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Abstract

Studying glacier movements is crucial because of their indications for global
climate change and its effects on local land masses. Building on established
methods for glacier movement prediction from Landsat-8 satellite imaging data,
we develop an attention-based deep learning model for time series data prediction
of glacier movements. In our approach, the Normalized Difference Snow Index
is calculated from the Landsat-8 spectral reflectance bands for data of the Parvati
Glacier (India) to quantify snow and ice in the scene images, which is then used
for time series prediction. Based on this data, a newly developed Long-Short
Term Memory Encoder-decoder neural network model is trained, incorporating a
Multi-head Self Attention mechanism in the decoder. The model shows promising
results, making the prediction of optical flow vectors from pure model predictions
possible.

1 Introduction

Glaciers and their inherent dynamics are a well-documented indicator for global climate change
[ 1311141 9L 126) 124, [151 1231 130, 15]]. Together with ice sheets, they also cover 10% of the Earth’s land
area, holding about 69% of Earth’s freshwater [L1]. Their monitoring is crucial for local authorities,
as glacier melting can have impacts on close-by regions like landslides, debris flows, rock slope
failures or ice avalanches [26]. To study the impacts of glacial change, advanced remote sensing
approaches have been developed, including, e.g., terrestrial laser scanning, radar satellite applications,
unmanned aerial vehicles, automatic camera imaging, and multispectral satellite imaging [4].

Many models of glacier dynamics explicitly focus on the physical processes inside glaciers [} 15]].
This approach comes with the disadvantage of varying estimates of different models, uncertainties of
different data sources, varying estimates of the same models by different research groups, and the
need for explicit knowledge of the underlying processes for parameter estimation and data prediction.
Therefore, deep learning methods have been deployed for glacier movement prediction from satellite
data [16]], where glacier dynamics are modelled indirectly through input-output relations. Recently,
deep learning, and especially computer vision, has made large progress due to the ability to learn
complex recurrent patterns, the emergence and improvement of advanced neural network architectures
[27], as well as the use of higher computational resources in model training [3] and larger datasets [6].
Based on these advancements, the present study focuses on the application of recurrent deep-learning
models to predict the movement of the Parvati glacier using satellite images.

Although recurrent neural networks (RNN) have been used to predict sea ice motion (e.g. Mu et al.
[17], Zhai and Bitz [32]], Petrou and Tian [19, [20]), most papers investigating glaciers focus on
classification approaches (e.g. Chu et al. [7l], Marochov et al. [13]], Prieur et al. [22]) instead of
predicting future glacier states with RNNs. Our approach is, therefore, inspired by sea ice motion
prediction. We use scene patches, similar to Min et al. [[16] and Petrou and Tian [19], apply a dense
optical flow algorithm as Vonica et al. [28] and rely on an LSTM self-attention hybrid model inspired
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by Mu et al. [17]]. We compare our approach to an LSTM encoder-decoder structure, similar to Ali
et al. [2]], and a ConvLSTM model. To the best of our knowledge, we are the first to use an attention-
based RNN for glacier movement prediction from satellite image time-series data. Therefore, this
paper presents a unique opportunity to contribute to understanding large climate change detection
indicators.

2 Data and Model

The generated datasets consist of Landsat-8
level 2 satellite images of the Parvati glacier
accessed through the SpatioTemporal Asset Cat-
alog (STAC) |'| Because Landsat-8 imaging
is not completely accurate [28]], the images
need to be aligned, for which we use the En-
hanced Correlation Coefficient Maximization
algorithm [10]] to compensate for pixel shifts
in images and produce more robust model pre-
dictions. We also filter the data for images
within the glacier scene (77.4880°E, 31.9927°N,
77.8206°E, 32.2253°N) with less than 20%
cloud coverage and less than 50% of missing
pixel values and use two out of the 19 bands pro-
vided at 30m resolution to estimate the glacier
movements: the green band (green, 0, 53 — 0, 59
micrometers) and the shortwave infrared one
band (swirl, 1.57 — 1.65 micrometers). These
bands still contain missing pixel values; thus,
we use a 5x5 kernel to calculate a weighted average for the missing pixel in question [28]]. We can
then compute the Normalized Difference Snow Index NDSI = (green — swirl)/(green + swirl),
which quantifies snow or ice in [—1, 1].

Figure 1. Glacier development over time. The
processing patches are highlighted in blue.

This NDSI index is for example used to classify glaciers with a U-net architecture [12] with a
multitude of different thresholds, while we quantify snow/ice in pixels with a generally adopted
threshold of 0.3 [28]], generating masks for each pixel. We use large regions, for the Parvati glacier
to capture the glacier fully. The images are additionally averaged over three months because the
intervals between images are not evenly spaced (e.g. clouds or missing data). The scene is sampled
in patches of size 50 x 50 to decrease the computational load of the used models. To generate the
final model input, patches of the same coordinates in different images are used over time, sampling
the same region at different time points. For simplicity a sequence of n consecutive images of the
scene at different time-points can be imagined, S = {S; | t € T'}, where S; € R800%800_ Patches of
overlapping or non-overlapping patches can be sampled from the scene, P = {py: | k € K,t € T},
where each pi ; is € R?°*%0 k € K denotes the patch number and ¢ € T the time index. We choose
the n as 8, therefore taking 4 patches as input, {px.+, Pk t+1, Pk.t+2, pk7t+3}, and predict the next
4 patches in the same coordinates, {Pg i+4, Pk t+5, Pk.t+6, Pk+7}. Thus, the model input and
target dimensions, ignoring the batch dimension, are tensors € R**20x50,

Our RNN-approach is a self-attention LSTM hybrid (SA-LSTM-H) model (as shown in Figure [2),
inspired by Mu et al. [17]. The model processes the flattened input patches in an LSTM layer, with
3 LSTM cells to generate hidden state representations from the last LSTM cell. These are then fed
into a multi-head self-attention layer [MHSA] [27] with five attention heads instead of an LSTM
decoder [19]], which improves the performance by weighting all the preprocessed hidden states from
the encoder and produces a matrix of size 4 x 2500 (timesteps ¢ to ¢t 3). This matrix is then flattened
to a1 x 10000 vector, fed through a linear layer and projected to a size of 1 x 2500, producing the
output for timestep ¢ 4. This vector is then concatenated to the output of the hidden states of the last
LSTM cell from the encoding layer, analogous to the concept of a first-in first-out stack. The decoder
then recursively predicts the next hidden state outputs using timesteps ¢, until ¢ 4. This process

!Comprehensive documentation for Microsoft’s Planetary Computer database can be found in the stack-
stac package for python [25]. Implementations can additionally be found here: https://github.com/
jonasmueler/Glaciers_NeurIPS.
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Figure 2. Overview of the SA-LSTM-H architecture with output dimensions represented in the nodes.

is repeated until all future timesteps are predicted, using encoder outputs and model predictions
recursively.

3 Case study on Parvati Glacier

The Parvati glacier is well suited for the prediction of glacier movements because the Landsat-8
image catalogue provides a high temporal density of images that are almost evenly distributed over
the months in a year, and, because of the high glacier density in the region and the surroundings.
Therefore, a dataset is created in which images are

averaged over a A\, of three months each year from Table 1: Comparison of test set performance

January 1, 2013, until January 1, 2022. If no images

are available for a given month, the missing months MSE MAE
are interpolated linearly to prevent temporal biasin ~ §A-1 STM-H 0.047 0.136
the data (one month in the whole sequence). The [ STM Encoder-Decoder 0.054 0.139
patches are extracted in a regio of interest of 800 x ConvLSTM 0.055 0.150

800 pixels with a stride of 10, resulting in 161,728
sequences of four input and four corresponding target patches from 36 scenes. The data is then
split into 80% training, where 10% of the training data is used for validation, and 20% test data.
The dataset is used to test the new model architecture and to compare it to other state-of-the-art
models on the test set, namely an LSTM Encoder-Decoder similar to Petrou and Tian [19] and a
ConvLSTM similar to Petrou and Tian [20]. As regularization techniques, teacher forcing, dropout,
early stopping, and weight decay are used. All used architecture specifications and hyperparameter
settings are given in Table[2] All models capture the patches’ spatial and temporal dynamics well.
The SA-LSTM-H model (Figure[5) outperforms the LSTM encoder-decoder and ConvLSTM models
on the test scores (Table [I), which is in line with the theoretical attributes of the SA-LSTM-H
architecture that attending sequence elements in parallel increases the performance in comparison to
an accumulation of recurrent information like standard LSTM cells [2]. The results indicate that the
used approach can predict the scene NDSI masks over time (Figure[3). Additionally we can estimate
the optical flow from consecutive predicted scene masks (Figure [).

The self-attention mechanism of the SA-LSTM-H model increases the overall performance and
enables the model to outperform the other two optimized LSTM-based approaches. The chosen
hyperparameters for the LSTM-based models contribute to their good performance, especially the
combination of relatively large batch sizes, generally resulting in stabilized gradients, [14]], and
dropout regularization, usually resulting in increased generalization performance [29], might be
leading to convergence to an improved local optimum in the loss landscape. Interestingly, the SA-
LSTM-H model improves the performance of the LSTM encoder-decoder model while using fewer
parameters and outperforming the ConvLSTM model (Table[2)). The reduced number of parameters
is important as training large ML models also contributes to climate change through their electricity
consumption [3]]. Lastly, all the models show prediction errors on the glacier termini, with the least
extreme effects for the SA-LSTM-H model. These results are in line with the empirical literature as
glacier termini respond to many environmental variables, e.g. cloudiness, shading or wind-driven
snow accumulation [[18]].
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Figure 3. Ground truth target images (first row) and absolute differences between model predictions
and targets (second row) on the test set images. Testset images are extracted for the full year 2021
with a At of 3 months.

4 Discussion

While the above-introduced approach is generally very promising, a few points exist where more
investigation is necessary. Notably, the patch size differs from the one used, for example, by Petrou
and Tian [20]. Therefore, it could be interesting to explore the use of different patch sizes and
their influence on prediction accuracy, as there might be a trade-off between a smaller model due to
decreased spatial dimensions and enough information density that still leads to valid inference. This
trade-off could depend on the characteristics of a given glacier and can be estimated from features
extracted from the glacier Furthermore, the NDSI is used with a threshold of 0.3 as a criterion for
snow classification in the scene. While this approach is taken from Vonica et al. [28], it could be
interesting to take other channel dimensions as model inputs or use a multitude of different thresholds
from 0 to 0.7 as He et al. [[12]. And lastly, taking the local dependency between patches into account
could further improve the prediction accuracy of the used approach. This could be operationalized,
for example, with a method that offers the model spatially close patches as input in addition to the
patches from previous timesteps. For the borders of the images, padding could be used to counter the
non-existing neighboring pixels.

5 Conclusion

Building on established methods in the literature (e.g. Vonica et al. [28] and Petrou and Tian [19}20]),
the present study developed a method to estimate glacier movement changes over time from Landsat-8
satellite image data. The experiments showed that it is possible to extract enough valid data from
the STAC API to train deep learning models, align this data in a way to make patch prediction
over time possible and that the SA-LSTM-H model can predict the patch sequences correctly to
estimate optical flow vectors from pure model predictions. Therefore, the approach could be used
further for monitoring glaciers and climate change effects in addition to in-situ methods to detect
dangerous abnormal changes and their consequences. As the model could successfully predict glacier
movements up to 12 months ahead, the pipeline could be implemented as a forecasting system using
freely available Landsat-8 or similar [21] satellite data. Landsat-8 imaging spans the globe, making
the approach scalable to many glaciers.
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Appendix

Figure 4. Optical flow estimations based on ground truth masks (left) and predictions of the SA-
LSTM-H model (right) for averaged masks of April, May, and June 2021 (first mask) and Juli, August,
and September 2021 (second mask).

1 1 1 1
1 1 1 1
251 i i i ] i
1 1 17.54 1 1
i i i i
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
i i 15.04 | i
204 i i i i
1 1 1 — 1
1 1 1 1
1 1 1 1
i i i i
1 1 1 1
! ! 1251 | !
1 1 1 1
i i i i
1 1 1 1
i i i i
> 151 | | > | |
Q i i I i i
C 4
) | | @ 100 i i
=} [ 1 =] 1 1
51 i i 53 i i
£ : PoE : :
i i i i
10 ! ! 7.5 R :
1 1 1
1 1 1
1 1 1
1 1 1
i i i
1 1 1
! 5.01 !
1 1
1 1
1 1
5 I I
1 1
2.51
0 0.0 - - - ; ; ;
0.0464  0.0466  0.0468  0.0470  0.0472  0.0474 0.1356 0.1358 0.1360 0.1362 0.1364 0.1366 0.1368 0.1370
MSE MAE

Figure 5. Boostrapped mean squared and mean absolute error of the SA-LSTM-H model on the test
set (100 bootstrap iterations). Dotted lines indicate 95% confidence bounds, solid lines indicate mean
values.



Table 2: Model Parameters

Model LR WD Dr. Epoch BS Opt. Param.
LSTM .0001 .001 0.1 40 100 adamW 300 120 000
SA-LSTM-H .0001 .001 0.1 40 100 adamW 200 072 500
ConvLSTM  .0001 .001 - 35 100 adamW 842 233

Note. LR is the learning rate, WD is the used weight decay, Dr. is the dropout parameter,
Epoch is the epoch number, BS is the batch size, Opt. is the optimizer, and Param.
is the parameter count used.
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