by an echogram image, we em-
ployed a “multi-distance-multi-looking” strategy. This cre-
ates echograms images with consistent width and height but
spanning different physical along-track distances. The use
of different flight line distances to create echogram images
for training deep learning models has the advantage of sim-
ulating different spatial accumulation patterns seen by the
models. This achieves the dual benefit of increasing the di-
versity in the training data while also increasing the gener-
alizability and robustness of the trained models to “unseen”
spatial accumulation distribution when used for inference
on echograms produced from future surveys.

For this work, we create echogram images that span
distances of 2km, 5km, 10km, 20km, and 50km. To en-
sure uniformity of the dimensions of each training sample,
we applied linear interpolation in the along-track axis to
create fixed echogram image sizes of 1664 rangebins and
256 rangelines. This dimension uniformity standardizes the
echogram inputs to help in the true assessment of the perfor-
mance of different deep learning models on the dataset. The
associated distance of each echogram block is appended to
its filename for easy identification.

Train Validation Test
2km 6577 689 911
5km 2776 359 366
10km | 1299 208 15

Table 1. Distribution of echograms based on along-track distances
in train, validation, and test sets

4.2. Test set split based on snow zones

The test set is carefully divided into 3 groups: L1, L2,
and L3 which partly represent different snow accumulation
patterns that exist in most polar ice sheets. The L1 test set
is from the dry snow zone with well-preserved annual ac-
cumulation stratigraphy. L3, on the other hand, is close to
the coast and contains echograms from the wet snow zone
where layer stratigraphy might have been eroded due to
melting while the L2 test echograms capture the transition
between both zones. The quality of the echograms produced
(i.e visual appearance and ability to see each snow layer
clearly) varies appreciably depending on whether the data
is from the dry or wet snow zone. The L1 section of the test
data has the best image quality compared to the echograms
in L2 and L3 sections. This is because the radar backscat-
ter from L2 and L3 zones is diffused and scattered away
from the radar receiver due to the presence of melted snow
water which appears as a smooth surface that reflects the
electromagnetic wave away from the radar. This split of the
test data is done to further investigate how deep learning
models perform depending on input echograms of varying
echogram quality from different snow zones.

| L1 L2 L3
2km | 81 752 78
Skm | 32 297 38
10km | 15 - -

Table 2. Distribution of echograms in the test set based on snow
zones and echogram image quality

4.3. Radar Echogram internal layer tracking prob-
lem definition

The Snow Radar echogram images capture the top firn
layers of the surveyed location and the goal is to develop
custom deep-learning algorithms that can detect and track
the snow layers uniquely over long distances so as to esti-
mate the annual accumulation rate.

Formally, given an input 2D grayscale echogram image
E € {RV*Ne © 0 < E(m,n) < 1} where E repre-
sents the two-dimensional spatial distribution of firn layer
backscatter in the along-track (or azimuth) direction and in
the rangebin (or depth) axis. NN, is the number of range
bins (similar to image height) while NV, is the number of



range lines (similar to image width) of the echogram im-
age. A deep learning model is to identify which of the
2 D echogram matrix, E, pixels contain a snow layer and
track (at most) NV, consecutive columns for each layer in the
along-track axis. The output of the algorithm for L unique
layers in the test echogram would then be O € {RN+*Ne 1,

In the context of supervised deep learning, this problem
can be cast into 2 paradigms: (I) Binary image segmenta-
tion and (I) Deep-tiered multi-layer segmentation. In both
cases, an equal-sized corresponding ground truth annotation
G € {RVN+*N=1 j5 provided as a supervisory signal to train
the models to correctly identify snow accumulation layer
pixels.

Binary map Segmentation map

|

Figure 4. (a) Echogram image (b) Binary segmentation map (c)
Multi-class segmentation map

1. Binary segmentation: In this paradigm, the model is
trained to classify each pixel in the image as either
containing a layer (1) or not (0) using the associated
ground truth binary matrix annotation of similar di-
mension with G, € RN*Ne  Gy(m,n) = {0,1}.
While there can be a variety of inner architecture of
the model, the output layer of the binary segmenta-
tion neural network generally has a sigmoid activation
function that is thresholded to produce binary outputs.
However, this binary output needs to be post-processed
to extract each annual layer’s 1 D contour in order to
estimate the annual accumulation.

2. Deep-tiered multi-layer segmentation: Given that each
layer in the echogram image corresponds to a seasonal
snow accumulation (assumed to be annual), the multi-
layer segmentation seeks to uniquely identify the pix-
els attributed to each year’s deposition in the input

echogram. The most recent accumulation prior to the
radar measurement is seen as the first layer while older
years are the deeper layers sequentially arranged in
chronological order (see Figure ).

To train a model to uniquely identify pixels associated
with each year’s accumulation and delineate adjacent
accumulation boundaries, the ground truth annotation
is coded to uniquely identify each year’s stratigraphy.
Concretely, ground truth annotation G4 € {RN¢*Ne
Ga(m,n) € {0,1,2,..., Lna}} where each pixel is
assigned a tiered label L based on its associated year
of deposition. L = 0 typifies the signal-in-air portion
before the transmit signal interacts with the surface,
L = 1 represents the first year’s accumulation, L = 2
represents the second year’s accumulation, while L =
L4, corresponds to the deepest accumulation layer
in the input echogram image.

This approach is similar to multi-class image segmen-
tation of optical images with the unique difference that
in deep-tiered multi-layer segmentation, the accumu-
lation layers are naturally ordered based on the year of
the snowfall and a layer only shares horizontal bound-
aries with adjacent classes (accumulation layers of the
year before and after). This approach to the radar
echogram layer tracking problem has the advantage
of directly estimating each year’s annual accumulation
rangebins since it uniquely identifies each layer pixel
in the along-track axis and delineates its boundaries
with adjacent accumulation layers. However, this re-
quires a larger model which comes at the cost of in-
creased parameterization of the model and the inherent
need for more training data and compute resources.

In this work, we report the binary image segmentation
benchmark because of its relative simplicity, fewer numbers
of trainable parameters, and most importantly its ability to
detect as many snow layers in an echogram without the need
for hard-coding this in the model architecture as in the case
of multiclass segmentation models. The goal is to deploy
these models in an active learning framework to increase
available echograms with correct layer tracking that can be
subsequently added to create the desired large dataset.

5. Experiments
5.1. Baseline models

We applied four well-known deep learning models; Fully
Convolutional Networks (FCN) [19], UNet [31], Attention-
UNet [23]], DeepLabv3+ [S] and an additional soft ensem-
ble of the outputs of each of the models. The models were
trained in a fully-supervised mode for binary image seg-
mentation task (i.e. to predict if a pixel in the echogram
image contains a layer or not).



Network L1 L2 L3

ODS | OIS ODS | OIS ODS | OIS
UNet 0.916 | 0917 || 0.789 | 0.790 || 0.214 | 0.214
AttentionUNet | 0.971 | 0.972 || 0.908 | 0.909 || 0.218 | 0.218
DeepLabv3+ 0.959 | 0.960 || 0.880 | 0.881 || 0.159 | 0.159
FCN 0.957 | 0.958 || 0.913 | 0914 || 0.187 | 0.187
Soft Ensemble | 0.962 | 0.963 || 0.885 | 0.886 || 0.167 | 0.167

Table 3. Optimal Dataset Scale (ODS) and Optimal Image Scale (OIS) for each model for the different snow zones in the test set.

FCN, UNet, and AttentionUNet share very similar ar-
chitecture particularly the encoder-decoder structure with
repeated spatial pooling in the encoder followed by cor-
responding upsampling in the decoder. Importantly, UNet
model employs the use of skip connections between the en-
coder and decoder layers of similar image resolution. Atten-
tionUNet applies a gating mechanism to adaptively weigh
the skip connections while FCN architecture avoids the use
of skip-connections altogether. DeepLabv3+ combines spa-
tial pyramid pooling with the encoder-decoder architecture
effectively reducing the number of short-cut connections
needed between the encoder and the decoder.

5.2. Experimental setup

For training, we used the standard architectures of the
deep learning models with slight modifications for compat-
ibility with radar echograms. The FCN, UNet, and Atten-
tionUNet all have four convolution blocks in the encoder
and decoder. Each convolution block consists of sand-
wiched convolution, batch normalization, dropout, activa-
tion, and downsampling (in the encoder) or upsampling (in
the decoder). Our DeepLabv3+ implementation uses dila-
tion rates of 6,12, and 18 in the spatial pyramid pool and
the ResNet50 architecture as the backbone with the weights
trained from scratch.

All the models were trained with the binary focal loss
with @ = 0.25 and S = 2 to mitigate the inherent binary
class imbalance.

6. Evaluation and Benchmarking

The performance of the deep learning models on each
section of the test set is evaluated in two stages. In the first
stage, the model’s direct outputs are evaluated after thresh-
olding and binarizing the network’s softmaxed outputs. In
the second stage, uniform post-processing to uniquely iden-
tify each snow layer contour in the echogram is applied,
and the model’s ability to accurately track the snow layers
is further evaluated and quantified.

6.1. Model binary output evaluation

The immediate outputs of the networks are first thresh-
olded using a simple non-maximum suppressing algorithm

to create binary results as shown in Figure[5] To evaluate the
performance of the models to correctly classify layer pixels
in the echogram, we Optimal Dataset Scale (ODS) and Op-
timal Image Scale (OIS) F-scores as our evaluation metrics.
Both metrics are similar but operate over the dataset in two
distinct ways. ODS F-score computes the best threshold
that yields the optimum F-score over the entire dataset while
OIS does this for each individual image and then computes
the average of the optimal F-scores for the entire dataset.

(i) c) [t} il (1}

Figure 5. Echogram image and model binary outputs (b) Ground
truth annotation (c) UNet (d) AttentionUNet (e) DeepLab (f) FCN
(g) Soft Ensemble
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6.2. Model tracking evaluation

The primary objective of the models is to track and esti-
mate annual snow accumulation. To achieve this, the binary
raster output of the models (a matrix of 0’s and 1’s with di-
mensions N; x Nz) must be post-processed to create layer
contour matrix (N7, x N,;) that uniquely identifies and tracks
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Figure 6. Echogram image and vectorized model outputs (b)
Ground truth annotation (c) UNet (d) AttentionUNet (e) DeepLab
(f) FCN (g) Soft Ensemble

each annual snow layer in the echogram. This is accom-
plished through a post-processing routine that extracts the
row indices (range bin) of all pixels classified as part of a
layer (i.e., a value of 1 in the model’s binary output) and
clusters them into distinct Ny, layers.

The clustering process leverages the physical property
that snow layers do not intersect due to the continuous ac-
cumulation of snow between layers. First, the row indices
of all layer-containing pixels are extracted. Then, the algo-
rithm groups these indices into distinct annual layers, en-
suring that each Ny, layer is uniquely identified. The out-
put is a layer vector (Ny x N.) for the entire echogram,
encoding each snow layer as a single vector. This format
closely matches the ground truth layer vectors and enables
accumulation rate estimation by calculating the vertical ac-
cumulation gap between each tracked snow layer and the
next.

Finally, the performance of each model’s layer tracking
is evaluated by comparing the model output vector with the
corresponding layer vector ground truth.

The metrics reported in Section[6.T]above primarily mea-
sures of how well the models classify the echogram pixels
into “layer” or “no-layer” categories. However, these met-
rics provide limited insight into the models’ ability to track
layers in along-track and, more importantly, to solve the un-
derlying problem of estimating the annual snow accumula-
tion rate. To address this limitation, we introduce and apply

N-pixel accuracy metrics and compute the Mean Absolute
Error (MAE) to better evaluate model performance in terms
of layer tracking and accumulation rate estimation.

The N-pixel accuracy is a simple metric that calculates
the percentage of the predicted layer vectors that exactly
match or fall within an N-pixel range of the corresponding
ground truth label. It evaluates the proportion of the model’s
prediction error that is lesser than or equal to a specified
N threshold. This metric is particularly relevant because,
although the snow layers in echogram images are typically
more than one pixel thick, the ground truth labeling process
assigns only a single pixel to represent each layer. As such,
it gives better evaluation of how well the algorithms track
the layers beyond the limitation of the imperfection of the
ground truth labels.

echo Np N

N _pixel_accuracy = N NN, NL N, Z Z Z |Yn lLj—
echo n=1 [=1 j=1
X Y1 = Yol (1)

Necho N Ny

MAE = NechoNLN Z ZZ

n=1 =1 j=1

n 17] 'I’L l,] (2)

In Equation 1} I{.} is the indicator function that evalu-
ates to one if {.} is true and zero otherwise.

Y715 1s the labeled ground truth for rangeline (column) j
of layer [ in echogram n of the entire N, test echograms.
ffn,l, ; s the corresponding model’s prediction.

Using the accumulation rate-related metrics N-pixel ac-
curacies in Equation [T, we report the N-pixel tracking
performance of the models in the L1, L2, and L3 test
echograms. For this evaluation, we consider thresholds of
N = 2,5,and 10, providing a flexible measure of the mod-
els’ layer tracking accuracy under varying tolerances.

We also evaluate the mean absolute error (MAE), as
defined in Equation [2| for each along-track distance in
the L1, L2, and L3 test sections. This analysis provides
deeper insights into model performance by examining how
accurately each model tracks snow layers across varying
echogram qualities and spatial extents.

By considering both the N-pixel accuracies and the
MAE, we present a comprehensive assessment of each
model’s robustness and generalizability under diverse test
conditions, highlighting their strengths and potential areas
for improvement.

To relate the pixel margins and MAE estimates back
to the snow layer accumulation tracking estimation phys-
ical problem, the layer thickness errors is converted back
to meters using the Snow Radar’s fast-time sampling rate
Ay = 0.0852 ns. Assuming a dielectric of ¢, = 2 which

n,l,j| < N)



L1 L2 L3
Model 2px 5px | 10px | MAE 2px 5px | 10px | MAE 2px S5px | 10px | MAE
UNet 0.141 | 0.719 | 0.973 | 4.222 || 0.108 | 0.53 | 0.831 | 6.872 || 0.001 | 0.077 | 0.225 | 70.988
AttentionUNet | 0.269 | 0.806 | 0.986 | 3.466 || 0.110 | 0.719 | 0.939 | 4.970 || 0.001 | 0.050 | 0.174 | 69.266
DeepLabv3+ 0.124 | 0.761 | 0.987 | 3.956 || 0.175 | 0.637 | 0.916 | 5.118 || 0.001 | 0.022 | 0.175 | 41.661
FCN 0.095 | 0.788 | 0.979 | 3.982 || 0.325 | 0.805 | 0.963 | 3.742 || 0.001 | 0.084 | 0.278 | 47.084
Soft Ensemble | 0.141 | 0.768 | 0.988 | 3.873 || 0.184 | 0.653 | 0.920 | 5.010 || 0.001 | 0.044 | 0.183 | 42.672

Table 4. N-pixel accuracy and MAE for each model for L1, L2, and L3 test sets.

is in between the fresh fallen snow (¢, =~ 1.5) and solid
ice (¢, =~ 3.15), the fast-time or row-pixel height is com-
puted:

CAt

2./

Consequently, the UNet L2 mean absolute error (MAE)
of 6.872 corresponds to 62 cm while FCN’s MAE of 3.742
equates to 33 cm accumulation tracking error.

A, = = 0.0l m. 3)

7. Conclusion and Future work

This paper introduces the Snow Radar Echogram Deep
Learning (SRED) dataset, the first comprehensive, publicly
available radar echogram dataset tailored for deep learn-
ing applications in snow layer tracking. By addressing
the lack of standardized and well-annotated radar echogram
datasets, the SRED dataset bridges a critical gap, enabling
the evaluation and benchmarking of state-of-the-art deep
learning algorithms for internal layer tracking. The dataset
spans diverse snow zones and includes multiple along-track
resolutions, offering a valuable resource for advancing re-
search in radar echogram analysis.

We evaluated the performance of five prominent deep
learning models, highlighting their strengths and limitations
under varying snow zone conditions and echogram quali-
ties. Metrics such as N-pixel accuracy and Mean Abso-
lute Error (MAE) were used to quantitatively assess the
models’ ability to track snow layers and estimate annual
accumulation rates. The findings demonstrated that while
models such as AttentionUNet and DeepLabv3+ excelled
in well-preserved dry snow zones, their performance di-
minished significantly in wet snow regions due to degraded
layer stratigraphy. These results underscore the need for im-
proved architectures and methods capable of handling chal-
lenging echogram conditions.

Future work will focus on several key areas to extend the
impact of this work. This includes developing advanced
end-to-end deep learning architectures to improve layer
tracking in low-quality echograms, particularly wet snow
zones and also minimize the need for post-processing by
directly estimating snow accumulation from echogram im-
ages. We intend to use this in the active learning paradigm

to include additional flight lines and polar regions, such
as Antarctica, to improve model generalizability across di-
verse geographic and climatic conditions.
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