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ABSTRACT Satellite radar altimetry is essential for monitoring the mass balance of polar ice sheets and
their contribution to sea-level rise. However, over the dry-snow facies of Greenland and Antarctica, Ku-
band pulses penetrate the firn, undergo volume scattering, and create time-dependent elevation biases.
Traditional physical-model and threshold retrackers only partially compensate for this effect and usually
require empirical post-processing based on waveform parameters such as backscatter and leading-edge
width (LEW). Recently, deep-learning (DL) retrackers—especially convolutional neural networks (CNNs)
trained on large ensembles of simulated waveforms—have achieved state-of-the-art accuracy by mapping
echoes directly to surface range, yet they provide limited intrinsic interpretability and only indirect physical
insight. This study presents XTR, an explainable Transformer-based retracker for CryoSat-2 low-resolution
mode (LRM) waveforms. XTR couples a lightweight convolutional stem with multi-head self-attention
to capture both local leading-edge structure and long-range waveform context, and uses mild waveform
augmentation during training to improve robustness. We evaluate XTR using simulated waveforms and
CryoSat-2 LRM crossover statistics over interior East Antarctica from 2020 to 2025 under a common
retracker-only processing framework. On simulated data, XTR reduces the mean squared error (MSE)
by approximately 35% relative to the classical threshold first-maximum retracker algorithm (TFMRA),
although its error remains higher than that of the augmentation-matched AWI-ICENet1 CNN baseline.
On real CryoSat-2 data, XTR lowers the crossover standard deviation by approximately 40% relative to
AWI-ICENet1, while maintaining modest, region-dependent median offsets. Explainability analyses based
on self-attention, SmoothGrad saliency, Integrated Gradients, and occlusion-based sensitivity tests indicate
that XTR anchors its range estimate near the surface-dominated leading edge while using trailing-waveform
structure as contextual information. Overall, our findings suggest that attention-based retrackers complement
CNN-based schemes by offering competitive accuracy, intrinsic interpretability, and improved crossover
stability in this retracker-only evaluation.

INDEX TERMS CryoSat-2, radar altimetry, transformers, self-attention, retracking, explainable AI (XAI).

I. INTRODUCTION
Satellite radar altimetry has transformed our ability to
monitor the mass balance of the Greenland and Antarctic ice
sheets over the past three decades [1], [2], [3], [4]. By pro-
viding spatially extensive and temporally repeated measure-
ments of surface-elevation change (SEC), satellite altimetry
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complements gravimetry and input–output mass-balance
estimates and has become a key component of sea-level
assessments and climate studies. The European Space
Agency’s (ESA) CryoSat-2 mission, launched in 2010,
was designed for ice-sheet monitoring through a Ku-band
radar altimeter (SIRAL) that operates in synthetic-aperture
interferometric mode over ice margins and in pulse-limited
low-resolution mode (LRM) over the interior. CryoSat-2
has since become a key mission for monitoring polar
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elevation change and ice-sheet mass imbalance [5], [6].
Over the dry-snow facies of the East Antarctic Plateau and
high-elevation Greenland, however, the interaction between
Ku-band pulses and the firn column remains a major
source of uncertainty [7], [8]. Unlike laser altimeters, which
sense the physical snow surface, Ku-band echoes include
significant volume scattering; the effective scattering horizon
can lie centimeters to meters below the surface, generating
penetration-induced range biases. Seasonal and interannual
variations in accumulation, temperature, and microstructure
modulate this depth and can lead to elevation errors
exceeding tens of centimeters [9]. These penetration effects
complicate the interpretation of long-term SEC, especially
during anomalous events such as the 2012 Greenland melt
season [10], [11].

A. LIMITATIONS OF TRADITIONAL RETRACKERS
Retrieving surface range from the distorted radarwaveform—
a process known as retracking—is therefore a central
problem in ice-sheet altimetry. Traditional retrackers can be
broadly categorized into physical-model fits and empirical
threshold approaches. Physical retrackers, such as ICE-2 and
related model-based schemes, fit analytical or semi-empirical
echo models, often based on or inspired by Brown-type
formulations, to retrieve parameters such as surface range,
backscatter, leading-edge width (LEW), and trailing-edge
slope [9], [12], [13], [14], [15]. Threshold-type retrackers,
such as the threshold first-maximum retracker algorithm
(TFMRA) or offset center-of-gravity (OCOG) schemes,
instead identify a characteristic threshold crossing on the
leading edge relative to the waveform peak or use a thresh-
olded center-of-gravity. These methods offer robustness and
computational efficiency, but at the expense of limited
physical realism in strongly penetrating firn conditions.

Over ice sheets, both classes of methods face well-known
limitations. First, the assumed functional forms often cannot
fully represent the combined surface and volume response
of the firn, especially in regions with complex stratigraphy
or mixed scattering regimes. Second, the retrieved elevations
exhibit spurious temporal variability associated with changes
in snowpack properties rather than true surface motion. For
this reason, altimetric time series are typically subjected to
extensive empirical post-processing, in which correlations
between elevation residuals andwaveform parameters such as
backscatter (σ 0) or leading-edge width (LEW) are exploited
to construct penetration corrections [10], [16], [17], [18].
Although successful in many applications, these corrections
implicitly assume a stationary relationship between wave-
form shape and penetration depth andmay break down during
extreme or rapidly evolving events [10].

B. DEEP LEARNING RETRACKERS AND THE
INTERPRETABILITY CHALLENGE
Deep learning (DL) provides an alternative paradigm in
which themapping fromwaveform to surface range is learned
directly from data, without prescribing a particular functional

form. In the context of ice-sheet altimetry, Helm et al.
introduced the AWI-ICENet1 retracker, a deep convolutional
neural network (CNN) trained on a large ensemble of
simulated waveforms spanning a wide range of surface
slopes, topographic settings, and attenuation conditions [19].
By optimizing the network to predict the true surface range
in the forward model, they reported that AWI-ICENet1
implicitly corrects penetration-related biases, reduces the
need for explicit LEW/backscatter-based post-processing,
and performs strongly on both simulated and real data.

Optimizing a deep CNN on large ensembles of simulated
waveforms, however, does not automatically guarantee
uniformly optimal behavior across all real-data regimes. The
forward model can only approximate the true measurement
physics, and several sources of variability—for example
residual timing jitter, non-Gaussian noise, or sub-footprint
roughness—are difficult to capture perfectly. In our exper-
iments we therefore treat AWI-ICENet1 as a reproducible
baseline: we re-implement the published architecture and
training setup and train it once on the publicly released
simulation dataset [20]. As we show later using CryoSat-2
crossovers over interior regions such as Vostok and Queen
Maud Land, this re-trained AWI-ICENet1 instance still
exhibits substantial scatter in crossover height differences
within our evaluation framework, and it remains unclear
which waveform regions most strongly drive the CNN’s
range estimates. Despite these successes, the use of deep
CNNs raises important questions about interpretability and
trustworthiness in geoscientific applications. In particular,
it is difficult to determine which parts of the waveform
(e.g., the first samples on the leading edge versus the trailing
volume-scattering tail) are most influential for the predicted
range, or whether the network exploits artifacts specific to
the simulation setup. Such limited intrinsic interpretability is
increasingly viewed as problematic in high-stakes Earth sys-
tem science, where scientific insight and robust extrapolation
are as important as predictive performance [21], [22]. At the
same time, convolutional models can also be analyzed with
post-hoc attributionmethods such as IntegratedGradients and
Grad-CAM; however, these methods remain external expla-
nation tools rather than intrinsic sequence-wise weighting
mechanisms [23], [24]. Furthermore, standard CNNs rely on
local convolutional receptive fields and pooling operations;
although deeper layers expand the effective receptive field,
they do not provide an explicit, physically interpretable
weighting over the waveform, which makes it challenging
to model long-range dependencies between distant waveform
regions in a transparent and principled way.

C. TOWARDS EXPLAINABLE TRANSFORMER-BASED
RETRACKING
Recent advances in sequence modeling have shown that
Transformer architectures with self-attention can capture
long-range dependencies in a data-driven manner [25].
In contrast to CNNs, which rely on local receptive fields
and pooling operations, self-attention enables each position
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in a sequence to directly attend to all others, assigning
data-dependent, learnable weights. This makes Transformers
particularly attractive for radar altimetry waveforms, where
local features such as the sharp rise of the leading edge coexist
with broader structures associated with volume scattering.
In this study, ‘‘local’’ refers to short-range waveform
structure over neighboring bins around the onset and rise of
the leading edge, where the echo shape is most sensitive to
noise, speckle, and small alignment perturbations. In XTR,
this information is first captured by the stacked convolutional
stem. Since the stem consists of six Conv1D layers (kernel
size 3, stride 1), its effective receptive field is approximately
13 bins (about 6.1 m). By contrast, ‘‘long-range’’ refers to
dependencies between waveform regions separated by tens
of bins, such as the relationship between the near-surface
onset and the delayed trailing-waveform structure associated
with volume scattering. These longer-range dependencies are
modeled by self-attention, which has access to the full 128-
bin waveform span (approximately 60 m).

In this paper, we introduce XTR, an explainable deep-
learning retracker for CryoSat-2 LRM waveforms. Our main
contributions are as follows:

• We propose XTR, a lightweight CNN-stem-plus-Trans-
former retracker for penetration-affected CryoSat-2
LRMwaveforms that jointly captures local leading-edge
structure and long-range waveform context.

• We develop an explainable AI (XAI) framework for
radar altimetry retracking by combining gradient-based
saliency, attention-based diagnostics, and occlusion-
based sensitivity tests to relate retracking decisions to
physically meaningful waveform regions.

• We provide a controlled comparison against classical
and deep-learning retrackers on both simulated wave-
forms and real CryoSat-2 crossover data, showing that
waveform-level regression accuracy and crossover con-
sistency capture different aspects of retracker behavior.

• We perform ablation and augmentation-control exper-
iments, including an augmentation-matched AWI-
ICENet1 baseline, an XTR model trained without
augmentation, and CNN-only and Transformer-only
variants, to clarify the roles of augmentation and
architectural design in the observed performance.

Unlike prior Transformer-based retrackers—such as
TransR, which was developed for Sentinel-3 SRAL inland-
water echoes [26]—XTR targets penetration-affected
CryoSat-2 LRM waveforms and is evaluated in a
retracker-only framework using a common correction set.
To the best of our knowledge, this is among the first
studies to develop a Transformer-based retracker specifically
for CryoSat-2 LRM ice-sheet waveforms and to couple it
with a joint gradient-, attention-, and perturbation-based
explainability framework linked to crossover statistics
over interior Antarctica. Beyond CryoSat-2, the same
framework is transferable to future altimetry missions and
to other acquisition modes where waveform distortions
and penetration effects challenge traditional retrackers.

We emphasize that our real-data evaluation compares the
retrackers under the same geophysical corrections, quality
filters, and height definition, so that the reported differences
primarily reflect the retracked range estimate itself rather than
downstream processing choices.

II. RELATED WORK
A. CLASSICAL RADAR ALTIMETRY RETRACKERS
Early radar altimetry processing relied on parametric wave-
form models and empirical criteria to estimate surface
range from the received echo. Martin et al. [14] pro-
vided an early analysis of continental ice-sheet waveforms
using Brown-type models to derive range and geophysical
parameters. Building on this foundation, the ICE-2 retrack-
ing algorithm adapted Brown-type modeling concepts to
inland-ice waveforms and was adopted in processing chains
for missions such as Envisat and CryoSat [9], [15]. In parallel,
TFMRA and OCOG schemes were developed as robust
and computationally efficient alternatives to model fitting.
Over the dry-snow facies, the common assumption of a
single dominant surface return is often violated, because
Ku-band signals can penetrate into the firn and produce
substantial volume scattering [7], [8]. The resulting mixture
of surface and subsurface contributions introduces elevation
biases that vary with accumulation rate, temperature, and
snow microstructure [9]. As a consequence, multi-year time
series derived from TFMRA, OCOG, or related schemes
often require empirical post-processing based on correlations
between elevation residuals andwaveform parameters such as
backscatter (σ 0) and leading-edge width (LEW) [10], [16],
[17], [18]. While effective in many cases, these corrections
typically assume a stable relationship between waveform
shape and penetration depth and may degrade during anoma-
lous or rapidly evolving conditions [10]. Even after such
tuning, crossover statistics over low-accumulation interior
basins can still exhibit substantial residual scatter, suggesting
that classical approaches do not always fully separate tran-
sient penetration effects from true surface-elevation change.
Reviews of Antarctic radar altimetry similarly emphasize that
waveform shape, surface slope, penetration, and scattering
regime jointly control the reliability of elevation retrievals
over ice sheets [27].

B. DEEP LEARNING FOR ALTIMETRY WAVEFORMS
Motivated by the limitations of fixed-form retrackers,
several studies have explored neural networks for wave-
form classification and retracking. Mattes [28] demon-
strated that feed-forward and convolutional networks can
learn to distinguish waveform classes and infer retracking
offsets using simulated and real altimetry data. Memarian
Sorkhabi et al. [29] combined wavelet decomposition with
a CNN to retrack inland-water waveforms and reconstruct
lake levels over Lake Urmia, showing that data-drivenmodels
can outperform classical threshold approaches in challenging
regimes.
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Transformer-based architectures have also been introduced
for waveform retracking. Tao et al. proposed TransR,
a Transformer-based retracking network for Sentinel-3 SRAL
lake-level monitoring and constructed a dedicated dataset for
training and validation [26].More generally, recent retracking
reviews show that waveform retracker design remains
strongly application-dependent across altimetry domains,
which supports the need for domain-specific architectures
rather than assuming that one retracking formulation transfers
unchanged across inland-water, coastal, and ice-sheet wave-
form regimes [30]. Although Transformer-based retrackers
such as TransR demonstrate the promise of attention
mechanisms for waveform analysis, the present work
addresses a substantially different problem setting. TransR
was developed for Sentinel-3 SRAL lake-level retracking,
whereas XTR targets CryoSat-2 LRM waveforms over ice
sheets, where firn penetration and volume scattering strongly
distort the trailing part of the waveform. In particular,
unlike inland-water retracking settings, the present prob-
lem is dominated by penetration-induced distortion of the
trailing part of the waveform over dry-snow firn. This
motivates the use of a surface-focused attention analy-
sis and an attenuation-stratified explainability evaluation.
In other domains such as coastal altimetry, hybrid schemes
that integrate machine-learning components into optimized
waveform models have been shown to improve sea-surface-
height retrieval under complex conditions [31]. These studies
highlight the potential of sequence models to represent
long-range waveform structure beyond what is readily
captured by conventional model fits. More broadly, the
success of Transformer-style architectures in vision and
sequence modeling has motivated their adoption in remote
sensing and geoscientific applications where long-range
contextual information is important [32], [33]. Recent
attention-based studies further illustrate their growing role
in Earth-observation problems, including multimodal Earth
observation [34], spatio-temporal prediction [35], and geo-
graphic representation learning under distribution shifts [36].

In the context of ice-sheet altimetry, Helm et al. introduced
AWI-ICENet1, a deep CNN retracker trained on a large
ensemble of simulated waveforms spanning a broad range of
slopes, topography, and bulk attenuation regimes [19], [20].
Their results suggest that AWI-ICENet1 learns to discount
delayed volume-scattering contributions and can reduce
penetration-related artifacts in CryoSat-2 elevation time
series. At the same time, model optimization on simulated
ensembles does not automatically guarantee uniformly opti-
mal behavior across all real-data regimes, and convolutional
architectures provide limited interpretability regarding which
waveform regions drive the predicted range.

C. EXPLAINABLE AI IN REMOTE SENSING
AND GEOSCIENCES
The increasing use of deep learning in Earth observation
and geosciences has motivated a growing interest in explain-
able AI (XAI). Recent reviews discuss methodological,

operational, and domain-specific challenges for explaining
remote-sensing models [37], [38], [39], [40], [41]. Reich-
stein et al. [21] argued that combiningDLwith process under-
standing is essential for trustworthy Earth system science, and
Samek et al. [22] reviewed gradient-based and perturbation-
based explanation techniques. Attention-based sequence
models are particularly attractive for interpretability because
they provide explicit, learnable weights over input positions,
although these weights should be interpreted as diagnostic
indicators rather than complete causal explanations [22], [25].
Gradient-based saliency methods such as SmoothGrad can
further highlight which parts of the input most strongly
influence the model output [22], [42]. However, explainabil-
ity analyses that explicitly connect attention and saliency
diagnostics to retracking behavior and crossover performance
in radar altimetry remain limited. Existing DL retrackers
for ice sheets, such as AWI-ICENet1, rely on convolutional
architectures without explicit attention mechanisms [19], and
most evaluations emphasize waveform-level errors and large-
scale elevation-change products rather than interpretable
retracker behavior in strongly penetrating interior basins.
This motivates the present study: we adapt a Transformer
encoder architecture [25] to CryoSat-2 LRM waveforms
and exploit its self-attention, together with gradient-based
saliency and occlusion-based sensitivity tests, to derive
physically consistent explanations of retracking decisions and
relate these diagnostics to crossover statistics over interior
Antarctica.

III. METHODOLOGY
A. SIMULATED TRAINING DATASET AND PREPROCESSING
To enable a controlled comparison with a state-of-the-art
retracker, we use the simulated waveform dataset released for
AWI-ICENet1 [19], [20]. The dataset contains approximately
3.8 × 106 simulated waveforms generated using a refined
Brown-type radar altimeter forward model with an additional
depth-dependent attenuation term to represent firn volume
scattering. Simulations were produced at 1000 randomly
selected Antarctic locations using local topography from the
REMA digital elevation model (DEM) [20], spanning nearly
flat to moderately sloping surfaces and a broad range of
attenuation conditions parameterized by LA, with thermal
and speckle noise consistent with the CryoSat-2 SIRAL
instrument. Each sample consists of a 128-bin waveform
x and a scalar label y representing the reference surface
range bin. Before being fed to the network, each waveform
is peak-normalized:

x̂ =
x

max(x)
. (1)

This preserves the relative waveform shape while remov-
ing absolute amplitude scaling. We randomly split the
full dataset into training, validation, and test subsets with
proportions 68%, 12%, and 20%, respectively. This same split
is used for XTR, AWI-ICENet1, and all ablation variants to
ensure a controlled comparison. Prediction errors are initially
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computed in units of range bins and converted to meters using
the CryoSat-2 LRM bin spacing 1r = 0.46875m.

RMSEm = 1r RMSEbin, MSEm2 = 1r2MSEbin. (2)

1) WAVEFORM AUGMENTATION
During training, we apply mild, physically plausible augmen-
tations to improve robustness to noise, small misalignments,
and residual simulation–reality mismatch. Augmentations
are applied on-the-fly to peak-normalized waveforms with
probability paug = 0.95. We apply (i) multiplicative
amplitude jitter drawn uniformly from±8% to emulate small
gain/backscatter variations; (ii) additive Gaussian noise with
standard deviation 0.015 (in normalized amplitude units);
(iii) a circular shift of up to ±2 bins to emulate residual
timing jitter; and (iv) with probability 0.35, a short three-
bin smoothing kernel implemented as a depthwise 1-D
convolution to emulate mild low-pass broadening. After
augmentation, amplitudes are clipped to [0, 1.2] to avoid
unphysical excursions. These augmentations are conserva-
tive by design: they preserve leading-edge structure while
exposing the model to plausible perturbations. The same
augmentation policy is used for XTR, the AWI-ICENet1
baseline, and the ablation variants.

2) LOCAL FEATURE ENCODING (CNN STEM)
Radar altimetry waveforms exhibit strong local structure
around the onset of the leading edge, which can be
corrupted by speckle, thermal noise, and small alignment
errors. As defined in Sect. I-C, XTR combines local
leading-edge structure with long-range waveform context.
To robustly capture local patterns prior to global sequence
modeling, XTR applies a lightweight convolutional stem.
The input sequence of length T = 128 is processed by
six one-dimensional convolutional layers with filter sizes
(64, 64, 96, 96, 128, 128), kernel size k = 3, unit stride, and
same padding. Each layer is followed by batch normalization,
a ReLU activation, and dropout with rate 0.05. The resulting
feature sequence is mapped to the Transformer dimension
dmodel via a point-wise linear projection and passed to the
self-attention encoder.

B. XTR ARCHITECTURE: A TRANSFORMER-BASED
RETRACKER WITH LOCAL FEATURE ENCODING
Motivated by the need to capture long-range dependencies
along the waveform, we adopt a Transformer encoder
architecture [25] tailored to one-dimensional radar altimetry
waveforms and refer to the resulting model as XTR (Explain-
able Transformer Retracker). The encoder consists of L
stacked Transformer blockswithmodel dimension dmodel. Let
zl ∈ RT×dmodel denote the input to the l-th Transformer block,
where l = 1, . . . ,L, T = 128 is the number of range bins,
and dmodel is the model dimension.

Each block follows a pre-norm structure with a multi-
head self-attention (MHSA) sub-layer and a position-wise

feed-forward network (FFN), both with residual connections:

z̃ = zl + MHSA
(
LayerNorm(zl)

)
, (3)

zl+1 = z̃ + FFN
(
LayerNorm(z̃)

)
. (4)

After the CNN stem, the feature sequence is projected to
dmodel and combined with a learnable positional embedding
of length T = 128 to encode range-bin position. The enriched
sequence is then processed by a stack of Transformer encoder
blocks. After this stack, we apply a final layer normalization
and global average pooling over the range dimension to
obtain a single dmodel-dimensional representation, which is
then passed to the regression head.

1) MULTI-HEAD SELF-ATTENTION
Given query, key, and value tensors Q, K, and V, scaled
dot-product attention is defined as

Attention(Q,K,V) = softmax
(
QK⊤

√
dk

)
V, (5)

where dk is the key dimension. The resulting (per-head)
attention-weight matrices A ∈ RT×T provide explicit,
learnable importance weights over waveform positions and
form the basis of our attention-based analysis.

2) POSITION-WISE FEED-FORWARD NETWORK
Each block also contains a position-wise FFN that operates
independently at each range bin:

FFN(x) = W2(Swish(W1x + b1)) + b2, (6)

with intermediate dimension 4dmodel.
We use L = 6 Transformer encoder blocks, a model

dimension of dmodel = 128, and H = 8 attention heads.
We apply dropout (0.1) after the MHSA and FFN sub-layers,
followed by a two-layer dense head (256 and 128 units, ReLU
activations, dropout rates 0.1 and 0.05) and a final linear
regression output.

C. TRAINING SETUP
XTR is implemented in Python 3.10 using TensorFlow
2.x/Keras. We train the model with the Adam optimizer using
a base learning rate of 1 × 10−4 and apply global-norm
gradient clipping with a threshold of 1.0 for stability. The
training objective is the mean squared error (MSE) between
the predicted and reference surface range, expressed in range-
bin units. Training is performed for up to 30 epochs with a
batch size of 128. We use a ReduceLROnPlateau scheduler
to reduce the learning rate by a factor of 0.5 when the
validation MSE plateaus (patience of 4 epochs), with a
minimum learning rate of 1× 10−5. Early stopping monitors
the validation MSE with a patience of 20 epochs, and the
best-performing model is selected via a checkpoint callback
based on the validation MSE. To quantify generalization,
we report MSE, RMSE, and MAE on the test set in range-
bin units, and convert errors to meters using Eq. (2).
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FIGURE 1. Overview of the proposed XTR architecture for CryoSat-2 LRM waveform retracking. A length-128 waveform is first processed by a local feature
encoding stage (CNN stem) that enhances leading-edge structure while preserving temporal resolution. The resulting sequence is projected to a
dmodel = 128 embedding and combined with a learnable positional embedding. Six pre-norm Transformer encoder blocks, each with eight-head
self-attention and a position-wise feed-forward network with 4dmodel, model global context along the waveform. A final layer normalization, global
average pooling, and a two-layer dense head (256 and 128 units with ReLU activations and dropout rates 0.1/0.05) map the sequence representation to a
single scalar surface-range estimate. During training only, mild waveform augmentations (additive noise, scale jitter, small bin shifts, and occasional
smoothing) are applied to improve robustness.

TABLE 1. Main hyperparameters used for XTR training.

D. AWI-ICENET1 BASELINE IMPLEMENTATION
To provide a reproducible deep learning baseline for compari-
son, we re-implement the AWI-ICENet1 convolutional neural
network (CNN) retracker introduced by Helm et al. [19]
using TensorFlow/Keras and train it from scratch on the same
public simulation dataset [20]. Our implementation follows
the published one-dimensional convolutional architecture,
consisting of six convolutional blocks with increasing
channel counts (64, 96, 128, 160, 196, 228). Each block
comprises two or three Conv1D layers with kernel size 3,
ReLU activations, batch normalization, and max pooling,
followed by dropout. A fully connected regression head
with 128 hidden units maps the extracted features to a
scalar surface-range estimate. Input preprocessing is identical
to that used for XTR: each 128-bin waveform is peak-
normalized. We use the same random train/validation/test
split (68%/12%/20%) as for XTR to ensure a controlled and

directly comparable forward-model evaluation. The AWI-
ICENet1 baseline is trained using the Adam optimizer with
a learning rate of 1 × 10−4, a batch size of 128, and mean
squared error loss on the surface-range label for 30 epochs
using the same waveform augmentation policy as XTR.
We do not use the original AWI-trained weights and do not
reproduce the K-fold model selection procedure described
in [19]. Instead, we use this single trained instance as the
consistent, re-trained AWI-ICENet1 baseline throughout this
study. We emphasize that the goal of this study is not to
reproduce the full original AWI operational processing chain,
but to establish a controlled and reproducible baseline under
the same input representation, training/validation/test split,
and evaluation framework used for XTR. We further note
that the original AWI-ICENet1 trained weights were not
publicly released. For this reason, we use a single re-trained
AWI-ICENet1 instance rather than the original published
model-selection procedure or externally trained weights. This
allows a more transparent comparison of retracker behavior
under a common experimental protocol. Throughout this
study, AWI-ICENet1 refers to our re-trained, augmentation-
matched implementation used for controlled comparison
with XTR.

E. APPLICATION TO CRYOSAT-2 LRM DATA AND
CROSSOVER ANALYSIS
Beyond the simulated training experiment, we apply XTR
to real CryoSat-2 LRM measurements and evaluate its
performance using standard crossover statistics. For this
purpose, we process the ESA Baseline-E CryoSat-2 LRM
record from January 2020 to October 2025 over Antarctica
using a modular, parallelized processing chain.

In a first step, we construct a compact Level-1B database
by reading the stack-averaged 128-bin power waveforms
together with their geolocation, acquisition time, orbit
parameters, and the 1 Hz geophysical corrections, which
are mapped to 20 Hz and combined into a single correction

VOLUME 14, 2026 86479



A. Dehghanpour et al.: XTR: An Explainable Transformer-Based Retracker for CryoSat-2 Altimetry

term Cgeo. In a second step, these L1B records are collocated
with the corresponding ESA Level-2I (L2I) ice products.
This collocation provides the operational ESA retracker
ranges (ICE-1 and ICE-2), their elevation estimates, and
associated surface-type and quality flags. Temporal and
spatial matching ensures that XTR and the ESA retrackers
are always evaluated on the same set of footprints.

For each collocated footprint, the peak-normalized L1B
waveform is passed through the trained XTR network to
obtain a predicted surface range in units of range bins.
This range is converted to meters using the CryoSat-2
LRM range-bin spacing of approximately 0.46875m and
transformed into surface height using the common convention
given in (7). Applying this projection consistently to the ESA
ICE-1 and ICE-2 ranges, to the AWI-ICENet1 retracker, and
to XTR yields along-track elevation time series that share
the same reference frame and geophysical correction set,
differing only in the underlying retracking algorithm.

The real-data processing chain used in this study is
intentionally limited to a self-consistent retracking com-
parison under a common geometric height definition and
correction set. In particular, our pipeline does not reproduce
the full operational processing chain of AWI-ICENet1,
which includes additional steps such as footprint relocation,
slope-related corrections, and further empirical conditioning
tailored to ice-sheet elevation-change products. Instead, all
retrackers considered here (ESA ICE-1/ICE-2, an AWI-
ICENet1 reimplementation, and XTR) are evaluated using
identical geophysical corrections, quality filtering, and height
definitions, differing only in the retracked range term.
As a result, the crossover statistics reported in this study
quantify the internal consistency of the retracking algorithms
themselves rather than the performance of fully optimized
geophysical height products. Crossover statistics are com-
puted by intersecting ascending and descending ground
tracks within a prescribed spatial and temporal window and
forming height differences between the two passes. Valid
crossovers are obtained from line-segment intersections of
ascending and descending tracks after common geometric
filtering, including limits on temporal separation, endpoint
proximity, and intersection angle; heights are then linearly
interpolated to the crossover location on both tracks, and
monthly statistics are computed after the common |CPE| ≤

5 m editing threshold. We evaluate performance over the
interior Antarctic LRM domain and two geodetically stable
regions: Vostok and Queen Maud Land. For each retracker,
we summarize the distribution of crossover height differences
1h by the standard deviation and the normalized median
absolute deviation (NMAD) over January 2020–October
2025. These crossover statistics are later used in the results
section to compare XTR against the ESA retrackers andAWI-
ICENet1 and to assess the impact of the learned, attention-
based retracking on large-scale elevation-change studies.

For the evaluation on real CryoSat-2 data we compute
monthly crossover elevation differences between ascend-
ing and descending ground tracks over the two interior

regions (Sect. IV-F). For every month and retracker we
then derive robust summary statistics (number of crossovers,
median and standard deviation of CPE), which serve as an
internally consistent measure of along-track stability without
relying on external reference data.

We define all self-consistent retracked elevations using a
common height convention

hR =
(
alt20,Ku − Cgeo

)
− rR, (7)

where alt20,Ku is the raw satellite altitude at 20 Hz, Cgeo is the
combined 1 Hz geophysical correction mapped to 20 Hz, and
rR is the retracked range for retracker R (ICE-1, ICE-2, AWI-
ICENet1, or XTR). We restrict the analysis to 20 Hz records
that pass the ESA Level-2I quality flag filter and to crossover
pairs that satisfy the common geometric and consistency
filters applied in the processing chain. Throughout this study,
we use the standard ESA Baseline-E geophysical correction
set for all retrackers. Because all retrackers share the same
correction set, the reported differences mainly reflect the
retracked range term rR, although the absolute crossover
statistics may vary under alternative correction bundles.

F. EXPLAINABILITY TOOLS FOR XTR
To gain physical insight into the behavior of the
Transformer-based retracker XTR, we complement the quan-
titative evaluation with gradient-based saliency analysis and
an examination of the internal self-attention patterns. Rather
than relying on a single explanation method, we combine
three complementary explainability techniques: gradient-
based attribution (SmoothGrad), intrinsic attention-based
diagnostics (surface-query attention), and perturbation-based
sanity checks (windowed occlusion). This combination
allows us to contrast local sensitivity, contextual importance,
and occlusion-based functional relevance within a unified
analysis framework. For a given input waveform x ∈ RT ,
XTR produces a scalar surface-range estimate f (x) in units of
range bins. We estimate the local sensitivity of this prediction
to perturbations of individual waveform samples using the
SmoothGrad method. Specifically, we compute

M (x) =
1
N

N∑
i=1

∣∣∣∇xf
(
x +N (0, σ 2)

)∣∣∣ , (8)

where N = 16 noisy realizations are generated by
adding independent Gaussian noise with standard deviation
σ = 0.01 to the input waveform. The resulting saliency
profile M (x) highlights those range bins for which small
perturbations have the strongest influence on the pre-
dicted surface range. In addition to gradient-based saliency,
we exploit the explicit self-attention mechanism of the
Transformer encoder. Let A(L)

∈ RH×T×T denote the
attention tensor from the final encoder block l = L, where
H is the number of attention heads. We average over heads to
obtain a mean attention matrix Ā ∈ RT×T . From this matrix,
we derive two one-dimensional attention profiles along the
range dimension:
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• Raw attention, defined as

araw(t) =
1
T

T∑
q=1

Āq,t ,

which reflects the overall tendency of the model to
attend to each range bin when averaged over all query
positions.

• Surface-query attention, which focuses on the attention
associated with the predicted surface location. Let b̂
denote the surface bin predicted by XTR and define a
small query set

Qsurf = {q : |q− b̂| ≤ 2}.

The surface-query attention is then given by

asurf(t) =
1

|Qsurf|

∑
q∈Qsurf

Āq,t .

While the raw attention profile summarizes global context
usage across the waveform, the surface-query attention
identifies waveform samples most strongly attended by
queries near the retracked surface range. Together with
the SmoothGrad saliency profiles, these diagnostics provide
complementary insight into how XTR combines local
leading-edge information with broader contextual cues when
estimating the surface location. For grouped explainability
analysis, absolute-bin averaging is not physically meaningful
because the simulated CryoSat-2 LRM waveforms are
randomly shifted along the range-bin axis during dataset
generation. We therefore align each waveform and its
associated explanation profiles relative to the reference
retracking bin before averaging. Specifically, for each sample
we define a surface-centered coordinate1r such that1r = 0
at the reference retracking bin, and compute grouped mean
waveform, SmoothGrad saliency, and surface-query attention
profiles in this aligned coordinate system. In the grouped
analysis reported here, the attention query window is centered
on the reference retracking bin rather than the predicted
bin, so that grouped averages remain directly comparable
across attenuation subsets. For the grouped reference-aligned
analysis, each waveform and its explanation profiles were
evaluated in a local window extending 10 bins before and
50 bins after the reference retracking bin, corresponding to
approximately −4.7 to +23.5 m. This asymmetric window
was chosen to retain a short pre-surface region together
with a broader trailing-waveform interval that captures
the delayed waveform structure associated with volume
scattering. Finally, to assess whether the identified regions are
functionally relevant rather than merely correlated with the
output, we perform windowed occlusion tests by perturbing
selected range intervals (zeroing, noise-floor replacement,
and within-window permutation) and measuring the resulting
change in the retracked surface height. As an additional
post-hoc comparison with an established attribution method,
we further analyze Integrated Gradients (IG) for both
XTR and the re-trained AWI-ICENet1 baseline on held-out

simulated test waveforms. Because the simulated waveforms
are randomly shifted along the range-bin axis during
dataset generation, all IG profiles are aligned relative to
the reference retracking bin before averaging. We further
stratify this analysis by attenuation level (low, medium,
and high attenuation groups based on terciles of the bulk
attenuation parameter). In the present study, IG is used as
a complementary diagnostic to compare the distribution of
attribution mass between the Transformer-based and CNN-
based retrackers, rather than as the primary basis for our
attenuation-dependent interpretability claims.

IV. EXPERIMENTS AND RESULTS
A. EXPERIMENTAL SETUP
Weevaluate the proposedXTR retracker using both simulated
waveforms and CryoSat-2 measurements. The simulated
experiments are based on the publicly available AWI-
ICENet1 dataset described in Sect. III-A, which is split
into training, validation, and test. All simulated-waveform
errors are first computed in units of range bins and
subsequently converted to metric units using the CryoSat-2
LRM range-bin spacing 1r ≈ 0.46875 m (see Eq. (2)).
We report mean squared error (MSE), root mean squared
error (RMSE), and mean absolute error (MAE) on the
held-out test set. For real-data evaluation, we apply XTR,
the re-trained AWI-ICENet1 baseline, and the ESA ICE-1
and ICE-2 retrackers to the same set of CryoSat-2 LRM
measurements processed under a common correction set
and height definition (Sect. III-E). Performance on real data
is assessed using crossover point elevation (CPE) statistics
over two geodetically stable regions (Vostok and Queen
Maud Land) and over the interior Antarctic LRM domain.
All retrackers are evaluated under identical quality-control
criteria and editing thresholds (Sect. III-E). As a result,
differences in the reported error and crossover statistics
directly reflect differences in the retracking algorithms rather
than downstream processing choices.

B. PERFORMANCE ON SIMULATED WAVEFORMS
Table 2 compares XTR against a classical threshold retracker
(TFMRA) and the re-trained AWI-ICENet1 on the simulated
CryoSat-2 LRM test set. XTR achieves an RMSE of 0.229 m
and an MAE of 0.186 m, clearly outperforming TFMRA
(RMSE 0.286 m, MAE 0.222 m). In terms of mean squared
error, XTR reduces the MSE by approximately 35% relative
to TFMRA, indicating that the Transformer-based model
learns a substantially more accurate surface-range estimate
than the classical threshold approach under a wide range of
simulated penetration regimes.
As expected, the AWI-ICENet1 re-trained with the same

augmentation policy as XTR still attains the lowest error on
the simulated distribution (RMSE ≈ 0.129m). This reflects
the strong match between the convolutional architecture
and the simulated training ensemble. In the following
sections, we therefore use real-data crossover statistics to
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TABLE 2. Retracker performance on the simulated CryoSat-2 LRM test
set. Errors are reported in metric units using the LRM bin spacing
∆r ≈ 0.46875 m.

assess how these waveform-level improvements translate
into along-track elevation consistency under a common
correction set.

C. ABLATION AND AUGMENTATION-CONTROL
EXPERIMENTS
In this study, our primary model is XTR trained with
data augmentation. To address concerns about fairness
and architectural contribution, we additionally evaluate
augmented and non-augmented versions of both XTR and
AWI-ICENet1, and we train two ablation variants with
the same augmentation as the main XTR: (i) a CNN-only
network obtained by removing the Transformer encoder
while retaining the convolutional front-end and regres-
sion head, and (ii) a Transformer-only network obtained
by removing the convolutional stem while retaining the
Transformer encoder and regression head. The results are
summarized in Table 3. Three main observations can be
made. First, AWI-ICENet1 without augmentation remains
the strongest model on the purely simulated distribution,
indicating that the CNN baseline is highly effective when the
training and testing conditions closely match the simulated
waveform regime. Second, augmentation does not improve
waveform-level regression accuracy on the simulated dataset
for either model family. In fact, both AWI-ICENet1 and
XTR achieve lower simulated-data error without augmen-
tation. This indicates that augmentation should not be
interpreted as the main source of XTR’s performance, but
rather as a robustness-oriented strategy intended to improve
generalization under distribution shift. Third, the ablation
experiments show that the architectural composition of XTR
is important. Removing the Transformer encoder causes a
severe degradation on the simulated test set, whereas the
Transformer-only variant clearly outperforms the CNN-only
ablation in this controlled simulated evaluation but still
remains inferior to the full model. This suggests that neither
the convolutional stem nor the Transformer encoder alone
is sufficient to recover the performance of the complete
XTR architecture; the best performance arises from their
combination.

D. DEPENDENCE ON BULK ATTENUATION AND
PENETRATION BIAS
To assess how different retrackers behave across firn
penetration regimes, we analyze the mean range error as a

function of the bulk attenuation rate LA. We define

1R = Rref − Rretr,

such that negative values indicate that the retracked surface
is placed deeper (i.e., at a larger range) than the reference
surface. Figure 2 shows the mean 1R for XTR, the re-
trained AWI-ICENet1 baseline, and the classical TFMRA
threshold retracker. TFMRA exhibits a pronounced negative
bias in weakly attenuating (strongly penetrating) firn, with
mean errors approaching −1 m at low LA and only gradually
approaching zero as attenuation increases. This behavior is
consistent with the tendency of simple threshold retrackers
to lock onto delayed volume-scattering energy rather than
the surface-dominated leading edge. In contrast, both XTR
and AWI-ICENet1 maintain mean errors close to zero across
the full attenuation range. XTR shows a small negative
bias at the lowest LA values and a slight positive bias
of a few centimeters at high attenuation, whereas AWI-
ICENet1 remains close to zero throughout, with a mild
positive bias at both very low and high attenuation. Overall,
the deep-learning retrackers learn to discount delayed
volume-scattering contributions and to anchor the range
estimate near the onset of the surface-dominated leading edge
over a wide range of simulated firn conditions.

FIGURE 2. Mean range error ∆R = Rref − Rretr as a function of bulk
attenuation rate LA on the simulated test set. Negative values indicate
that the retracked range is placed deeper than the reference surface.
TFMRA shows a strong penetration-related negative bias at low
attenuation, whereas XTR and AWI-ICENet1 remain close to zero across
most attenuation regimes.

E. SINGLE-WAVEFORM EXAMPLE: COMPARISON WITH
CLASSICAL AND CNN RETRACKERS
To illustrate the behavior of the different retrackers at the
waveform level, Fig. 3 shows a representative simulated
CryoSat-2 LRM waveform generated under strongly atten-
uating (weakly penetrating) firn conditions. The black line
depicts the peak-normalized received power as a function of
range, while vertical lines indicate the reference surface range
and the retracked surface locations obtained with XTR, AWI-
ICENet1, and the TFMRA retracker. An inset highlights the
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TABLE 3. Ablation and augmentation-control experiments on the simulated test set. Errors are converted from bin units to meters using the CryoSat-2
LRM bin spacing ∆r = 0.46875 m.

leading-edge region. For this waveform, the reference surface
range is 3.173 m.

FIGURE 3. Representative simulated CryoSat-2 LRM waveform under
strongly attenuating, weakly penetrating firn conditions. The black line
shows peak-normalized power as a function of range. Vertical lines mark
the reference surface bin (REF) and the surface bins estimated by XTR,
AWI-ICENet1, and TFMRA.

XTR retrieves a surface range of 3.220 m, while the re-
trained AWI-ICENet1 baseline yields 3.281 m. In contrast,
the classical TFMRA threshold retracker places the surface
at 3.332 m. In terms of range error 1R = Rref − Rretr,
this corresponds to approximately −0.047 m for XTR,
−0.108 m for AWI-ICENet1, and −0.159 m for TFMRA.
XTR places the surface estimate within about 5 cm of the
reference surface, while AWI-ICENet1 remains within about
0.11 m. In contrast, TFMRA places the surface more than
0.15 m deeper than the reference, indicating a larger positive
range offset for this waveform. This example illustrates the
characteristic failure mode of simple threshold retrackers and
highlights how the deep-learning retrackers suppress delayed
subsurface contributions.

F. CROSSOVER-BASED EVALUATION OVER
INTERIOR ANTARCTICA
To assess how the retrackers generalize to real CryoSat-2
measurements, we perform a crossover-based evaluation over
two regions in the interior of East Antarctica. In such regions,
surface slopes are low and true surface-elevation changes over
the CryoSat-2 period are minimal.

FIGURE 4. Interior Antarctic study areas used for crossover analysis. Red
denotes the Vostok region and blue denotes the Queen Maud Land (QML)
sector, shown on a shaded-relief map of Antarctic surface elevation.

We focus on two interior study areas: the Vostok region
and a sector in Queen Maud Land (QML), both characterized
by low accumulation rates and weak dynamic thickness
changes. These regions therefore provide a stringent test for
retracker stability under strongly penetrating firn conditions.
The locations of the study areas are shown in Fig. 4.
As described in Sect. III-E, all retrackers are evalu-

ated under a common geometric height definition and
correction set. No additional slope corrections, footprint
relocation, or retracker-specific post-processing are applied.
Consequently, the crossover statistics reported here quan-
tify the intrinsic consistency of the retracking algorithms
themselves rather than the performance of fully optimized
geophysical height products. Crossover elevation differences
are computed by intersecting ascending and descending
ground tracks and forming height differences between the
two passes. Such crossover and repeat-track approaches
are widely used to assess altimetric elevation consistency
and ice-sheet elevation change where independent ground
truth is limited [3], [43]. For each retracker and month,
we summarize the distribution of CPE differences using
the median, standard deviation (STD), and the normalized
median absolute deviation (NMAD). All statistics are
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computed after applying identical quality-control criteria and
a common outlier threshold of |CPE| ≤ 5 m to all retrackers.

1) VOSTOK REGION
Figure 5 summarizes the crossover statistics for the Vostok
region over the period 2020–2025. Panel 5a shows the
monthly median crossover point elevation (CPE), which
reflects the residual elevation bias of each retracker. The
AWI-ICENet1 retracker keeps its median CPE generally
close to zero throughout the period, with no clear long-
term drift. XTR shows more negative median CPE values,
typically between approximately −0.25 m and −0.05 m,
corresponding to an offset of roughly 0.1–0.15 m relative
to the AWI-ICENet1 baseline. The ESA ICE-1 retracker
exhibits intermediate behavior, while ICE-2 generally shows
larger negative offsets and stronger temporal variability.

The correspondingmonthly standard deviations of the CPE
distributions are shown in Fig. 5b. Here, XTR consistently
yields the lowest scatter among all retrackers, with typical
STD values in the range 0.30–0.45 m and only occasional
excursions above this band. ICE-1 and ICE-2 show interme-
diate scatter, typically between 0.40 and 0.70 m, whereas
AWI-ICENet1 exhibits the largest dispersion, frequently
around 0.45–0.75m and reaching values above 0.8m in some
months. Taken together, the Vostok results highlight a clear
trade-off between bias and noise. AWI-ICENet1 provides the
most bias-free solution in terms of median CPE, while XTR
delivers a substantially quieter elevation record, reducing
the crossover scatter by approximately 40–60% relative to
AWI-ICENet1 in the Vostok region.

FIGURE 5. Monthly crossover elevation differences in the Vostok region
from 2020 to 2025 for AWI-ICENet1, XTR, and ESA ICE-1/ICE-2 retrackers.
(a) Median CPE. (b) Standard deviation of CPE.

FIGURE 6. Monthly crossover elevation differences in the Queen Maud
Land (QML) region from 2020 to 2025 for AWI-ICENet1, XTR, and ESA
ICE-1/ICE-2 retrackers. (a) Monthly median CPE. (b) Monthly standard
deviation of CPE.

2) QUEEN MAUD LAND (QML)
The QML sector provides an independent interior test with
a different orbit geometry and slightly higher surface slopes.
Figure 6 summarizes the corresponding crossover statistics.
Panel 6a shows the monthly median CPE values. As in the
Vostok region, the re-trainedAWI-ICENet1 retracker exhibits
the smallest median offsets overall, with medians generally
remaining close to zero. XTR is consistently shifted toward
positive median CPE values in QML, typically on the order
of +0.10–0.25 m, indicating a modest regional bias relative
to AWI-ICENet1. ESA ICE-1 and ICE-2 show larger positive
offsets—ICE-1 usually ≈ 0.15–0.30 m, whereas ICE-2 often
rises to 0.30–0.45 m and occasionally exceeds 0.50 m—with
ICE-2 exhibiting the largest biases.

Panel 6b shows the monthly standard deviation of CPE
differences. XTR again yields the lowest scatter, with typical
STD values around 0.35–0.45 m. ICE-1 and ICE-2 exhibit
intermediate scatter—ICE-1 about 0.50–0.65 m and ICE-2
about 0.60–0.9 m—while AWI-ICENet1 fluctuates between
approximately 0.60 and 0.90 m, with occasional spikes
above 1.0 m. The contrast between the low STD of XTR
and the higher STD of AWI-ICENet1 is most pronounced
during 2020–2023, where several months show differences
in scatter of roughly 0.25–0.35. Overall, the QML results
confirm the pattern observed over Vostok: AWI-ICENet1
provides the smallest median CPE (lowest bias), whereas
XTR produces the most stable elevation differences in terms
of crossover scatter, at the expense of a modest regional
median offset.
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FIGURE 7. Monthly scatter of crossover elevation differences (CPE) over
interior East Antarctica (LRM domain, 2020–2025) for AWI-ICENet1, XTR,
and ESA ICE-1/ICE-2 retrackers. Panel (a) shows the standard deviation,
which is sensitive to rare large outliers, whereas panel (b) shows the
robust NMAD of the CPE distribution.

3) INTERIOR ANTARCTIC LRM DOMAIN
To extend the regional analysis across the interior Antarctic
LRM domain, we aggregate all quality-controlled crossovers
from the interior Antarctic over the period 2020–2025. The
corresponding scatter statistics are summarized in Fig. 7.
The monthly median CPE values (not shown) indicate small
overall offsets for all retrackers. AWI-ICENet1 remains
closest to zero on average, while XTR exhibits a slightly
negative median offset of a few centimeters, and the
ESA ICE-1/ICE-2 retrackers show small positive offsets.
Figure 7a shows the monthly standard deviation of CPE
differences.

Consistent with the regional analyses, XTR yields the low-
est overall spread, with STDs typically around 0.58–0.62 m.
ICE-1 and ICE-2 show intermediate dispersion—ICE-1 about
0.67–0.72 m and ICE-2 about 0.80–0.87 m—whereas AWI-
ICENet1 exhibits the largest standard deviations, roughly
0.95–1.05 m, within our retracker-only evaluation under a
common correction set. Overall, XTR reduces the standard
deviation of CPE differences by roughly 35–45% relative
to AWI-ICENet1 while maintaining small median offsets.
However, the robust NMAD curves in Fig. 7b provide
a complementary perspective. AWI-ICENet1 achieves the
lowest NMAD over the full period, indicating the smallest
scatter in the core of the crossover distribution. XTR
exhibits larger NMADvalues thanAWI-ICENet1 but remains
generally lower than the ESA ICE-1/ICE-2 retrackers. Taken
together, these results indicate that AWI-ICENet1 is tighter

in the central part of the CPE distribution, whereas XTR
primarily reduces a subset of larger residuals that broaden
the tails and inflate the standard deviation. In other words,
these results suggest that XTR suppresses a subset of larger
crossover outliers, while AWI-ICENet1 remains the most
consistent retracker in the bulk of the distribution.

G. ADDITIONAL REAL-DATA CROSSOVER ANALYSIS
We further extended the crossover-based real-data analysis
to additional model variants. The additional comparisons
include: (i) AWI-ICENet1 without augmentation, (ii) XTR
trained without augmentation, (iii) a CNN-only ablation, and
(iv) a Transformer-only ablation without the convolutional
stem. The full XTR model yields substantially lower
monthly CPE standard deviations than AWI-ICENet1 on
real CryoSat-2 data. XTR trained without augmentation
remains close to the full XTR, indicating that the real-data
advantage cannot be attributed solely to augmentation. Con-
versely, retraining AWI-ICENet1 with augmentation does
not close the gap to XTR, and the re-trained AWI-ICENet1
baseline remains substantially noisier in the continent-scale
crossover analysis. These findings also show that simulated
waveform-level regression accuracy and real-data crossover
consistency capture different aspects of retracker behavior:
a model that best fits the simulated training distribution
is not necessarily the one that yields the lowest crossover
scatter under real observational conditions. Finally, although
the CNN-only ablation yields competitive monthly CPE
standard deviations in the present analysis, the CNN-only and
Transformer-only ablations do not reproduce the full-model
behavior as consistently, supporting the contribution of the
combined convolutional–Transformer architecture. The cor-
responding continent-scale monthly CPE standard-deviation
time series are provided in the supplementary material.
To assess whether the observed crossover-scatter differences
are statistically significant, we additionally performed paired
Wilcoxon signed-rank tests on the monthly crossover statis-
tics of XTR and AWI-ICENet1. The tests were applied to
the monthly standard deviation series over Vostok, Queen
Maud Land, and the interior Antarctic LRM domain, and
to the monthly NMAD series over the interior Antarctic
domain. These paired tests quantify whether the lower
crossover scatter obtained by XTR is statistically robust at
the time-series level rather than arising from isolated months.
As summarized in Table 4, the paired Wilcoxon signed-rank
tests confirm that the monthly STD differences between XTR
and AWI-ICENet1 are statistically significant over Vostok,
Queen Maud Land, and the interior Antarctic LRM domain.
The NMAD comparison is also statistically significant, but in
the opposite direction: the re-trained AWI-ICENet1 has lower
monthly NMAD values, indicating a tighter core crossover
distribution. These tests support the interpretation that XTR
primarily reduces the tails of the crossover distribution,
whereas AWI-ICENet1 remains stronger in the robust central
spread.

VOLUME 14, 2026 86485



A. Dehghanpour et al.: XTR: An Explainable Transformer-Based Retracker for CryoSat-2 Altimetry

TABLE 4. Two-sided paired Wilcoxon signed-rank tests comparing
monthly crossover statistics of XTR and AWI-ICENet1.

V. EXPLAINABILITY ANALYSIS
Rather than relying on a single post-hoc explanation method,
we deliberately combine three complementary explainability
techniques: gradient-based attribution (SmoothGrad), intrin-
sic attention-based diagnostics (surface-query attention), and
perturbation-based sanity checks (windowed occlusion). This
combination allows us to compare local sensitivity, contex-
tual importance, and occlusion-based functional relevance
within a unified explainability framework.

A. SINGLE-WAVEFORM ATTENTION AND SALIENCY
Figure 8 illustrates the explainability analysis for a represen-
tative simulated CryoSat-2 waveform dominated by volume
scattering. Panel (a) shows the peak-normalized waveform
together with the reference surface range. The shaded band
highlights the leading-edge area relevant for retracking.

Panel (b) shows the SmoothGrad saliency profile com-
puted according to Eq. (8). The saliency magnitude is sharply
concentrated at the onset of the leading edge, indicating that
small perturbations in this region have the strongest influence
on the predicted surface range. The pre-arrival noise floor
and most of the delayed trailing tail contribute comparatively
little, with a secondary response at far range.

Panel (c) presents the surface-query attention profile
derived from the final Transformer encoder block. The atten-
tion exhibits a pronounced maximumwithin the leading-edge
region and remains non-negligible across the trailing part
of the waveform. The qualitative correspondence between
the surface-query attention and the SmoothGrad saliency
indicates that the retracked range is anchored near the
surface-dominated return, while the broader distribution
of attention suggests that trailing-waveform structure is
additionally used as contextual information. Together, these
diagnostics provide a physically consistent explanation of
XTR’s retracking behavior: the model anchors its estimate at
the onset of the leading edge while using delayed waveform
structure as supplementary context.

B. GROUPED EXPLAINABILITY ANALYSIS ACROSS
ATTENUATION REGIMES
To bridge the gap between single-waveform case studies and
dataset-level summaries, we perform a grouped explainability
analysis across attenuation regimes on the simulated test
set. The waveforms were partitioned into low, medium,
and high attenuation subsets based on terciles of the bulk
attenuation parameter, and 500 samples were used from

FIGURE 8. Single-waveform explainability analysis for a simulated
CryoSat-2 LRM echo dominated by volume scattering. (a)
Peak-normalized power as a function of range. The vertical red line marks
the reference surface range from the simulated dataset; the shaded band
indicates the leading-edge region used for interpretation. (b) SmoothGrad
saliency profile as a function of range. Saliency is strongly concentrated
on the leading edge, while the pre-arrival noise floor and the trailing tail
exhibit much lower values, with a secondary peak at far range.
(c) Attention-based importance profile from the last Transformer block
(see Sect. III-F). The blue line shows the surface-query attention averaged
over queries within ±2 bins of the XTR surface estimate. It peaks in the
leading-edge region and remains non-negligible across the trailing part
of the waveform, indicating that the surface-query representation is
anchored at the surface return, while later samples provide additional
contextual information.

each attenuation group. Because the simulated waveforms
are randomly shifted along the range-bin axis, all waveform
and explanation profiles were first aligned relative to the
reference retracking bin before averaging.

Figure 9 shows the resulting reference-aligned mean wave-
form, mean SmoothGrad saliency, and mean surface-query
attention for the three attenuation groups. After alignment,
the grouped mean waveforms exhibit a consistent onset near
1r = 0 across all attenuation regimes. The leading-edge
transition differs across attenuation groups, with the
low-attenuation group exhibiting a broader leading-edge
region than the higher-attenuation groups. This is consistent
with stronger delayed subsurface-scattering contributions
under low LA, where weaker attenuation allows deeper radar
penetration and enhances the volume-scattering influence.
In contrast, the subsequent changes in SmoothGrad saliency
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FIGURE 9. Grouped explainability analysis across attenuation regimes after reference alignment. The simulated test waveforms were partitioned into
low-, medium-, and high-attenuation subsets, and each waveform was aligned relative to its reference retracking bin before averaging. The three columns
show the reference-aligned mean waveform, mean SmoothGrad saliency, and mean surface-query attention, respectively. The dashed red line marks the
aligned reference location (∆r = 0), and the shaded orange region denotes the near-surface analysis window. The plotted profiles are shown in a local
window extending 10 bins before and 50 bins after the reference location, corresponding to approximately −4.7 to +23.5 m. This grouped analysis
complements the single-waveform case study by showing that the explanation patterns persist across representative attenuation regimes despite the
random range-bin shifts in the simulated dataset.

describe model sensitivity rather than a direct broadening of
the mean waveform itself. The grouped SmoothGrad profiles
retain their strongest peak in the near-surface region around
the aligned reference location, indicating that XTR remains
most locally sensitive to the surface-dominated onset of the
echo. At the same time, the saliency profiles become more
distributed toward the trailing part of the waveform in the
higher-attenuation groups. As summarized in Table 5, which
reports mean± standard deviation of the relative saliency and
attention fractions across samples, the near-surface saliency
fraction decreases from 0.446 in the low-attenuation group
to 0.298 and 0.228 in the medium and high-attenuation
groups, respectively, while the delayed-tail saliency fraction
increases from 0.122 to 0.158 and 0.181. This pattern
indicates that XTR increasingly distributes its attribution
toward the delayed trailing part of the waveform in the
higher-attenuation groups, reflecting a change in model
sensitivity rather than a broadening of the mean leading
edge itself.

The corresponding surface-query attention profiles are
broader than the saliency profiles and extend well into the
trailing part of thewaveform. This suggests that, in addition to
its strongest local sensitivity near the aligned surface region,
XTR uses a wider contextual representation of delayed
waveform structure when forming its retracking decision.
Thus, the grouped analysis shows that XTR combines strong
near-surface sensitivity with broader contextual cues, rather
than an attention pattern confined solely to the immediate
leading edge.

For comparison, we additionally computed grouped
reference-aligned SmoothGrad saliency profiles for the
AWI-ICENet1 baseline using the same attenuation group-
ing, alignment procedure, and near-surface / delayed-tail
windows. AWI-ICENet1 likewise peaks near the aligned
surface, showing that both models are anchored to the
surface-dominated onset of the echo. However, the attenua-
tion dependence differs: compared with AWI-ICENet1, XTR
exhibits a stronger broadening of the saliency profile across
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TABLE 5. Summary of grouped reference-aligned explainability metrics across attenuation regimes. Values are mean ± standard deviation across
samples. Near-surface and tail fractions denote the fraction of total SmoothGrad saliency (sal.) or surface-query attention (att.) mass contained in the
aligned near-surface and delayed-tail windows, respectively.

attenuation groups, with a more pronounced redistribution
of saliency from the near-surface region toward the delayed
trailing part of the waveform. This suggests that XTR
adapts more flexibly to attenuation-dependent changes in
waveform structure, whereas the CNN baseline remains
more locally concentrated. The corresponding grouped
AWI-ICENet1 saliency figure and summary metrics are
provided in the supplementary material. As complementary
evidence, we also evaluate reference-aligned grouped Inte-
grated Gradients (IG) profiles for XTR and AWI-ICENet1
in the same attenuation-stratified setting. The grouped IG
results, provided in the supplementary material, show a
consistent qualitative difference between the two models:
AWI-ICENet1 remains more concentrated near the aligned
surface region, whereas XTR assigns a larger fraction of
attribution to the delayed trailing part of the waveform.
This supports the interpretation that XTR uses broader
waveform context than the CNN baseline. However, because
the attenuation dependence in the grouped IG summaries is
weaker than in the SmoothGrad analysis, we use IG here as
complementary evidence rather than as the primary basis for
attenuation-stratified interpretability claims.

C. AGGREGATE EXPLAINABILITY AND OCCLUSION-BASED
SANITY CHECKS
To complement the single-waveform and grouped attenua-
tion-based analyses, we perform a broader aggregate explain-
ability analysis on a random subset of simulated test samples.
As in the grouped analysis, waveform and explanation
profiles are aligned before averaging to remove the effect of
random range-bin shifts in the simulated dataset. This aggre-
gate view is intended to summarize the overall distribution
of explanation patterns across many waveforms, whereas the
grouped analysis in Sect. V-B resolves how these patterns
vary across attenuation regimes.

The aggregate view is qualitatively consistent with the
grouped attenuation-based analysis: SmoothGrad saliency
remains most concentrated near the aligned surface location,
whereas the surface-query attention remains broader and
extends farther into the trailing part of the waveform. Thus,
the two diagnostics are complementary: saliency highlights
where the output is most locally sensitive, while attention
reflects a wider context integration pattern. To assess
occlusion-based functional relevance beyond attribution
maps, we conduct windowed occlusion tests by perturbing
predefined range intervals and measuring the resulting

absolute change in retracked surface height. As summarized
in Table 6, occluding the core region around the surface leads
to meter-scale deviations, whereas perturbations applied to
the pre-arrival noise region have negligible effect. For the
trailing tail, permutation-based occlusion yields only small
changes, whereas zeroing or replacing the tail with the
baseline level produces much larger deviations.

TABLE 6. Occlusion-based sanity check on 100 simulated test waveforms.
Reported values are median absolute height changes |∆h| (m) after
perturbing different range windows relative to the XTR-predicted
surface bin.

This indicates that the detailed ordering of the tail samples
is not itself critical, but that the presence of trailing-return
energy contributes important contextual information for the
surface estimate. Overall, the aggregate and occlusion-based
analyses support the interpretation that XTR places most
of its weight on the surface-dominated leading edge when
estimating the surface range, while also using the trailing
return as contextual input that helps stabilize retracking
across different penetration regimes.

VI. DISCUSSION
This study introduced XTR, an explainable Transformer-
based retracker for CryoSat-2 LRM radar waveforms, and
evaluated its performance on both simulated data and satellite
measurements. The results highlight a consistent trade-off
between waveform-level accuracy, crossover scatter, and
interpretability across different retracking approaches.

On the simulated dataset, XTR clearly outperforms the
classical TFMRA threshold retracker, demonstrating sub-
stantially reduced range errors across a wide range of firn
attenuation conditions. As expected, the re-trained AWI-
ICENet1 achieves the lowest mean squared error on the
simulated test set, reflecting the close alignment between
its convolutional architecture and the simulated training
ensemble. These results confirm that CNN-based retrackers
remain highly effective when the training and test distri-
butions are well matched. However, the real-data crossover
analysis reveals a different perspective. Over two interior
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Antarctic test regions, XTR consistently reduces the standard
deviation of crossover elevation differences relative to AWI-
ICENet1, in some cases by approximately 40–60%. This
suggests that XTR suppresses a subset of large residuals that
broaden the tails of the crossover distribution and inflate the
overall scatter. In contrast, AWI-ICENet1 generally achieves
the lowest NMAD, suggesting superior consistency in the
core of the crossover distribution but increased sensitivity
to large deviations. The ablation and augmentation-control
experiments further refine this interpretation. On the sim-
ulated dataset, the re-trained AWI-ICENet1 baseline and
XTR trained without augmentation show that augmentation
alone does not explain the behavior of XTR. In fact, both
model families achieve lower waveform-level error without
augmentation than with augmentation on the simulated
distribution. At the same time, the real-data crossover
analysis shows that XTR remains highly competitive even
without augmentation, whereas AWI-ICENet1 re-trained
with augmentation still does not match the crossover
stability of XTR. This indicates that augmentation should
be interpreted primarily as a robustness-oriented training
strategy rather than as the main source of performance
improvement. The architectural ablations reveal a similarly
nuanced picture. On the simulated dataset, removing the
Transformer encoder causes a severe loss in accuracy, while
the Transformer-only variant performs substantially better
than the CNN-only ablation on the simulated test set but still
remains inferior to the full XTR architecture. This supports
the view that the strongest simulated-data performance
arises from combining local convolutional feature extraction
with global self-attention [25]. In the current real-data
crossover analysis, however, the relative behavior of the
ablated models appears more metric-dependent, reinforcing
that waveform-level regression error and crossover stability
quantify different aspects of retracker behavior.

The explainability analyses provide a physical interpreta-
tion for these differences. SmoothGrad saliency consistently
indicates that XTR is most sensitive to the onset of
the surface-dominated leading edge. The attention-based
diagnostics, in turn, show that the model combines this
strong near-surface sensitivity with a broader use of trailing-
waveform context. The grouped reference-aligned analysis
further demonstrates that this behavior persists across attenu-
ation regimes, while becoming more distributed toward the
trailing part of the waveform in some attenuation groups.
A grouped saliency comparison with the AWI-ICENet1
baseline further shows that both models are anchored near
the aligned surface region, but that XTR exhibits a stronger
attenuation-dependent broadening of its saliency profile.
This suggests that the Transformer-based retracker may
adapt more flexibly to attenuation-dependent changes in
waveform structure, whereas the CNN baseline remains
more locally concentrated. Windowed occlusion experiments
further indicate that the detailed ordering of the trailing
waveform samples is not itself critical for the surface
estimate, although the presence of trailing-return energy

contributes contextual information that may help stabilize
the retracking under varying penetration conditions. This
behavior aligns well with established physical interpreta-
tions of radar altimetry waveforms and supports the use
of attention-based architectures as physically interpretable
retrackers.

Several limitations should be noted. First, the satellite-data
evaluation presented here is intentionally restricted to a
retracker-only comparison under a common correction set
and height definition. Consequently, the reported crossover
statistics do not represent fully optimized geophysical
height products and should not be interpreted as a direct
replacement for operational processing chains. Second,
XTR is trained exclusively on simulated waveforms and
may therefore be sensitive to residual simulation–reality
mismatches, particularly in regions with complex surface
roughness or unusual firn properties. Overall, the results
suggest that attention-based retrackers such as XTR provide
a valuable and complementary alternative to CNN-based
schemes. By combining competitive retracking performance
with explicit interpretability and improved crossover stability
in this retracker-only evaluation, XTR provides a promising
pathway toward more transparent and robust radar altimetry
retracking over ice sheets.

VII. CONCLUSION
This paper presented XTR, an explainable Transformer-
based retracker for CryoSat-2 LRM radar waveforms.
Trained on the publicly available AWI-ICENet1 simulation
ensemble, XTR outperforms a classical threshold retracker
on simulated data, although it remains less accurate than
the augmentation-matched AWI-ICENet1 CNN baseline in
terms of waveform-level MSE on the same forward-model
distribution. Additional ablation and augmentation-control
experiments with the re-trained AWI-ICENet1 and an XTR
model trained without augmentation show that augmentation
alone does not explain the behavior of XTR. The architectural
ablation experiments further indicate that the Transformer
encoder contributes substantially to the simulated-data per-
formance of XTR. A CNN-only ablation degrades severely,
while a Transformer-only variant performs substantially
better than the CNN-only model but still remains inferior
to the full architecture. These results indicate that the best
simulated-data performance arises from the combination
of local convolutional feature extraction and global self-
attention. On CryoSat-2 LRM measurements over interior
Antarctica (2020–2025), evaluated under a common cor-
rection set and height definition, XTR generally reduces
the standard deviation of crossover elevation differences
relative to the re-trained AWI-ICENet1 baseline. At the
same time, AWI-ICENet1 remains tighter in the core of
the crossover distribution according to the NMAD. Taken
together, these results indicate that simulated waveform-level
regression accuracy and real-data crossover consistency
capture different aspects of retracker performance.
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Beyond performance, XTR provides explicit interpretabil-
ity through self-attention and gradient-based saliency diag-
nostics. Reference-aligned Integrated Gradients analyses
further support the interpretation that XTR uses broader
trailing-waveform context than the CNN baseline. These
analyses indicate that XTR tends to anchor the surface
estimate near the onset of the surface-dominated leading
edge, while also using broader trailing-waveform context
that may help stabilize retracking under varying penetration
regimes. The grouped reference-aligned comparison with
the AWI-ICENet1 baseline further shows that both models
are primarily driven by the near-surface waveform region,
but that XTR exhibits a stronger attenuation-dependent
broadening of its saliency profile, consistent with a poten-
tially more flexible adaptation to attenuation-dependent
waveform structure. Overall, XTR provides a competitive
and interpretable alternative to CNN-based retrackers for
CryoSat-2 altimetry.
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