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Abstract

This study presents a deep learning-based approach for forecasting Sentinel-1 displace-
ment time series, with particular attention to irregular temporal patterns—an aspect often
overlooked in previous works. Displacement data were generated using the Parallel Small
BAseline Subset (P-SBAS) technique via the Geohazard Thematic Exploitation Platform
(G-TEP). Initial experiments on a regular dataset from Lombardy employed Long Short-
Term Memory (LSTM) models to forecast multiple future time steps. Empirical analysis
determined that optimal forecasting is achieved with a 50-time-step input sequence, and
that predicting 10% of the input sequence length strikes a balance between temporal cov-
erage and accuracy. The investigation then extended to irregular datasets from Lisbon
and Washington, comparing two preprocessing strategies: imputation and the inclusion
of time intervals as a second feature. While imputation improved one-step predictions,
it was inadequate for multi-step forecasting. To address this, a Time-Gated LSTM (TG-
LSTM) was implemented. TG-LSTM outperformed standard LSTM for irregular data in
one-step prediction but faced limitations in handling heteroscedasticity and computational
cost during multi-step forecasting. These issues were effectively resolved using Temporal
Fusion Transformers (TFT), which achieved the best performance, with RMSE values of
1.71 mm/year (Lisbon) and 1.26 mm/year (Washington). A key contribution of this work is
the development of a GIS-integrated forecasting toolbox that incorporates LSTM models for
regular sequences and TG-LSTM/TFT models for irregular ones. The toolbox enables both
single- and multi-step displacement predictions, offering a scalable solution for geohazard
monitoring and early warning applications.

Keywords: Sentinel-1; irregular time series; temporal fusion transformers; Geographic
Information System; geohazard monitoring

1. Introduction

Predicting displacements in time series is critical for a comprehensive understanding of
ground movements and their broader implications [1]. Such predictions play a pivotal role
in disaster management, environmental monitoring, infrastructure maintenance, resource
management, and public safety, ultimately contributing to informed decision-making, risk
mitigation, and sustainable development [2,3].
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Despite its significance, displacement time series forecasting remains inherently com-
plex, requiring a holistic approach that considers data quality, appropriate model selec-
tion, and a nuanced understanding of underlying temporal patterns [4,5]. Among these
patterns, trends and seasonality are fundamental elements shaping time series behav-
ior [6]. Trends reflect long-term directional movements—whether increasing, decreasing,
or stabilizing—while seasonality captures periodic fluctuations occurring at regular inter-
vals, such as daily, weekly, or monthly cycles, as illustrated in Figure 2 of [7]. Properly
identifying these components is essential for enhancing predictive accuracy.

Beyond trends and seasonality, several additional challenges complicate displacement
forecasting. High dimensionality, characterized by numerous features, can hinder precise
modeling and substantially increase computational demands [8,9]. Noise and outliers,
as illustrated in Figure 4 of [10], can obscure meaningful patterns and degrade model
performance. Moreover, non-stationarity—where statistical properties such as mean and
variance evolve over time—introduces instability into predictive models, as shown in
Figure 2.3 of [11].

Among these challenges, irregular sampling emerges as a particularly critical obstacle to
displacement monitoring, which severely undermines the effectiveness of standard forecast
techniques. Addressing irregularity is thus essential for advancing reliable displacement
predictions. Irregular sampling complicates modeling efforts by introducing non-uniform
temporal structures that hinder accurate pattern recognition and learning. A comprehensive
review [12] highlights two principal strategies for managing such irregular data: imputing
missing values prior to model training or modifying Recurrent Neural Networks (RNNs)
to handle variable intervals natively. Other studies have explored diverse approaches,
including correlation analysis methods for irregular series [13], penalization strategies
for irregular periodicities [14], specialized architectures such as the Dual-Attention Time-
Aware Gated Recurrent Unit (DATA-GRU) [15] and neural-controlled differential equation
models [16]. These contributions collectively underscore the increasing recognition of
irregular sampling as a major barrier in time series forecasting, motivating the development
of specialized methodologies, particularly in the context of geohazard monitoring.

To understand the motivation behind recent deep learning-based forecasting models,
it is essential to consider how classical time series methods have traditionally addressed
displacement modeling challenges. Classical time series forecasting methods provide a
structured foundation for analyzing temporal data. AutoRegressive (AR) models predict
future values as linear combinations of past observations, making them suitable for station-
ary series exhibiting autocorrelation [17]. Moving Average (MA) models represent current
values based on past forecast errors, effectively capturing short-term fluctuations but also
requiring stationarity [18]. The AutoRegressive Moving Average (ARMA) model combines
AR and MA components to better capture both the systematic patterns and residual noise
in stationary data [19]. To address non-stationarity due to trends, AutoRegressive Inte-
grated Moving Average (ARIMA) models introduce differencing, transforming the data
into a stationary form and enabling broader applicability to non-seasonal datasets with
trends [17]. When seasonality is present, the Seasonal AutoRegressive Integrated Moving
Average (SARIMA) model extends ARIMA by incorporating seasonal autoregressive and
moving-average components, allowing it to capture both trend and seasonal patterns.
However, Long Short-Term Memory (LSTM) models have demonstrated superior perfor-
mance in such contexts, as shown in [20]. The Seasonal Autoregressive Integrated Moving
Average Exogenous (SARIMAX) model incorporates seasonal and exogenous variables to
enhance accuracy, particularly for datasets with aligned input—output lengths [21]. While
SARIMA captures both trend and seasonal components and SARIMAX enhances accuracy
with exogenous variables, these classical models are limited in handling nonlinearities
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and long-term dependencies. Long Short-Term Memory (LSTM) networks address these
challenges by modeling complex temporal dynamics more effectively [22].

Outside the ARIMA family, Exponential Smoothing methods use exponentially
weighted averages of past observations, providing adaptive forecasts for level changes;
however, basic forms exclude trend or seasonality, which are addressed by Double and
Triple Exponential Smoothing (Holt-Winters). The Holt-Winters method addresses these
limitations by incorporating separate smoothing equations for level, trend, and seasonality,
making it well-suited for structured seasonal data [23].

Recent studies in INSAR time series forecasting with Sentinel-1 data further contextu-
alize this research. Traditional statistical models such as SARIMA and sinusoidal extrapola-
tion have proven effective for short- and long-term forecasts, respectively, but struggle with
non-stationary signals and irregular seasonal patterns [24]. Machine learning approaches
have expanded this landscape: Fiorentini et al. [25] applied Support Vector Machines and
Boosted Regression Trees for road displacement prediction, while Radman et al. [26] intro-
duced ensemble DL models combining Multi-Layer Perceptron (MLP), Convolutional Neu-
ral Networks (CNNs), and LSTM for subsidence forecasting. Although promising, these
approaches were often limited by data sparsity, coherence loss, and resolution mismatches.
LSTM-based methods, such as those by Abdikan et al. [27] and Mirmazloumi et al. [28],
showed improvements in forecasting and anomaly detection but remained vulnerable to
reduced spatial granularity, noise, and seasonal insensitivity. To address irregular sampling,
Lattari et al. [29] proposed the TG-LSTM, which improved adaptability but struggled
with capturing seasonal behaviors. More recently, Transformer-based architectures have
gained traction: Wang et al. [30] applied self-attention mechanisms for permafrost monitor-
ing, achieving enhanced feature representation, while Wang et al. [31] further developed
Spacetimeformer for spatiotemporal forecasting, though it remained heavily dependent
on time-series deformation maps and required substantial preprocessing. Complementary
studies, such as Gualandi et al. [32], employed Variational Bayesian Independent Com-
ponent Analysis (vbICA) to isolate deformation sources, yet faced challenges related to
stability and sensitivity to initialization.

Collectively, these contributions reflect a growing movement towards integrating
data-driven models for complex displacement forecasting. However, persistent challenges
remain, particularly in managing irregular sampling, capturing long-term trends, and bal-
ancing computational efficiency with predictive accuracy. These challenges form the core
motivation behind our proposed approach, which explicitly addresses irregular sampling,
supports multi-step forecasting, and embeds the methodology within a GIS-integrated
framework for scalable, context-aware geohazard monitoring.

To address these unmet needs, our study begins by systematically evaluating forecast-
ing techniques on displacement time series with regular temporal sampling. Specifically,
a regular dataset from Lombardy was analyzed using LSTM models to predict multiple
future time steps. Empirical evaluation revealed that the forecast accuracy diminishes as the
prediction horizon extends. This finding emphasizes the importance of carefully selecting
the number of future steps to maintain model reliability and establishes a benchmark for
subsequent experiments.

Building on these insights, the study transitions to forecasting irregular displacement
time series from Lisbon and Washington. Within the standard LSTM framework, two key
approaches were explored: imputing missing values and integrating time intervals as a sec-
ond feature. Although imputation improved single-step prediction, standard LSTM models
struggled with multi-step forecasting in irregular contexts. To address these limitations,
a Time-Gated LSTM (TG-LSTM) architecture was implemented, incorporating time inter-
vals directly into the modeling process. TG-LSTM demonstrated improved adaptability to
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irregular temporal structures but continued to exhibit limitations related to heteroscedastic-
ity and computational cost. Further advancements were achieved with the implementation
of the Temporal Fusion Transformer (TFT) model, which successfully reduced computa-
tional burdens and better managed heteroscedasticity patterns. By integrating attention
mechanisms and gating strategies, TFT outperformed traditional recurrent models in both
predictive accuracy and interpretability, establishing itself as a robust architecture for
displacement forecasting.

Moreover, this work emphasizes the potential of integrating Deep Learning (DL),
Interferometric Synthetic Aperture Radar (InSAR), and Geographic Information Systems
(GIS) for comprehensive geospatial analysis. This interdisciplinary integration offers a
new perspective on Earth’s surface dynamics by leveraging GIS for spatial data analysis,
DL for advanced temporal modeling, and InSAR for high-precision surface movement
measurements. However, a noticeable gap persists: the lack of comprehensive toolboxes
that combine GIS, Al, and InSAR technologies within widely used platforms such as ArcGIS
Pro. This gap particularly affects users with limited expertise or resources to develop such
integrative tools.

To bridge this gap, we developed a specialized GIS-integrated toolbox that enables
single- and multi-step displacement forecasting within a spatial analysis environment. This
toolbox democratizes access to advanced forecasting capabilities, allowing both expert and
non-expert users to leverage state-of-the-art DL methodologies for Earth surface monitoring.

The novelty of this research lies in its end-to-end exploration of forecasting both
regular and irregular Sentinel-1 displacement time series using advanced DL architectures.
Unlike prior studies that typically focus on either regular datasets or isolated modeling
strategies, this work systematically evaluates multiple approaches—including missing
value imputation, time interval embedding, Time-Gated LSTM, and Temporal Fusion
Transformers—across varying temporal structures. A key contribution is the demonstration
that TFT outperforms traditional LSTM-based methods in the multi-step forecasting of
irregular time series, effectively mitigating challenges related to heteroscedasticity and
computational cost. Additionally, the study presents a novel GIS-integrated toolbox that
operationalizes the best-performing models, thereby enhancing the practical usability of
DL methods in geospatial science.

2. InSAR Time Series Generation and Preprocessing Strategy
2.1. The Geohazard Thematic Exploitation Platform (G-TEP)

The displacement time series used in this study were generated via the P-SBAS service
available on the G-TEP [33]. It offers scalable access to a wide range of satellite datasets,
including both optical and Synthetic Aperture Radar (SAR) imagery, along with advanced
processing capabilities through user-configurable and modular workflows.

In this study, G-TEP was instrumental in generating the displacement time series that
served as the primary input for our analysis. Through the processing of complete Sentinel-1
Interferometric Wide-Swath (IW) Single-Look Complex (SLC) image stacks, the platform
produced validated, geocoded Line-of-Sight (LoS) displacement time series—forming
a robust foundation for the time-series decomposition and predictive modeling tasks
that followed.

2.2. Parallel Small BAseline Subset (P-SBAS) Processing

The P-SBAS methodology, as implemented on G-TEP, represents a significant ad-
vancement of the traditional Small BAseline Subset (SBAS) technique. By integrating
high-performance computing resources and fine-grained parallelization strategies, it ad-
dresses key computational bottlenecks commonly encountered in SBAS workflows—such
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as interferogram generation, phase unwrapping, time series inversion, and Atmospheric
Phase Screen (APS) correction. Leveraging a distributed cloud infrastructure, P-SBAS signif-
icantly accelerates processing times, making it well-suited for near-real-time displacement
monitoring in support of early warning systems and rapid response applications [34].

The full P-SBAS processing chain on G-TEP [35] ensures consistency and reproducibil-
ity in large-scale interferometric analyses. In the standard P-SBAS processing chain, the fi-
nal displacement products are typically refined to a spatial resolution of approximately
26 x 30 m—an optimized balance aimed at maximizing the signal-to-noise ratio (SNR)
while retaining adequate spatial detail for interpreting ground deformation. This resolution
is achieved by applying 20 looks in range and 5 in azimuth during multilooking, a process
that improves the SNR by averaging uncorrelated phase contributions and mitigating
decorrelation effects. The geocoded products are then resampled based on the 1-arcsecond
SRTM DEM, yielding a pixel spacing consistent with the 30 m grid seen in the output
GeoTIFFs.

2.3. Preprocessing and Datasets

Before initiating the preprocessing of the available displacement time series datasets,
it is essential to conduct an analytical examination of their fundamental components.
This includes assessing the trend, stationarity, and seasonality patterns inherent in each
dataset. The initial analytical framework employed in this study was not designed to
accommodate the irregular time series data from the Lisbon and Washington datasets.
In contrast, the Lombardy dataset exhibited a regular time series structure, making it more
suitable for this analytical approach. Consequently, the displacement time series data from
Lisbon and Washington were resampled and transformed into regular datasets prior to the
analysis of their time series components.

In the provided Figures 1-3, the trend, seasonal, and residual components of time
series samples from the Lombardy, Lisbon, and Washington datasets were extracted using
the UnobservedComponents class from the statsmodels.tsa.statespace.structural module in
Python [36]. This model implements the Unobserved Components Model (UCM) [37,38],
a flexible probabilistic framework for time series decomposition that represents the ob-
served series y; as the sum of latent stochastic processes:

yr =T+ St + Ry,

where T; denotes the trend component, S captures the seasonal variation, and R; accounts
for the residual or irregular fluctuations.

Unlike classical decomposition techniques that rely on deterministic smoothing,
the UCM approach models each component as an evolving stochastic process, estimating
their dynamics via maximum likelihood within a state-space formulation. In this study;,
the trend was specified as a local linear trend, permitting both the level and the slope
to vary over time, thereby capturing gradual changes in ground displacement. The sea-
sonal component was modeled with a periodicity of twelve months to reflect expected
intra-annual variations, consistent with the typical revisit interval of Sentinel-1 acquisitions
and the physical phenomena influencing displacement patterns. The residual component
encapsulates short-term variations not explained by the trend or seasonality.

This decomposition method offers enhanced flexibility compared to traditional ap-
proaches, as it allows for nonstationary behavior in both the trend and seasonal components.

The results revealed limited or no long-term trends but a clear seasonal com-
ponent across the datasets, offering valuable insights for modeling and forecasting
ground displacements.
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Figure 1. A sample from the Lombardy dataset displays the various components of the time series.
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Figure 3. A sample from the Washington dataset displays the various components of the time series.

It is important to note that the presence of strong seasonal fluctuations does not
pose a significant challenge for LSTM models. LSTMs are well-suited for capturing and
learning from such periodic patterns due to their ability to recognize and retain long-term
dependencies in sequential data.

The primary preprocessing methods employed included the imputation of missing
values and feature engineering. Specifically, backward filling was used for imputation due
to its simplicity and effectiveness in handling moderate data irregularities, as observed
in the Washington and Lisbon datasets. Additionally, feature engineering was applied by
embedding time as a second feature to enrich the datasets.

In the Lisbon dataset, the primary time interval observed was 6 days, with occa-
sional irregular intervals of 12, 18, and 24 days. In the Washington dataset, the first
two intervals—48 and 222 days—were significantly longer than the typical 12-day spacing.
These two data points were excluded prior to backward filling to prevent bias and ensure
the reliability of the imputed values.

The preprocessing methods were based on the following principles:

*  Missing Values Imputation (Backward Filling): This method replaces a missing value
at time f with the observation at time t + 1. It is effective for short gaps or when later
values are more representative. Figure 4 illustrates the application of this method
on synthetic displacement data with 15% missing values. This imputation technique
regularizes the time series by filling gaps, allowing it to be used as input for models
that require uniform time intervals, such as standard LSTMs. It should be noted that
missing values were imputed on the basis of the minimum observed temporal interval
in the dataset to maintain temporal consistency.

¢  Feature Engineering (Embedding Time Intervals): Intervals between observations
were embedded as a second feature. Instead of using a univariate displacement
sequence, the input was structured as a multivariate time series (sequence length, 2)
consisting of displacement and time interval. This structure enhances the model’s
awareness of irregular measurement spacing and improves its ability to capture
dynamics influenced by temporal gaps [39].



Remote Sens. 2025, 17, 2382 8 of 37

Backward Missing Value Imputation of Displacement Time Series
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Figure 4. Illustration of backward missing value imputation. The red dots labeled as NaN indicate
positions where data points were originally missing, reflecting the irregular nature of the time series.
These missing values did not exist in the raw dataset and were introduced here to simulate an
irregular time sampling scenario. The blue line represents the reconstructed time series after applying
the backward filling method, which replaces each missing value with the next available observation
in time.

The following subsections provide a description of each dataset used.

2.3.1. Lombardy Dataset

Lombardy is one of the most seismically and landslide-active regions in northern
Italy [40]. The region exhibits significant geomorphological diversity [41], with mountain-
ous terrain covering approximately 40.5% of its area. According to the Italian National
Institute for Environmental Protection and Research (ISPRA) [42], provinces such as Son-
drio, Bergamo, Lecco, Brescia, and Como show high to very high landslide susceptibility.
Moreover, Lombardy has experienced intense land use and urban development, often in
geologically unstable zones, exacerbating its vulnerability to ground deformation. The time
frame considered in our analysis encompasses a major hydrogeological event that occurred
on 2627 July 2021, which severely impacted towns around Lake Como—triggering numer-
ous landslides, damaging infrastructure, and highlighting the necessity for displacement
monitoring in such dynamic environments.

Table 1 presents the selected parameters used in the P-SBAS analysis for the Lombardy
dataset, including the start and end dates, number of images (Nol), DEM, temporal coher-
ence (Coh.), bounding box (BBX), and orbit direction (Orb.). The same parameters are also
reported for the Lisbon and Washington datasets in Tables 2 and 3, respectively.

Table 1. Summary of key parameters extracted from the P-SBAS analysis of the Lombardy dataset.
The corresponding geographic location is shown in Appendix A (Figure Al).

Dataset Start Date End Date Nol DEM Coh. BBX Orb.
44.943°,8.693°
Lombardy (Italy) 7 January 2020 17 August 2021 50 SRTM1 arcsec 0.85 16.884° 12.231° Desc.

Table 2. Summary of key parameters extracted from the P-SBAS analysis of the Lisbon dataset.
The corresponding geographic location is shown in Appendix A (Figure A2).

Dataset Start Date End Date Nol DEM Coh. BBX Orb.

38.088°, —11.124°
39.800°, —7.945°

Lisbon (Portugal) 26 January 2018 27 April 2020 50 SRTM1 arcsec 0.6 Asc.
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Table 3. Summary of key parameters extracted from the P-SBAS analysis of the Washington dataset.
The corresponding geographic location is shown in Appendix A (Figure A3).

Dataset

Start Date End Date Nol DEM Coh. BBX Orb.

Washington (USA)

14 October 2016 28 December 2019 75 SRTM1 arcsec 0.7

—121.426°, 46.358°

1200420, 47.167° A5

2.3.2. Lisbon Dataset

The Lisbon Metropolitan Area (LMA) is one of the regions in Portugal most exposed
to multiple geohazards, particularly landslides and flooding. According to the national
Landslide Risk Index (LRI) developed by Pereira et al. [43], the LMA demonstrates a high
susceptibility to landslides, primarily due to its high population density, urbanization
patterns, and terrain morphology. These factors contribute significantly to the exposure
dimension of landslide risk. Furthermore, the area is vulnerable to coastal and inland
slope instabilities, which are exacerbated by episodic heavy rainfall and tectonic activ-
ity [35]. A striking example of the region’s geohazard profile is a massive buried landslide
identified in 2019 in the Tagus River delta front. This ancient landslide, which extended
approximately 11 km in length and 3.5 km in width, caused significant sedimentary col-
lapse during the Holocene, as reported using high-resolution seismic reflection data [44].
These characteristics make Lisbon an ideal case study for testing displacement time series
modeling techniques in an urban, tectonically influenced, and hydro-meteorologically
active environment. Table 2 presents the parameters selected for the P-SBAS analysis of the
Lisbon dataset.

2.3.3. Washington Dataset

The U.S. state of Washington, situated along the tectonically active Pacific North-
west, is among the regions most prone to landslides in North America. According to
the U.S. national landslide inventory, this susceptibility is driven by a combination of
steep terrain, high precipitation rates, and active tectonics. Recent work by Xu et al. [45]
confirmed widespread, slow-moving, large-scale landslides across the West Coast using
ALQOS-2 PALSAR-2 InSAR data (2015-2019), revealing displacement rates of between 4
and 17 cm/year along the radar Line of Sight. These findings highlight both the geological
sensitivity of the region and the long-term nature of slope instabilities. The time window
chosen for our P-SBAS analysis coincides with the timeframe used by Xu et al., enabling
us to establish a meaningful temporal reference and validate the capabilities of Sentinel-1
for detecting and characterizing such ground deformations. This selection allows us to
test our model on persistent, tectonically influenced landslides within a well-documented
and environmentally complex area. Table 3 shows the parameters selected for the P-SBAS
analysis of the Washington dataset.

For further details regarding the datasets, the G-TEP platform, and the rationale
behind the selected P-SBAS parameters, we refer the reader to our previous work, where
these elements are discussed in depth [46]. The generated displacement time series for all
studied datasets are also provided in Appendix A.

3. Methodology

LSTM networks, introduced in 1997 [47], represent a seminal architectural innovation
designed to address the vanishing and exploding gradient problems. Incorporating mem-
ory cells and gating mechanisms, LSTMs enhance the network’s ability to retain and process
information across long sequences. These memory cells dynamically store and update
information, thereby preserving dependencies in sequential data. As explained in [48,49],
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the gating mechanisms govern the flow of information into and out of the memory cell,
enabling efficient and flexible sequential data processing.

3.1. Basic Structure and Training of LSTM and Motivation
3.1.1. Gating Mechanism in LSTM

The LSTM cell, a fundamental building block in RNNs [50-53], includes an input gate
ir, forget gate f;, output gate o4, and cell state C;. These gates operate in unison to manage
long-term dependencies in sequential data—a challenge where traditional neural networks
often fall short.

The sequential operations applied to the input vector x; and the previous hidden state
hi—1 compute the gating mechanisms and update the internal memory. At the core of the
LSTM architecture is the cell state C;, a persistent internal memory that allows information
to flow largely unaltered unless explicitly modified by the gates. This pathway allows
information to flow largely unaltered unless explicitly modified by the gates.

The memory update process begins with the forget gate f;, which determines how
much of the previous cell state C;_; should be retained. As shown in Equation (1), the gate
applies a sigmoid activation to a linear transformation of x; and h;_, generating a gating
vector that modulates C;_; through element-wise multiplication.

fr=0(Ws-xi+Us -1 +by), 1)

where Wy, Uy, and by are the weight matrices and bias vector for the forget gate.

Next, the input gate i; controls the incorporation of new information. It is computed
as shown in Equation (2), while the candidate memory C; (also denoted as gt) is generated
through a tanh activation, as defined in Equation (3).

it =0c(W;-xy + U - hy_1 +b;) )

gt = C = tanh(Wc - x; + U - hy_q + be) 3)

The product i; - C; represents the new information to be stored. This is combined with

the scaled previous memory f; - C;_1 via element-wise addition to update the cell state C;,
as shown in Equation (4).

Ct=fr-Cr1+ir- g 4)

Following the update of the cell state, the output gate o; determines which portion of
the cell state contributes to the output hidden state /;. After calculating o; (Equation (5)),
the updated memory C; is passed through a tanh activation and scaled by o; to produce #;,
as shown in Equation (6).

Ot :U'(Wo’xt'f'uo'htfl‘f'bo) 5)

ht = tanh(Ct) - Ot (6)

This gating mechanism enables the LSTM to control the storage, updating, and re-
trieval of information over time, making it highly effective for capturing long-range de-
pendencies in sequential data. Consequently, LSTMs have been widely adopted in various
applications, including natural language processing [54], speech recognition [55], and ma-
chine translation [56].

3.1.2. Forward and Backward Propagation

In the forward propagation process, as outlined in [57], the input at each time step f,
denoted as x;, is multiplied by the gate-specific weight matrices Wf, Wi, Wg, and W, while
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the previous hidden state /;_; is multiplied by the corresponding hidden weight matrices
Uy, U;, Uy, and U,. Biases b, are then added to these products to fine-tune the results.
The weighted sums are passed through activation functions, producing outputs from the
LSTM gates and updating both the memory state C; and the hidden state /;. This process
sequentially adjusts weights and biases to generate the network’s output and computes the
loss as the difference between the predicted and actual targets.

To optimize the network based on these predictions, the backpropagation process
is employed. The gradients computed during backpropagation reveal the contribution
of each gate to the overall error. This mechanism is critical for LSTM training, enabling
the network to adjust its weights based on both immediate and historical data contexts.
Unlike conventional feedforward networks that rely solely on current inputs, LSTMs retain
information over long sequences, making backpropagation essential for learning long-term
dependencies. In essence, forward propagation generates predictions and associated errors,
while backward propagation refines the network by adjusting parameters to enhance
predictive accuracy.

Backward propagation, as originally formalized by Werbos [58], begins at the last time
step, calculating gradients from the output layer back to the first time step. The LSTM gate
structures and associated parameter matrices are introduced in Equation (7), establishing
the foundation for the gradient computations that follow. Equations (8)—(17) build upon
this structure to derive the gradients of hidden states, cell states, and gates, which are
essential for adjusting weights and biases to minimize cumulative error.

o W(g) U(g) b(g)
> (@) u(i) b(i)
1t W
ateSy = JW = U = b= 7
gatest = | ¢ W 4 40 )
0 W 17 (©)
Shy = At + Ahy 8)
2
5Cs = 0hy @ 0 © (1 — tanh®(Cy)) + 6Cri1 ® fran 9)
. @
0t =0C0ir ©(1—gt ) (10
0ip =0Cr O g @iy © (1 —ir) (11)
5fi =0COC1 0 ®(1—ft) (12)
dop = 6hy © tanh(Cy) ® 0y © (1 — o) (13)
sxe = W 6gateS; (14)
Ay = U - sgates (15)
Accordingly,
new old old
W =W —A-6W (16)

where A is the Stochastic Gradient Descent coefficient and deltas of the weight matrices
and bias are
T T-1 T

6W =) _ébgateS; @ x;, 6U = Y dgateSyq @ hy, 6b =) _ bgateS; q (17)
= =0 =
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3.2. From Standard LSTM to Time-Gated LSTM: Handling Irregular Time Series

In applications involving uniformly spaced data, standard LSTMs offer a robust frame-
work for understanding and modeling the intricate temporal and spatial dependencies
characteristic of displacement patterns across different locations.

However, in response to the challenges posed by irregular time intervals in time series
data, this study explored an advanced LSTM variant known as the Time-Gated LSTM
(TG-LSTM) [59]. TG-LSTM extends the standard LSTM model by more effectively handling
temporal irregularities and varying intervals between observations. By incorporating time
gates, TG-LSTM dynamically adjusts the influence of past information based on the elapsed
time between observations, ensuring that the memory updates and outputs remain sensitive
to event timing. This mechanism allows the model to appropriately weigh the relevance of
older information, a critical feature for datasets with significant gaps between observations.
In such cases, TG-LSTM maintains temporal coherence and enhances prediction accuracy
where standard LSTM models might struggle.

To implement this approach, we developed a custom TG-LSTM model by subclassing
the standard LSTM Cell and introducing a time-gating mechanism. Each input sequence
included two features per time step: the displacement value and the time interval since
the previous observation. The Time-Gated LSTM Cell computed a gating vector from the
time feature through a learned linear transformation, which then modulated the forget,
input, and output gates. This allowed the cell to control memory updates based on the
temporal spacing of events. The model architecture consisted of two sequential layers with
225 and 75 units, respectively, followed by a dense output layer and a reshaping operation
to generate multi-step predictions. The model was trained using the same custom hybrid
loss function as presented in the first table of the Results section and optimized using the
Adam optimizer with a learning rate of 0.0001. To enhance generalization and reduce the
risk of overfitting, the architecture incorporated dropout and L2 regularization. A five-
fold cross-validation strategy was employed during training, and final predictions were
obtained through an ensemble method, where each fold’s model contribution was weighted
inversely to its validation Root Mean Square Error (RMSE). This configuration preserved
consistency with the standard LSTM in terms of hyperparameters while offering improved
performance for irregularly sampled displacement sequences.

3.3. Implementing the Temporal Fusion Transformer (TFT) Model

The Temporal Fusion Transformer (TFT) model, developed by Lim et al. [60], is an
advanced framework for time series forecasting that is particularly suited for multi-horizon
predictions. TFT integrates the multi-head attention mechanism of Transformers with the
sequence modeling capabilities of RNNs, creating an architecture that extends traditional
LSTM models.

The model architecture begins with variable selection networks that dynamically filter
the most relevant static and temporal features at each time step, allowing the model to
handle the heterogeneous input types common in geospatial forecasting tasks. The pro-
cessed sequence is then fed into an LSTM encoder-decoder: the encoder utilizes past
known inputs, while the decoder incorporates known future inputs, such as the relative
time index and static covariates related to displacements and time intervals. At each time
step t, encoder LSTM states are transferred to the decoder, where gating mechanisms refine
the outputs before passing them to the temporal self-attention layer. This layer applies
multi-head attention across the sequence, similar to Transformer models [61]. The final
output is refined through additional gating layers and mapped to quantile forecasts using
a Dense layer.
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Building on this architecture, we implement a TFI-inspired model tailored to the
specific characteristics of INSAR displacement forecasting. Our design retains core elements
of the original TFT while omitting variable selection networks and an explicit encoder—
decoder structure. The input sequence—comprising displacement values and acquisition
time intervals—is processed by a single LSTM layer that captures sequential dependencies.
The resulting latent representations are passed to a temporal self-attention layer.

We configure the attention mechanism with two attention heads and a model dimen-
sionality of d;,04e1 = 8, balancing model expressiveness with computational efficiency. Each
head learns to weight time steps according to their predictive relevance, and their outputs
are integrated via residual connections followed by layer normalization to promote training
stability. These architectural choices were empirically validated using cross-validated
performance on the InNSAR displacement dataset.

Subsequently, we apply a gated residual structure implemented through a fully con-
nected layer with normalization. While this differs from the original Gated Residual
Network (GRN) in TFT, it preserves the ability to regulate temporal information flow.
The final representation is flattened and passed through a Dense layer to generate multi-
step forecasts, structured as (output_steps, 2) to predict the displacement and acquisition
interval. Although our implementation does not explicitly incorporate static or known
future covariates, it remains highly effective in handling the irregular temporal sampling
and spatial heterogeneity typical of INSAR displacement series. The combined use of LSTM
and self-attention captures long-range dependencies and irregular dynamics, enabling the
prediction of geophysical trends such as subsidence or tectonic deformation [62,63].

Furthermore, the interpretability afforded by attention weights provides valuable
insights into the temporal evolution of deformation. By highlighting the most influential
historical inputs, the model supports explainable forecasting for infrastructure monitoring,
early warning systems, and risk-informed decision making in geohazard assessment [64—66].

3.4. Integration of LSTM, TG-LSTM and TFT Models into ArcGIS Pro Toolbox

To enable the advanced forecasting of displacement time series within a geospatial
context, we developed a toolbox that incorporates LSTM, TG-LSTM, and TFT models into
the ArcGIS Pro environment. The toolbox is designed to accommodate both regularly and
irregularly sampled time series. Instead of automatically detecting sampling regularity,
the toolbox relies on user input. When the checkbox indicating a non-regular dataset is
selected, the data is interpreted as irregular, prompting the application of the TG-LSTM
model for single-step prediction and the TFT model for multi-step forecasting; otherwise,
the toolbox defaults to the LSTM architecture. This mechanism supports both next-step
and multi-step forecasting.

The toolbox architecture extracts displacement values and associated temporal features
from input time series. For datasets identified as irregular, time intervals are incorporated
as an additional input feature to enhance temporal modeling. For regularly spaced series,
this step is omitted. The toolbox provides advanced configuration options, including
customizable hyperparameters (e.g., number of LSTM units, learning rate, number of
training epochs), and offers real-time visualization of learning curves to track convergence
during training.

Full compatibility with Sentinel-1 displacement datasets is ensured via a dedicated
protocol for products processed through the Italian National Council of Research (CNR)
P-SBAS service on the G-TEP platform. Furthermore, the toolbox supports external datasets
that have not undergone P-SBAS processing, provided they conform to the structural
requirements outlined in Table 4.
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Users are required to define the geographical extent of the analysis explicitly. This
spatial specification is essential for constraining the processing domain and is reinforced by
internal safeguards that manage computational load for large-scale datasets.

The motivation behind this toolbox lies in bridging the gap between advanced deep
learning models and operational geospatial workflows. By embedding forecasting capabili-
ties directly within ArcGIS Pro, the toolbox allows geoscientists, urban planners, and hazard
managers to perform time series predictive modeling without requiring separate coding
environments. This spatial integration facilitates intuitive selection of areas of interest,
point-specific forecasting, and overlay with other geospatial layers—thereby enhancing
interpretability and decision making. The value of this approach is in its ability to transform
DL-based InSAR forecasting from a research task into an applied, location-aware tool ac-
cessible within established GIS ecosystems. The detailed configuration instructions, usage
guidelines, and source code for the toolbox are available in the public GitHub repository:
https:/ / github.com/Lama-NM/displacement-forecasting-toolbox- ArcGISPRO (accessed
on 21 September 2021).

Given the integration of various techniques in the proposed method, a workflow
diagram (see Figure 5) is presented to outline the end-to-end implementation process:

G-TEP Platform

v

P-SBAS Service

Sentinel-1 Displacement Time Series
Case Studies: Lombardy, Lisbon and Washington

Forecasting Regular Displacement Dataset
(Lombardy Dataset)
Perform ACF Analysis Assess Homoscedasticity

| |
v

Evaluate LSTM Robustness for Multi-Step Forecasting
and
Identify Optimal Forecast Horizon

v

Predicting Single Time Step from Irregular Datasets
(Lisbon and Washington Datasets)

Impute Missing Values Embed Time Intervals
‘ Higher . . - Lower
Evaluate via RMSE & Residual Homoscedasticity ——.
Performance Performance

Multi-Step Forecasting on Irregular Datasets
Imputation + LSTM TG-LSTM TFT

W

Compare Results Using Homoscedasticity and RMSE Residuals Besides
MAE

Develop ArcGIS Pro Toolbox: LSTM for Regular, TG-LSTM and TFT
for Irregular Datasets

Figure 5. Workflow of the proposed method.
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Table 4. Expected dataset structure for compatibility with the toolbox when using data not generated
by the P-SBAS service.

ID Lat Lon 26 January 2018 7 February 2018 19 February 2018 3 March 2018 15 March 2018
0 38.7079  —9.4854 0 0.0004 0.1624 0.1624 0.3414
1 38.7088 —9.4863 0 0.0016 0.0385 0.0385 0.3324
2 38.7096 —9.4863 0 0.0031 0.1335 0.1335 0.2479
3 38.7096 —9.4863 0 0.0052 0.4813 0.4813 0.5352
4 38.7104 —9.4863 0 0.0071 0.3348 0.3348 0.4225
5 38.7071  —9.4846 0 0.0831 —0.0141 —0.0141 0.2588
6 38.7079  —9.4846 0 —0.0023 0.1143 0.1143 0.2320
7 38.7079  —9.4846 0 —0.1181 0.0620 0.0620 0.1224
8 38.7088 —9.4854 0 —0.2369 0.4562 0.4562 0.2081
9 38.7096 —9.4854 0 0.0018 0.2273 0.2273 0.2738

4. Results

This section presents the evaluation of forecasting models applied to displacement
time series. We first examine the application of LSTM models for single- and multi-step
forecasting in regular datasets. Strategies for addressing irregular time series are then
assessed, comparing imputation with time-interval embedding. The performance of the
TG-LSTM and TFT models is analyzed. Finally, we outline the integration of the LSTM,
TG-LSTM, and TFT models into a GIS-based toolbox within the ArcGIS Pro environment.

4.1. Models Evaluation and Validation

We compare the LSTM, TG-LSTM, and TFT models for forecasting regular and irreg-
ular displacement time series. The analysis relies on three datasets generated using the
P-SBAS technique. We also evaluate the impact of the preprocessing methods described
earlier. An ensemble approach based on five-fold cross-validation is employed. Each
model’s contribution is weighted inversely to its validation RMSE, giving more influence to
models with lower errors. This ensemble model applied the weights, scaled the predictions,
and averaged them, enhancing both accuracy and stability on the test set.

4.1.1. Outcomes of Time Series Forcasting for Regular Displacement Patterns

The regular dataset examined in this study is the Lombardy dataset, which spans
50 time steps.

¢ One Time Step Prediction

All hyperparameters for predicting one time step are listed in Table 5. The model
used a custom loss function that combines L1 (Mean Absolute Error) and L2 (Mean
Squared Error) components. These were weighted using the parameters alpha and
beta. By setting alpha to 0.3 and beta to 0.7, we placed more weight on L2 loss. This
helped reduce larger errors while still being robust to outliers. Reference [67] contains
detailed descriptions of the basic and advanced definitions of DL model parameters
and hyperparameters.

The displacement values in the dataset ranged from —4.1 cm to 3.2 cm, with a standard
deviation of 0.4 cm. Based on this distribution, the model’s average RMSE, evaluated
on a split of the dataset (80% for training and validation, 20% for testing, consistently
applied across all datasets), was recorded at 0.08 cm. This relatively low RMSE, when
compared to the overall range and variability of the displacement values, indicates
that the model is capable of reliably approximating the underlying patterns in the
data. The small difference between the predicted and observed values shows that the
model captures detailed displacement trends effectively.
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Table 5. Comparison of hyperparameters for training an LSTM Model to predict one time step versus
multiple time steps (Lombardy dataset).

Hyperparameter One Time Step Multiple Time Steps
Num. of LSTM Layers 1 2
Num. of Nodes 50 100, 50
Num. of Epochs 15 35
Learning Rate 0.001 0.0001
Optimizer Adam Adam
Loss Function custom L1-L.2 custom L1-L2
Accuracy Metric RMSE RMSE
Batch Size 128 128
Cross-Fold Validation 5 folds 5 folds

Multiple Time Step Prediction

For multi-step forecasting, we used an enhanced LSTM model based on the single-step
version. This updated model demonstrated strong performance. The corresponding
hyperparameters are listed in Table 5.

To assess the model’s reliability in predicting a sequence of up to fourteen time steps
within a 50-step time series, two critical diagnostic checks were performed: plotting
the ACF (autocorrelation function) and evaluating homoscedasticity.

—  ACF: The Autocorrelation Function (ACF) measures the linear relationship
between observations separated by time lags in the sequence [68]. Plotting the
ACF is essential as it reveals any remaining correlation in the residuals of the
model’s predictions. Significant autocorrelation at any lag suggests that the
model has not fully captured the predictive structure within the data, indicating
room for improvement. Conversely, the absence of such correlation would
affirm that the model’s predictions are not systematically biased by overlooked
temporal dependencies.

- Homoscedasticity: Homoscedasticity indicates that prediction errors have a
consistent variance across all input values. This is an important condition for
statistical validity. Heteroscedasticity may indicate that the model is missing im-
portant features, contains misspecifications, or requires variable transformations.
This condition is foundational for the validity of various statistical inferences
made based on the model, as described in [69].

The training results showed consistent improvement in both loss and RMSE over six,
ten, and fourteen prediction steps. The validation results followed a similar trend.
There was no sign of overfitting. The model balanced bias and variance well and
generalized effectively to unseen data. As shown in Figure 6, Figure 6a displays a
more homoscedastic error pattern than Figure 6b,c.

This is demonstrated by the reduced number of outliers and tighter error containment
around zero, indicating stable variance in prediction errors across different predicted
values. The residuals are also symmetrically distributed above and below the zero
line without a funnel shape, reinforcing the presence of homoscedasticity. Figure 7
shows that as the prediction range increases—from six to fourteen steps—outlier errors
become more frequent. This suggests higher uncertainty in longer-term forecasts.
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Figure 6. Homoscedasticity plots for 6 (a), 10 (b), and 14 (c) time step predictions (Lombardy dataset).

Figure 8 shows the ACF for predicting fourteen time steps. It reveals that autocorrela-
tion remains minimal and stable up to five steps but increases significantly beyond
this point. This pattern suggests that autocorrelation grows as predictions extend
further. This is expected in physical systems where each time step continues the same
process. Such systems often show correlation between successive stages.
Consequently, forecasts beyond five steps may compromise accuracy, while predictions
within this range maintain reliability. Thus, to ensure accuracy while maintaining
temporal coverage, we used 10% of the series length as a benchmark. This was applied
to the Lisbon (48 steps) and Washington (75 steps) datasets. Figure 9 shows examples
of six, ten, and fourteen predicted time steps for the time series number 4395 of
the dataset.
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bardy dataset).
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Figure 8. ACF charts for fourteen-step predictions on the Lombardy dataset. The y-axis indicates
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reveals the temporal correlation of prediction errors at a specific forecast horizon, helping assess the
reliability and independence of the model’s multi-step predictions.
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Figure 9. Multiple time step predictions (6 (a), 10 (b), and 14 (c), respectively) for time series index

4395 (Lombardy dataset).

4.1.2. Outcomes of Time Series Forecasting for Irregular Displacement Patterns

The explored irregular datasets are the Lisbon and Washington datasets.
*  One-Time-Step Prediction

Lisbon Dataset Results:

We applied the LSTM model to the Lisbon dataset using the same architecture as
for the Lombardy dataset. However, we increased the number of epochs from
15 to 35 and expanded the dataset to 109,962 samples, with displacement values
ranging from —6.5 cm to 3.8 cm.
We excluded the ACF analysis because it works well when time is used as a
feature but not when missing values are imputed, where artificial correlations
may be introduced. Therefore, it was deemed more appropriate to exclude it from
this comparison.
After training, we observed the learning curves of both models—one incorporat-
ing missing value imputation and the other embedding time intervals as a second
feature. Both models learned rapidly, with loss and RMSE values converging
within the first few epochs. The key difference was in the initial loss and RMSE
values. The model with time intervals started with higher errors but eventually
reached similar low levels. This is likely due to its dual input of displacements
and time intervals, unlike the other model. The validation and training results
were closely aligned, suggesting minimal overfitting and strong generalization.
On average, the RMSE was 0.0004 cm when implementing missing data impu-
tation. The low RMSE with imputation may result from the smoothing effect
of filled-in values and the larger dataset. When embedding time intervals as a
second feature, the RMSE was 0.055 cm. To draw a more detailed conclusion,
Figure 10 presents a comparative analysis of the homoscedasticity associated with
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(a)
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the aforementioned data preprocessing techniques. Figure 10a (missing value
imputation) shows better homoscedasticity, making it preferable, as it indicates
that model errors are evenly distributed and stable across predictions. Figure 10b
(time interval embedding) shows greater residual variability, especially as pre-
dictions move away from zero. This indicates heteroscedasticity, where error
magnitude depends on the predicted value. The homoscedasticity plots in this
paper represent only displacement residuals.
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Figure 10. Homoscedasticity plots for one-step prediction on the Lisbon dataset: (a) with missing
value imputation; (b) with embedded time intervals as a second feature.

Washington Dataset Results:

We trained the Washington dataset using the same hyperparameters as for the
Lisbon dataset. The only difference was a smaller sample size—21,471 records,
ranging from —5.1 cm to 4.1 cm. Learning curves showed rapid improvement,
with sharp drops in both loss and RMSE. This trend was similar to what was
observed in the Lisbon single-step forecast. Initially higher errors were caused
by the added complexity of using time interval embeddings. Despite this, both
models generalized well. The validation metrics stayed close to the training
results, reducing concerns about overfitting. The consistently lower loss and
RMSE values suggested effective model performance across datasets. On average,
the RMSE was 0.036 cm with missing data imputation and 0.03 cm with time
interval integration.

Figure 11 presents a comparative analysis of the homoscedasticity associated
with missing data imputation and embedding time intervals as a second fea-
ture. Figure 1la (missing value imputation) exhibits better homoscedasticity,
with residuals evenly distributed around zero across the predicted values. This
consistency is desirable, as it indicates a uniform distribution of errors. In contrast,
Figure 11b (time interval embedding) displays a "fan-shaped" spread of residu-
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als. This indicates that errors increase with higher predicted values, suggesting
variability in accuracy.
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Figure 11. Homoscedasticity plots for one-step prediction on the Washington dataset: (a) with missing
value imputation; (b) with embedded time intervals as a second feature.

Furthermore, the residual distribution plots in Figure 12 support the previous
observations. In Figure 12a (missing value imputation), nearly all residuals fall
within a narrow range, indicating consistent, low error, and better homoscedas-
ticity. Figure 12b (embedding time intervals) shows residuals distributed over a
broader range, reflecting greater variability and heteroscedasticity. All residual
plots in this paper show absolute displacement errors. We excluded time interval
errors due to their negligible magnitude.

Overall, the model using missing data imputation generally performed better
than the one using time interval embedding.

Multiple-Time-Step Prediction

Because some heteroscedasticity persisted, we tested the TG-LSTM model, which is
designed to handle irregular time intervals. While TG-LSTM mitigated some of these
issues, it was computationally expensive and still exhibited outliers.

Consequently, we transitioned to the TFT model for improved performance. The LSTM
model used in this task was configured with hyperparameters comparable to those ap-
plied in Lombardy’s multi-step time series forecasting. Unlike the LSTM, the TG-LSTM
model incorporated time as a second feature and utilized a dual-layer architecture,
as described in Section 3.2.

The TFT model architecture in this study is specifically tailored to predict both dis-
placement and time intervals in multi-step time series. Its architecture begins with an
LSTM encoder layer (eight units), followed by a multi-head attention layer with two
heads and a key size of eight. The attention output passes through a Gated Residual
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(a)

Network (GRN), implemented as a dense layer with eight nodes and ReLU activation.
This setup includes a residual connection and layer normalization for training stability.
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Figure 12. Residual distribution plots for one-step prediction on the Washington dataset: (a) with
missing value imputation; (b) with embedded time intervals as a second feature.

Lisbon Dataset Results

All three models showed good convergence, with training and validation curves
aligning quickly. Table 6 reports the RMSE, Mean Absolute Error (MAE), and
computation time. The TFT model achieved both low error and the shortest
run time. Since the computational time depends on the system’s processor and
memory, we note that the experiments were conducted on a machine equipped
with an AMD Ryzen 7 5700U processor (8 cores, 16 threads, 1801 MHz) and 16 GB
of RAM.

Table 6. RMSE and computation cost for the standard LSTM, TG-LSTM, and TFT models, respectively

(Lisbon dataset).
Model RMSE (cm) MAE (cm) Computation Cost (min)
Standard LSTM 0.124 0.085 287
TG-LSTM 0.169 0.125 288
TFT 0.167 0.128 84

Figure 13 illustrates the influence of homoscedasticity on the standard LSTM,
TG-LSTM, and TFT models. The standard LSTM model (Figure 13a) exhibited
scattered residuals with variable spread, indicating some heteroscedasticity and
leading to inconsistent error distribution across predictions. Figure 13b (TG-
LSTM) showed a better residual concentration around zero compared to LSTM,
but still displayed variability at extreme values and remained sensitive to outliers.
In contrast, the TFT model (Figure 13c) showed the most consistent residual
spread around zero, demonstrating the most favorable homoscedasticity. Its
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strength in capturing dependencies and handling irregular time steps made TFT
the most reliable model.

In addition to the residual-based evaluation, we also report the MAE to pro-
vide a complementary view of average prediction accuracy. For the Lisbon
dataset, the LSTM model achieved the lowest MAE, followed by TG-LSTM
and TFT. Although LSTM achieves better average performance, the residual
plots indicate that this comes at the cost of increased variance and reduced error
stability—particularly at the edges of the prediction range. In contrast, TFI’s
slightly higher MAE is compensated for by its more homoscedastic and symmet-
ric residual distribution.

Furthermore, the residual distribution plots (Figure 14) support the earlier conclu-
sions. Figure 14c shows the narrowest error range and the highest residual con-
centration, aligning with TFT’s strong stability and homoscedasticity. Figure 14b
(TG-LSTM) has broader residuals than TFT but they are still slightly narrower
than in the standard LSTM. The standard LSTM model (Figure 14a) presents the
widest spread of residuals, confirming higher error variability. These observa-
tions further highlight that the TFT model manages residuals more effectively,
providing better stability and generalization in predictions.

Figure 15 presents an example of multi-step predictions using the three models
for time series index 11,840. The difference in the number of time steps is due to
missing value imputation in the dataset. Originally consisting of 48 displacement
data points, the dataset expanded to 138 points after imputation. Consequently,
10% of the time series now corresponds to 5 time steps in the original dataset and
14 time steps in the imputed dataset. Another example of multi-step forecasting
results for time series number 9691 is presented in Appendix B, reinforcing the
comparative evaluation of the three models.

Washington Dataset Results:

The same three models were subsequently applied to the Washington dataset,
with the training epoch count adjusted to 50. They were assessed on 10% of the
time series length, corresponding to eight steps. Overall, the models appeared
to learn effectively without overfitting, as evidenced by the convergence and
parallel behavior of the training and validation loss/RMSE curves.

Table 7 presents the RMSE, MAE, and computation time values for each model.
The results indicate that the TFT model outperformed the TG-LSTM in both
predictive accuracy and computational efficiency. Compared to standard LSTM,
TFT required more computational time and achieved a slightly lower RMSE;
however, the difference between the two was minimal. The MAE results followed
a similar trend, with TFT and LSTM showing comparable performance and TG-
LSTM exhibiting the highest average error. While LSTM achieved the lowest
MAE, the difference from TFT was small, and, as shown in the residual plots, TFT
maintained superior stability and consistency, which are essential in irregular,
multi-step forecasting. Despite the higher computational cost, TFT remains the
most robust option. Its dual input of displacement and time intervals allows for a
higher-dimensional data representation. Unlike standard LSTM, which excluded
the first two time steps to avoid bias from large gaps, the TFT model retained all
data, better capturing time-based variation. Therefore, its higher cost is justified
by improved accuracy and handling of continuous time series.
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Figure 13. Homoscedasticity plots for the LSTM (a), TG-LSTM (b), and TFT (c) models (Lis-

bon dataset).
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Figure 14. Residual distribution plots for the LSTM (a), TG-LSTM (b), and TFT (c) models (Lis-

bon dataset).
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Figure 15. Predicting multiple time steps using the model’s standard LSTM (a), TG-LSTM (b), and
TFT (c), respectively, for the time series index 11,840 in the Lisbon dataset.
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Table 7. RMSE and computation cost for the standard LSTM, TG-LSTM, and TFT models, respectively

(Washington dataset).
Model RMSE (cm) MAE (cm) Computation Cost (min)
Standard LSTM 0.127 0.099 55
TG-LSTM 0.224 0.134 115
TFT 0.125 0.11 85

Figure 16 illustrates the homoscedasticity for the three models. The TFT model
(Figure 16¢) demonstrates the best homoscedasticity, with residuals most evenly
distributed around zero and no discernible pattern. The standard LSTM model
(Figure 16a) follows closely, though it shows slightly denser clusters at certain
predicted values, suggesting minor issues with variance consistency. Figure 16b
(TG-LSTM) shows a funnel-shaped residual pattern, with growing error variance
at higher prediction values, confirming heteroscedasticity.

The residual distribution plots in Figure 17 confirm that the TFT model offers the
best consistency in error distribution, followed by the standard LSTM. The TG-
LSTM model shows the greatest variability, with a broader spread and residuals
extending to larger ranges.

(a) Residual vs. Predicted Plot
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Figure 16. Homoscedasticity plots for the LSTM (a), TG-LSTM (b), and TFT (c) models (Washing-
ton dataset).
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Figure 17. Residual distribution plots for the LSTM (a), TG-LSTM (b), and TFT (c) models (Washington

dataset).
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(C) Eight-Step Prediction for Series Index 1904
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Figure 18. Predicting multiple time steps using the model’s standard LSTM (a), TG-LSTM (b),
and TFT (c), respectively, for the time series index 1904 in the Washington dataset.

Figure 18 shows an example of predicting multiple time steps using the three
models for the time series number 1904. A second example illustrating multi-
step predictions for time series number 828 is provided in Appendix B, further
supporting the comparative analysis across models.

*  Opverall Summary
According to the results, the learning curves from the Lisbon and Washington datasets
did not provide definitive evidence to identify a single best-performing model overall.
However, the Lisbon multi-step analysis showed that the TFT model performed best
in terms of homoscedasticity, residual distribution, and computational cost.
While the TFT had a slightly higher RMSE than the standard LSTM—mainly due to a
few large residuals—this metric should be interpreted with caution. Residual plots
show that the TFT model produced more predictions with residuals below 0.1 cm
than the others. This indicates that, despite a few extreme values, the TFT model
consistently delivered high-accuracy predictions for the majority of the dataset. This
is important in practical applications, where consistent accuracy matters more than
rare large errors.
Comparable results were observed for the Washington dataset, further supporting the
superior performance of the TFT model. Qualitative examples further show that the
TFT model accurately captured subtle displacement changes over time.

4.2. The Developed Toolbox Workflow in ArcGIS Pro

Upon execution, the toolbox guides the user through defining the dataset properties,
including temporal regularity and geographic extent. Based on the selection (e.g., checking
the “Irregular Time Series Dataset” box), the appropriate forecasting model is triggered
automatically, as previously detailed in Section 3.4.

Following initial execution, two primary outputs are generated:

* A shapefile containing the spatial coordinates (latitudes and longitudes) of the points
specified by the user and referenced to the time series dataset.
* A notification displaying the RMSE obtained from training the predictive model.

Upon completion of the training phase, a Tkinter-based graphical interface is activated
to facilitate the visualization of the predictive results for different points. If multiple points
are selected simultaneously, an error message is triggered to enforce single-point selection.

Dynamic updating of the displayed prediction occurs whenever the user selects a
different point by clicking within the interface. An example of forecasting four future time
steps using the toolbox is presented in Figure 19.
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Figure 19. Exampleof forecasting four time steps using the toolbox.

The overall implementation logic, developed in Python and integrating geospatial
processing, deep learning, and interactive visualization, is summarized in the workflow
diagram (Figure 20).

STEP 1: Library
Dependencies

!

STEP 2: Input
Acquisition

!

STEP 3: Displacement
Data Parsing

!

STEP 4: Spatial
Filtering

!

STEP 5: Utility and
Model Function
Definitions

!

STEP 6: GIS Output
Generation

!

STEP 7: Data Integrity
Validation

!

STEP 8: Model Training __|

for Irregular Time Series

!

STEP 9: Interactive
Prediction GUI

___ Objective : Provide GUI (tkinter), geospatial (arcpy), numerical (NumPy, Pandas),
machine-learning (TensorFlow / Keras) and visualisation (Matplotlib) capabilities.

— Implementation handled by Python import statements.

—— Objective : Collect modeling parameters to control the appropriate training
model and configure its hyperparameters accordingly.

— Method : arcpy.GetParameterAsText()

— Objective : Read CSV input file, extract dates, determine temporal regularity, and
isolate displacement matrix (Based on isCNR format flag).

'— Methods and Libraries : open(), csv.reader, datetime.strptime(), numpy.array(),
numpy.unique()

— Objective : Select displacement points within specified lat/lon bounds.

L Methods and Libraries : numpy.float64(), pandas.DataFrame(), pd.concat()

— Objective : Define classes and functions for forecasting and evaluation.

L— Includes: Time extension helpers, data reshaping methods, and plotting
functions: add_days_to_last_date_Mult(), plotCurves(), df to_XY_N(),
build_time_gated_lstm_model(), temporal_fusion_transformer(), custom_11_12_loss()

— Objective : Generate and store XY event layer and shapefile corresponding to
the selected displacement region.

'— Methods and Libraries : arcpy.MakeXYEventLayer management(),
arcpy.FeatureClassToFeatureClass_conversion()

— Objective : Ensure the number of samples does not exceed the upper
limit allowed for processing; i.e.100000 samples.

'— Action : arcpy.AddError() — sys.exit()

— Objective : Perform single- or multi-step forecasting using LSTM, Time-Gated
LSTM or Temporal Fusion Transformer

'— Method: - Training: model.fit(), model.predict()
- Evaluation : mean_squared_error(), plotCurves(), MessageBox
- User Interface: tkinter.Tk(), show(), Close()

— Objective : Allow the user to visualize displacement predictions for
a single selected point in the ArcGIS map.

—— Methods and Libraries : arcpy.mp, arcpy.Describe, ctypes.MessageBoxW, matplotlib

Figure 20. Overview of the forecasting toolbox workflow. Grey text identifies the main modules in
the toolbox workflow, outlining the chronological sequence of operations. Black text describes the
objective of each step—what the module is designed to achieve. Green text represents the methods,
functions, or libraries used to implement each step.
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This architecture supports the full forecasting of regular and irregular displacement
series with minimal user input.

5. Conclusions

This study explored LSTM-based models for forecasting ground displacements in
both regular and irregular time series. For irregular series, imputing missing values
outperformed embedding time intervals when using standard LSTMs, although standard
models showed limitations in multi-step prediction tasks.

To address this, we implemented TG-LSTM and TFT models, which directly incor-
porate time intervals into their architecture. Among these, the TFT model demonstrated
superior performance, improving predictive reliability and reducing computational cost,
as confirmed by homoscedasticity and RMSE analyses. Quantitatively, TFT achieved RMSE
values of 1.71 mm/year for Lisbon and 1.26 mm/year for Washington, outperforming
TG-LSTM and standard LSTM in multi-step forecasting. Alongside model development, we
introduced a GIS-integrated forecasting toolbox that automatically selects the appropriate
model based on data regularity, combining deep learning techniques with InNSAR analysis
in a practical geospatial framework. While LSTM proved sufficient for the regular dataset,
the architectural strengths of TFT suggest it could also be advantageous for forecasting
regular time series. The findings highlight the importance of tailoring model architectures
to data characteristics.

Future work will focus on integrating environmental covariates, such as temperature,
precipitation, and topographical features, to enhance model interpretability and accuracy.
Further development of the toolbox will also aim to incorporate statistical evaluation tools
and expand hyperparameter customization, offering greater flexibility and robustness for
geospatial time series forecasting.
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Appendix A. Displacement Velocity Maps of the Studied Datasets

This appendix provides the generated time series of displacements for the analyzed
datasets of Lombardy, Lisbon, and Washington utilizing the P-SBAS service available on
the G-TEP platform. It should be mentioned that the deformation map of the Lisbon dataset
was conducted by other researchers and is publicly available in [33].
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Figure A1l. Displacement velocity map of the Lombardy dataset using the P-SBAS service at the G-
TEP.

Figure A3. Displacement velocity map of the Washington dataset using the P-SBAS service at the
G-TEP.

Appendix B. Additional Multi-Step Forecasting Examples

This appendix presents additional examples of multi-step forecasting results for se-
lected time series across the Lisbon (see Figure A4) and Washington (see Figure A5) datasets,
further illustrating the comparative performance of the LSTM, TG-LSTM, and TFT models.
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Fourteen-Step Prediction for Series Index 9691
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Figure A4. Predicting multiple time steps using the model’s standard LSTM, TG-LSTM, and TFT,

respectively, for the time series number 9691 in the Lisbon dataset.
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Eight-Step Prediction for Series Index 828
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Figure A5. Predicting multiple time steps using the model’s standard LSTM, TG-LSTM, and TFT,
respectively, for the time series index 828 in the Washington dataset.
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