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Forecasting surface water dynamics is essential for water resource management and climate change adaptation,
but progress is limited by the scarcity of large-scale benchmarks and by the lack of insight into how multi-modal
models combine satellite, climate, and topographic signals. In this paper, we provide a detailed characterization
of HYDROCHRONOS, a large-scale multi-modal spatiotemporal dataset for surface water forecasting that spans
over three decades of aligned Landsat 5 and Sentinel-2 imagery, climate variables, and Digital Elevation Models
across lakes and rivers in Europe, North America, and South America. We also formalize three forecasting
tasks and develop AquaClimaTempo UNet, a spatio-temporal model with a dedicated climate branch and
gated fusion mechanism. Across the proposed benchmarks, our model outperforms a persistence baseline by
+14% and +11% F1 on change detection and direction-of-change classification, and by 0.1 MAE on magnitude
regression. In addition, we present an extended Explainable Al analysis that highlights the most influential
climate variables and input channels, offering new insight into the drivers of surface water change.
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mental sciences; « Information systems — Geographic information systems.
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1 Introduction

The escalating global challenges of water scarcity and climate change, along with their profound
impacts on ecosystems and human societies, underscore the importance of understanding and
forecasting surface water dynamics [39, 45]. Reliable predictions of future water availability are
essential for managing resources in agriculture, energy, and urban systems. As extreme events such
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Fig. 1. Forecasting future water landscapes: The HyproCHRONOs dataset (left) provides rich multi-modal
inputs including satellite image series, elevation, and climate data. Our AquaClimaTempo UNet (center)
processes this information to predict future surface water dynamics, generating a change mask for the
forecasted water dynamics for the next timestep (T+1) (right).

as droughts and floods become more frequent, accurate forecasting models are increasingly critical
for enabling timely interventions and improving resilience [13, 20]. However, the inherently complex
and spatio-temporal nature of surface water dynamics poses significant challenges, requiring models
capable of capturing interactions between hydrological processes and environmental drivers [44].

Despite growing interest in this area, progress is still limited by both data and methodological
challenges. On the one hand, large-scale, multi-modal datasets tailored for forecasting tasks remain
scarce, with satellite observations often fragmented or poorly integrated with climate and topo-
graphic information. On the other hand, beyond data availability, there is still limited understanding
of how spatio-temporal models effectively leverage heterogeneous inputs (e.g; satellite imagery,
climate variables, and elevation) and how reliable and interpretable their predictions are in practice.

In this work, we provide a comprehensive analysis of the HyprRoCHRONOS benchmark and the
AquaClimaTempo UNet (ACTU) forecasting framework previously introduced in [34]. We present
additional details on the construction, characteristics, and limitations of the dataset, offering a
deeper understanding of its spatial, temporal, and multi-modal components. We further investigate
key design choices of ACTU, including loss formulations, training strategies, and architectural
components such as the gating mechanism for multi-modal fusion.

Beyond predictive performance, we conduct a comprehensive Explainable AI (XAI) analysis to
better understand model behavior and decision-making processes. This analysis provides insights
into how different input modalities contribute to predictions, identifies the primary drivers of
surface water change, and highlights the strengths and limitations of the forecasting framework.
Together, these investigations provide a more complete understanding of both the benchmark and
the modeling approach, offering practical guidance for future research on surface water forecasting.

The contributions of this paper (Figure 1) can be summarized as follows:

e We provide an extended characterization of HyprROCHRONOS, including its construction
pipeline, regional composition, temporal coverage, and multimodal structure for water dy-
namics forecasting.

e We formalize three surface water dynamics forecasting tasks to establish a standardized
benchmark for spatio-temporal predictive modeling.
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HydroChronos: Forecasting Long-Term Surface Water Dynamics from Multi-Modal Data 3

e We develop ACTU as a multimodal baseline that combines satellite imagery, climate variables,
and DEM information, and we analyze its architecture, training strategy, loss functions, and
gating mechanism in detail.

e We perform a comprehensive XAI study to understand how climatic, temporal, and spatial
factors shape predictions and to identify model strengths and limitations. We provide addi-
tional analysis of feature-value contributions at both local and global levels, climate-related
subgroups, divergence landscapes and feature-frequency patterns, and per-channel saliency
investigations.

The code and the dataset are available for reproducibility at https://github.com/DarthReca/hydro-
chronos.

The remainder of this paper is organized as follows: Section 2 reviews related work; Sections 3
to 5 describe the dataset, tasks, and methodology; Section 6 presents experimental results; Section 7
provides the XAI analysis; and Sections 8 and 9 discuss implications and limitations.

2 Related Work

Forecasting surface water dynamics requires advancements in satellite monitoring, time-series anal-
ysis, spatio-temporal modeling, climate data integration, and interpretability. This section reviews
the existing literature across these domains, contextualizing the contributions of HyprRoCHRONOS
and our proposed methodology.

2.1 Surface Water Monitoring

Satellite remote sensing revolutionized monitoring surface water extent and dynamics across
vast scales and diverse temporal resolutions. Landsat [50] and the Sentinel [14] missions have
provided decades of optical imagery, forming the backbone of many surface water mapping efforts.
Common water delineation methods include spectral indices like the Normalized Difference Water
Index (NDWI) [27] and the Modified NDWI (MNDWI) [52], leveraging water’s spectral reflectance.
Machine learning classifiers have also been widely employed for more accurate and robust water
body extraction [8, 15]. These efforts have culminated in the development of several large-scale
and global surface water datasets [32, 53].

These datasets offer insights into past water dynamics but focus on retrospective analysis, not
forecasting, providing only the masks of water extents over time. Moreover, they are not explicitly
structured for the development and validation of long-term predictive models that integrate auxiliary
drivers like climate. Additionally, they are still obtained from automatic extraction, and so their
accuracy is dependent on the employed model. HypROCHRONOS is specifically designed for multi-
year surface water dynamics forecasting, integrating in a single dataset, imagery, climate variables,
and DEM. This multi-modal structure, curated for diverse hydrological systems, provides a rich
foundation for developing generalizable models.

2.2 Time-Series Forecasting in Hydrology

The analysis and forecasting of hydrological variables like streamflow or water levels was studied
for a long time [25]. Both traditional machine learning approaches [43] and deep learning-based
(e.g, based on Long Short-Term Memory [19]) have been applied in Earth observation data [35, 38].
While recent advancements in remote sensing posed the problem of forecasting a snapshot image
of the future, including exogenous variables [4], no application can be seen in hydrology, to the
best of our knowledge. Forecasting surface water dynamics is influenced by complex, non-linear
interactions between past states, seasonality, and external drivers. HYDROCHRONOS proposes to
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fill the gap, enabling scientists to experiment with a large-scale corpus tailored for hydrological
applications based not only on image data, but also on exogenous climate variables.

Deep learning architectures have demonstrated remarkable success in a wide array of environ-
mental modeling and Earth observation tasks, thanks to their ability to learn hierarchical features
from large, complex datasets. U-Net architectures [37] still prove to be a strong baseline for semantic
segmentation of satellite imagery [7, 10], including water body delineation [8], and more recently,
for spatio-temporal forecasting tasks where the output is an image or a sequence of images [47].
Our AquaClimaTempo UNet (ACTU), building on similar architectures[4, 21, 42], adds a dedicated
branch for time-series climate data integration and gated fusion to balance climate and optical
features. This allows the model to learn how climatic factors modulate surface water dynamics,
moving beyond purely autoregressive image forecasting.

Our previous work [34] presents a preliminary multi-modal dataset and a first spatio-temporal
model for surface water forecasting. However, it provided only a high-level dataset description, a
concise architecture presentation, and limited interpretability analysis. The present work substan-
tially extends the dataset characterization, provides an in-depth analysis of the ACTU architecture
and loss formulation, and a comprehensive XAI study with subgroup discovery and Shapley-based
feature attribution.

2.3 Explainable Al in Earth Sciences

The complexity of Al models in critical domains like Earth sciences demands transparency and
interpretability [2, 48]. XAl techniques have been applied to environmental models to identify
key input features or understand model behavior [54]. In our case, the integration of climate
variables such as precipitation, temperature, and evapotranspiration is well-established as essential
for accurate hydrological modeling [9, 17]. Combining climate data with satellite observations
presents significant opportunities but also challenges, including issues of scale mismatch, data
assimilation, and capturing complex, potentially lagged, interactions. Prior studies focus primarily
on predictive accuracy, often overlooking interpretability. In contrast, our approach incorporates
XAl to analyze the relative importance of historical spatio-temporal patterns and climate drivers in
predicting future surface water changes.

3 HydroChronos Dataset

In this section, we present the newly created dataset: HydroChronos. The dataset is composed of
time series of images from Landsat-5 and Sentinel-2, time series of climate variables from TERRA-
CLIMATE [1], and a DEM. The selected lakes’ and rivers’ names are derived from HydroLAKES [28]
and HydroRIVERS [22] and cover USA, Europe, and Brazil as shown in Figure 3. A representative
sample of the dataset sources is shown in Figure 2.

Table 1 reports the composition of HyDROCHRONOSs across the three regions. Europe and the
United States contribute both lake and river patches, while Brazil exclusively provides river patches,
reflecting its role as the fine-tuning split (see Section 3.4). The US and Europe are selected due to
the larger availability of samples from Landsat-5 (NASA mission) and Sentinel-2 (ESA mission),
while Brazil provides a large source of samples due to its high surface water share (4.1% of the
global permanent water, 47% of South America) and large fluctuations in permanent water [16, 32].
The larger number of Brazilian river patches relative to European ones reflects the denser river
network in tropical regions and the finer river segmentation at lower Strahler orders.

Candidate patches were generated by tiling each region with a fixed grid and spatially joining
against HydroLAKES (lakes > 100 km?) and HydroRIVERS (flow order < 4). Each patch was then
assigned a water coverage score derived from the JRC Global Surface Water maximum extent layer
[32], and only patches within a target water coverage range were retained. Overlapping patches
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(a) RGB features associated with the sample (b) DEM feature associated with the sample

Climate Variables
—— temperature (°C)
—s— precipitation (mm)
—e— moisture (mm)

2016 Mar May Jul Sep Nov

(c) Climate time series associated with the sample

Fig. 2. A sample in its three modalities. Each sample, collected at a given timestamp, contains optical features
(RGB channels only for visualization) at that timestamp, DEM features, and the associated climate time
series. Temperature is expressed in °C, precipitation in mm, and moisture in mm.

Table 1. HydroChronos composition by region. Each patch is a fixed spatial sample extracted around a water
body. Brazil contains no lake samples by design, as the region was selected to represent river-dominated
tropical hydrology.

Number of Europe US Brazil Total

Lakes 78 103 0 181
Rivers 57 38 57 152
Lake Patches 855 2,073 0 2,928
River Patches 762 2,655 9,614 13,031

were resolved by preferring those with mixed land-water content (water coverage closest to 50%),
implicitly favoring areas with dynamic rather than permanently flooded water boundaries.

3.1 Landsat-5 and Sentinel-2 images

To capture long-term changes and recent dynamics, HyDROCHRONOS uses imagery from Landsat-5
and Sentinel-2. Sentinel-2 provides imagery with superior spatial resolution (10m/20m) and spectral
quality compared to Landsat-5 (30m). However, its temporal coverage is limited to the period from
2015 to 2024. To extend the historical perspective, we include Landsat-5 imagery, which covers the
period from 1990 to 2010.

To ensure data quality, we selected Top-Of-Atmosphere (TOA) images with the lowest cloud cov-
erage possible, prioritizing clear observations of water bodies. To ensure comparable hydrological
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(C) OpensStreetMap contributors (C) CARTO

(c) United States

Fig. 3. Distribution of lakes and rivers in HYprRoCHRONOS

conditions and minimize unrelated seasonal variability, we selected May-August images (Northern
Hemisphere summer).

Table 2. Landsat (L) and Sentinel (S) coupled bands included in the dataset. NIR is Near InfraRed and SWIR
is Short-Wave InfraRed

Landsat Sentinel ‘ Description  Central Wavelength (L/S)

B1 B2 Blue 485/492 nm
B2 B3 Green 560/560 nm
B3 B4 Red 660/665 nm
B4 B8 NIR 830/833 nm
B5 Bi1 SWIR 1650/1610 nm
B7 B12 SWIR 2220/2190 nm

Recognizing the spectral differences between the two sensors, we selected a consistent set of
spectral bands. Sentinel-2 provides up to 13 spectral bands, while Landsat-5 offers 7. We harmonized
the data by selecting 6 comparable bands that are available on both sensors, as shown in Table 2.
All imagery is provided at a spatial resolution of 30m and transformed to the WGS84 coordinate
reference system. An RGB version of a sample can be seen in Figure 2a.
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Table 3. Per-region image statistics for HypRoCHRONOS. Median TS is the median number of yearly observa-
tions per time series. Image counts refer to individual patches (one image per patch per year).

Europe UsS Brazil

Landsat Median TS 21 21 20
Sentinel Median TS 10 9 9
N Landsat Images 19,884 63,885 58,887
N Sentinel Images 5709 13,139 61,758
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Fig. 4. Number of images per year in HyprRoCHRONOs. The gap between 2010 and 2015 corresponds to the
deliberate exclusion of Landsat-7 acquisitions.

In Figure 4, we report the number of images per year for each sensor. The distribution is relatively
uniform across the Landsat period (1990-2010), with minor dips in years affected by higher cloud
coverage or reduced acquisition frequency. The Sentinel-2 series starts in 2015 with fewer samples
as the satellite reaches full operational capacity progressively and ends in 2024. The 2011-2014
gap between the two sensors is a deliberate design choice: years covered exclusively by Landsat-7,
whose Scan Line Corrector failure (2003) introduces systematic striping artifacts, were excluded
to preserve image quality. Table 3 complements this view with per-region statistics: median time
series lengths are consistent across regions (21 years for Landsat, 9-10 for Sentinel-2), while image
counts reflect the different numbers of patches per region reported in Table 1.

Cloud masks are provided along the dataset from the quality mask of the original Landsat-5 and
Sentinel-2 products.

3.2 Digital Elevation Model

A static Digital Elevation Model (DEM) provides essential topographic context for hydrological
analysis. The DEM for HYyDROCHRONOS is sourced from the Copernicus GLO-30 dataset [3], which
offers near-global coverage at approximately 30m spatial resolution, consistent with the imagery
stack. A representative sample is shown in Figure 2b. This single-timestep layer captures the terrain
elevation for each study area, supporting tasks such as watershed delineation, flow accumulation
analysis, and characterization of the topographical influence on water body dynamics [29]. Although
we include only the raw elevation raster, first- and second-order terrain derivatives, such as slope,
aspect, plan and profile curvature, and the Topographic Wetness Index (TWI), can be computed
directly from the GLO-30 layer using standard GIS or remote sensing toolkits.
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Fig. 5. KDE plot of mean patch elevations per region. Water-surface pixels (elevation < 0m) are excluded.

The three study regions span markedly different elevation distributions, as illustrated in Figure 5.
European patches show a compact, unimodal distribution centered near 100 m, consistent with a
mix of lowland floodplain rivers and perialpine lakes. US patches exhibit a pronounced multimodal
character, with one mode at 50-100 m (Great Lakes basin and eastern lowland sites) and a second at
300-800 m (Rocky Mountain and western montane sites), reflecting the high diversity of the region.
Brazilian patches form a broad, right-skewed distribution centered around 100-400m, consistent
with the Cerrado plateau above the Amazonian lowlands.

3.3 Climate Variables

To complement the remote sensing data with key environmental drivers, HybrRoCHRONOS includes
time series of climate variables from the TERRACLIMATE [1] dataset. It provides monthly climate
data globally at a resolution of approximately 4.6 km. The dataset includes 14 variables as shown in
Table 4. We include the complete monthly time series for the periods corresponding to the imagery:
1990-2010 and 2015-2024. A subset of these time series can be seen in Figure 2c. These climate
variables can be used to analyze the relationship between climatic conditions and observed changes

Table 4. TERRACLIMATE variables included in HyproCHRONOS with their abbreviations and units.

Variable Abbrev. Unit
Actual evapotranspiration AET mm
Climate water deficit DEF mm
Reference evapotranspiration PET mm
Precipitation accumulation PPT mm
Runoff Q mm
Soil moisture SOIL mm
Downward shortwave radiation SRAD  W/m?
Snow water equivalent SWE mm
Maximum temperature Tmax °C
Minimum temperature Thin °C
Vapor pressure VP kPa
Vapor pressure deficit VPD kPa
Palmer Drought Severity Index ~ PDSI -
Wind speed (10m) WA m/s
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date = 2023-06 date = 2023-06

date = 2022-06

date = 2022-06

Fig. 6. RGB sample at two different timesteps (on the left) and the corresponding MNDWIs (on the right).
MNDWI ranges from -1 (red) to 1 (dark blue).

in water bodies captured by the satellite imagery. Since TERRACLIMATE operates at a coarser
spatial resolution than imagery, climate forcing is best interpreted as a catchment-scale driver
rather than a pixel-level signal. We reduce each climate patch to a single mean value per variable
per month.

The monthly temporal resolution of TERRACLIMATE is finer than the yearly satellite acquisitions,
providing up to 12 climate observations per imagery timestep and enabling the model to capture
intra-annual climate patterns such as drought onset or seasonal precipitation anomalies.

3.4 Splits

Since each water basin exhibits distinctive hydrological behavior that is difficult to characterize
through simple static variables, even between geographically proximate bodies, we adopt a temporal
generalization strategy rather than a spatial one.

The Landsat-5 subset (1990-2010) constitutes the pretraining split. Despite its lower image
quality and higher noise levels relative to Sentinel-2, its 21-year temporal span provides a rich
signal of long-term hydrological dynamics across diverse climatic zones. The Sentinel-2 subset
(2015-2024) is divided geographically: Brazilian river patches serve as the fine-tuning split, used to
align features learned from Landsat-5 to the Sentinel-2 sensor characteristics and spectral response;
European and US patches constitute the test split, used for final evaluation.

4 Tasks

In this section, we delineate the target used in the proposed tasks and how each task is formulated.
A visual example of the tasks is shown in Figure 7.

4.1 General Target

Given the difficulty in finding yearly annotations of water dynamics all over the world, we based
our task on one renowned geo-index to detect water: MNDWI. A similar approach for NDVI was
already explored [4]. It is based on the physical properties of water, which is highly reflective in the
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green channel (G) and absorbs SWIR: MNDWI = (G — SWIR) /(G + SWIR). The values go from -1
to 1, where values near 1 tend to be water. This approach, while prone to noise, has the advantage
of predicting directly the changes regarding physical properties (e.g., icing [46], turbidity [51],
pollution [23, 24, 55]) rather than only focusing on water extents and avoiding a costly annotation
process. An example can be seen in Figure 6, where the icing process lowers the MNDWI values of
the same area.

To avoid any inconsistency, due to the cloud, we apply cloud masking to invalid areas. Addition-
ally, the imperfection of cloud masking and possible sensor errors is avoided with the following
setting: given a past time series P and a future time series F (which is directly temporarly following
P), both composed of MNDWIs of shape W X H, our target change map D (shape H X W) is defined
as: D = median(P) — median(F), where the median is applied pixelwise over the time axis. In this
way, instead of predicting the immediate, possibly noisy future, we target the future trend of the
area. This pre-processing step is crucial for a large-scale analysis across diverse regions like the US,
Europe, and Brazil, as it effectively reduces localized noise, accounts for minor short-term fluctua-
tions in water levels or atmospheric interference, and smooths the MNDWTI signal. Consequently,
the subsequent change detection focuses on more persistent and significant alterations in water
dynamics rather than ephemeral changes or sensor artifacts. MNDWI € [-1,1], D € [-2,2]. Based
on the analysis of the data, the target distribution is strongly concentrated near zero (the median is
0.01, and the 75th percentile is 0.06), as expected.

The past and future time series P and F are constructed via a sliding window over each patch’s full
time series. For pretraining on Landsat-5, we use non-overlapping windows of length 5 years each:
given a 20-year series from 1990 to 2009, this yields three input-output pairs (P: 1990-1994 — F:
1995-1999; P: 1995-1999 — F: 2000-2004; P: 2000-2004 — F: 2005-2009), substantially augmenting
the number of training samples relative to the raw patch count. For fine-tuning and testing on
Sentinel-2, the shorter 10-year span (2015-2024) yields a single pair per patch (P: 2015-2019 — F:
2020-2024). Consequently, the effective number of time series used for training is approximately
three times the number of Landsat patches, while fine-tuning and test counts match the patch
counts in Table 1 directly.

4.2 Change Detection

The first proposed task is binary change detection, which can be framed as binary semantic
segmentation. Given a time series P (as defined in Section 4.1), a target D (as defined in Section 4.1),
and a threshold ¢ to define what we consider a relevant change, we create a binary mask M, = |D| > t.
The task focuses on creating a model to predict M,.

4.3 Direction Classification

This task can be framed as a multiclass semantic segmentation task with 3 classes: negative, positive,
or no change. Given a time series P (as defined in Section 4.1), a target D (as defined in Section 4.1),
and a threshold ¢, we create a mask My where a pixel my is assigned to the negative change class if
mg < —t, to the positive change class if my > t, otherwise it is assigned to the no change class. The
task focuses on creating a model to predict M.

4.4 Magnitude Regression

The previous tasks assume the existence of a threshold ¢ to define relevant changes. However, it
can be of interest to model every "small" change in the area. Given a time series P (as defined in
Section 4.1) and a target D (as defined in Section 4.1), the task focuses on creating a model to regress
the values of |D|. This task can be framed as pixel-wise regression. Preliminary experiments also
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tried to address the regression of D, but with little success, so we reported only these settings as
baseline, leaving this last task for future work.

(a) Change Detection (b) Direction Classification (c) Magnitude Regression

Fig. 7. Visual example of tasks for Lake Tahoe. In change detection, labels are no-change (blue) and change
(red). In direction classification, labels are negative change (blue), no-change (grey), and positive change (red).
In magnitude regression, the values range from 0 to 2 (blue to red).

5 Methodology

In this section, we describe ACTU (AquaClimaTempo UNet), our proposed baseline for multimodal
spatio-temporal water change prediction. The architecture is designed to jointly process three
heterogeneous input modalities (satellite image time series, a static DEM, and monthly climate
variable time series) and produce a pixel-wise prediction map. We then describe the regression loss
employed for the magnitude estimation task.

5.1 AquaClimaTempo UNet

Throughout this section, T denotes the number of yearly image observations (set to 5), C the number
of spectral bands (6), W X H the spatial dimensions of each patch (256 x 256), T; the number of
monthly climate timesteps per image (12), C; the number of climate variables (5), and L the number
of pyramid levels from the backbone (4 for the ConvNeXtV2). The AquaClimaTempo UNet (ACTU)
architecture is depicted in Figure 8.

If a DEM of shape 1 X 1 X W X H is provided, it is repeated T times and concatenated along the
channel axis with the image time series before being passed to the feature extractor, yielding an
input of shape T X (C+ 1) Xx W X H.

The image time series (shape T X C X W x H, or T X (C + 1) X W x H with DEM) is processed by
the Pyramid Image Feature Extractor (e.g, ConvNext [49]). It processes each image independently,
and since it is pyramidal, it provides L features, one for each level, of different shapes from F; to Fy.

If the climate variables are provided, they are one for each of the T images and cover the past Ty
months of each image. The variables are C;. The climate encoder produces L features with shapes
from F, to Fy.

The gated fusion takes as input both the image and climate features at different levels and
dynamically balances the contribution, outputting the same L features of shapes from F, to Fy, one
for each of the T images. Crucially, fusion is performed before temporal aggregation, allowing the
network to weight climate contributions per-timestep based on the corresponding optical context.

The ConvLSTM layers temporally aggregate the T fused representations at each pyramid level,
producing a representation for the time series for each of the L levels of shape from F, to Fy.

Each level output F; serves as the skip connection for the corresponding stage of the UNet
decoder’s expanding path, replacing standard single-timestep encoder skip connections with
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temporally-integrated representations. This allows the decoder to leverage full historical context at
each spatial scale when producing the final prediction mask of shape 1 X W X H.

ConvLSTM [41] is chosen over purely attention-based temporal encoders to preserve spatial
structure while capturing sequential dependencies, at a lower computational cost and for short

sequences.

Climate

% Images ——TxCxWxH—>»<{_ Concat ><«—Tx1xWxH Repeat T

N

‘ TxC(+1)xHxW 1x1xWxH

TxT1xC1
l Pyramidal Image
Features DEM
Climate Extractor

Encoder

Gated
""" Fusion

.....

{TXFO,..., TXFL}

ConvLSTMs

UNet Decoder

1x1xWxH

Prediction

Fig. 8. AquaClimaTempo UNet (ACTU) architecture. If DEM is provided, it is repeated once per sample
in the image time series and concatenated along the channel axis. The Pyramidal Image Feature Extractor
provides multiscale embeddings. If a climate time series is provided, the climate encoder provides multiscale
embeddings which are gate fused with the image embeddings. ConvLSTMs provide multiscale embeddings
for the time series, which are used in the UNet decoder to provide the final prediction.
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5.1.1 Climate Encoder. The climate encoder processes X.im,, one time series for each of the T
images, with length T; and C; features. In this way, we can incorporate historical trends with a
finer timestep (i.e, monthly instead of yearly). They are independently processed. Each is first
summarized by a single-layer LSTM &1\ applied along the T; temporal axis, whose final hidden
state captures the climate history preceding each yearly image. The hidden state is then projected
with a linear layer to create F,; (Equation (1)). They are then processed to create Kj representation
to spatially match the image features using L blocks composed of an initial Conv2D (with kernel 1)
and GELU (Equation (2)), followed by S series of nearest neighbor upsampling (with resize factor
2), Conv2D (with kernel 3), and GELUs (Equation (3)).

Fproj = Linear(®rstv (Xerim)) (1)
K} = GELU(Conv2D; 1 (Fproj)) (2)
K; = GELU(Conv2Dsys(Upsample,,(K; ")) (3)

The number of upsampling steps S at each level is chosen such that the output resolution of
K; matches the spatial dimensions of the corresponding image feature I;, enabling element-wise
fusion in the gated fusion module.

5.1.2  Gated Fusion. The climate information can act differently based on the image itself, and also
based on the area of the single image. To dynamically adapt the contribution of climate features
over the image features, we apply a gate fusion. This solution provides a value in the range 0-1 for
each element of the matrix to weight the contribution of optical and climate features dynamically.
The weights are obtained by concatenating along the channels axis climate and optical features,
and applying a Conv2D (with kernel 3), a ReLU, and Conv2D (with kernel 1), and finally a sigmoid
to constrain the input in the range 0-1. Given the climate feature K; and the corresponding image
feature Ij at the level L, the gated fusion can be formulated:

Z = Concat(Kj, I;) (4)
a = 0(Conv2D;x;(ReLU(Conv2D3x3(Z)))) (5)
FF=a0L+(1-a)O®K; 6)

Each F; is then used in the decoder to make the final prediction. It is important to note that
a is computed spatially and channel-wise, allowing the network to selectively suppress climate
influence in regions where the optical signal is already informative (e.g., cloud-free open water)
while amplifying it where the optical signal is ambiguous (e.g., cloud-masked or mixed pixels).

5.2 Regression Loss

Since the satellite resolution can vary and the problem shows a strong imbalance, L1 or L2 losses
alone can be insufficient, as they are also sensitive to noise. Our regression loss makes use of
HuberLoss as a starting point, but combines a multi-scale approach with a wavelet decomposition.

5.2.1 Multiscale Loss. The multiscale loss Lys, given a regression loss L, prediction P, and ground
truth T can be defined as:

M
Lus(P.T) = 52 [LP.T) + )" LD, (), Dy (1) )
i=1

where S = {sy, ..., sy} are M different scale factors and D, is the bilinear downscale operation with
factor x. The first term L(P, T) corresponds to the full-resolution loss.
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5.2.2  Wavelet Loss. The Discrete Wavelet Transform (DWT) provides a multi-resolution decompo-
sition of a 2D signal into spatially localized frequency sub-bands [26]. Unlike the Fourier transform,
which decomposes a signal into global sinusoids, wavelets retain spatial locality, making them
suitable for images where changes are geographically concentrated (e.g., shoreline shifts, localized
drought effects). The DWT applies a pair of low-pass and high-pass filters recursively: the low-pass
filter produces an approximation Y capturing coarse structure, while the high-pass filter produces
detail coefficients Yy at three orientations (horizontal, vertical, and diagonal) per decomposition
level. We use the Daubechies-2 (DB2) wavelet [12] because it produces smoother approximation
coefficients than the simpler Haar wavelet, but it has a sufficiently short support to see local changes
and is more efficient than Symlets, Coiflets, and Biorthogonal.

The DWT is applied to both prediction and ground truth. Given a regression loss L, prediction
wavelet coefficients Yfl and Yf , and ground truth coefficients Ylg and YLt , the wavelet loss Ly can

be defined as:

Li(YP,Y}) = mean(L(Y?, Y})) (8)
Lui(Yf V) = mean(L(YfI’l., Y4 )) 9)
N
Lw (Y7, Y5 YR ) = el (), Y) + ) wi - L (V) L Y ) (10)

i=1

where o defines the weight of the low-frequency loss and W = {wy, ..., wn } the weights of the high
frequency losses.

The final loss is a weighted mean of the multiscale and wavelet losses: Lt = ALys + (1 — A) L.
The multiscale component Lys encourages spatially coherent predictions at coarse resolutions,
reducing the influence of fine-grained noise on the overall loss magnitude. The wavelet component
Ly complements this by penalizing errors in oriented high-frequency structures (shoreline edges,
channel boundaries) that would be suppressed by downscaling alone.

5.3 Explainable Al analysis

The Explainable Al analysis investigates model behavior from two complementary perspectives.
First, we leverage climate-derived attributes to perform subgroup discovery and feature attribution,
aiming to reveal systematic performance disparities across interpretable climate conditions. Second,
we conduct a per-channel saliency analysis to quantify the contribution of individual input modalities
to the model’s predictions.

5.3.1 Climate Subgroup Discovery and Feature Attribution. Model performance in spatial machine
learning can vary significantly across different environmental conditions. While evaluation metrics
computed over the entire test set provide an overall estimate of predictive quality, they can obscure
systematic patterns of failure concentrated within specific climate regimes or environmental
contexts. Similarly, aggregate evaluation may hide conditions under which the model performs
substantially better than average. Identifying these localized behaviors is important both for
understanding model limitations, robustness, and potentially unsuitable deployment conditions,
and for characterizing the environmental settings under which the model can be considered more
reliable and trustworthy. To uncover and characterize such predictive behaviors, we adopt a post
hoc analysis framework based on subgroup discovery and feature attribution. Specifically, we aim
to: (i) identify interpretable subsets of samples associated with significantly different predictive
performance, and (ii) explain which environmental and climatic factors contribute to these localized
variations in model behavior.
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Climate Subgroup Discovery. Environmental and climatic factors can influence both the underly-
ing data distribution and the behavior of machine learning models. We investigate whether specific
combinations of these factors are systematically associated with variations in predictive quality. To
this end, we employ subgroup discovery to identify interpretable climatic regimes characterized by
significantly different model performance. Formally, let D = {(x;, y;, ;) }Y, denote the evaluation
dataset, where x; € X represents the input sample, y; € Y is the ground-truth label, and §; € Y is
the model prediction. Each x; is associated with a set of interpretable environmental and climate
descriptors A(x;) = {ay, ..., ax} derived from climatic and geographic variables. Since many en-
vironmental variables are continuous, we discretize them into semantically meaningful intervals
through feature binning (e.g., low precipitation, high temperature). Discretization serves two main
purposes. First, it enables the identification of groups of samples sharing similar environmental
characteristics, rather than focusing on isolated numerical values that may not generalize. Second,
it improves interpretability by producing human-readable climate profiles that can be directly
analyzed by domain experts.

Let J = {(a; = v1),...,(a; = v;)} be a set of attribute-value pairs, where each pair (a; = v;)
specifies that environmental attribute a; assumes the discretized value or interval v;. The subgroup
associated with J is the subset of samples in D satisfying all conditions in J:

S() ={x; € D | aj(x;) =v;, ¥(a; =vj) € J}.

For example, the subgroup J = {(temperature = high), (precipitation = low)} identifies
the subset of samples characterized by high temperature and low precipitation conditions. Each
subgroup, therefore, represents an interpretable environmental or climatic regime characterized by
a coherent combination of conditions.

The objective of subgroup discovery is to identify subgroups whose predictive performance
significantly differs from the overall dataset performance. To quantify this difference, we adopt the
notion of subgroup performance divergence [30]. Given a scalar performance metricm : O — R,
the divergence of a subgroup S is defined as:

Am(S) =m(S) - m(D),

where m(S) denotes the metric evaluated over subgroup S, while m(9) represents the correspond-
ing global performance computed over the entire dataset.

The magnitude of A, (S) quantifies how strongly the subgroup behavior deviates from the global
average. Depending on the selected metric m (e.g., precision, recall, F1-score, false negative rate),
positive or negative divergence values identify environmental conditions associated with unusually
strong or weak predictive behavior. For example, a large negative divergence in F1-score indicates
that the model performs substantially worse than average within that specific subgroup.

To automatically identify such patterns, we employ DivExplorer [30], a divergence-based
subgroup discovery framework grounded in frequent pattern mining. The approach explores the
combinatorial space of attribute-value conditions to extract statistically meaningful and sufficiently
representative subgroups. More specifically, it searches for combinations of categorical or discretized
environmental attributes that frequently co-occur within the dataset, computes their performance,
and evaluates whether the predictive performance associated with these subsets significantly
deviates from the global behavior.

Candidate subgroups are generated by identifying frequent combinations of attribute-value
conditions satisfying a minimum support threshold 6. The support of a subgroup corresponds to the
proportion (or number) of samples in the dataset satisfying the subgroup conditions. Introducing a
minimum support constraint is important to avoid extracting highly specific patterns associated with
only a few samples, which may correspond to noise, outliers, or statistically unreliable behaviors.
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By enforcing a minimum subgroup size, the analysis focuses on subgroups that are sufficiently
representative and meaningful within the dataset.

For each candidate subgroup, DivExplorer computes the subgroup support, quantifying how
representative the subgroup is within the dataset; the subgroup predictive performance according
to a target metric; and the divergence score with respect to the global performance. This process
enables the identification of environmental and climatic regimes where the model systematically
underperforms or overperforms relative to the overall dataset behavior.

The extracted subgroups are represented as interpretable rule-based descriptions (e.g., high tem-
perature A low precipitation seasonality), making the resulting analysis transparent and interpretable.
Subgroup interpretability makes subgroup discovery suitable for auditing complex environmental
machine learning systems, identifying climate-dependent biases, and revealing subgroup-specific
model limitations or strengths that may remain hidden under aggregate evaluation metrics.

This analysis serves multiple purposes. First, it enables subgroup auditing of model reliability
across heterogeneous environmental conditions. Second, it provides interpretable descriptions of
failure modes that can support domain experts in understanding climate-dependent biases and
limitations of the predictive system. Finally, the discovered subgroups can guide subsequent model
refinement, data collection, and bias mitigation strategies by highlighting underrepresented or
systematically challenging climate regimes.

Feature Attribution. While subgroup discovery identifies environmental conditions associated
with significantly different performance, it does not directly explain which variables contribute
to these variations across subgroups. To complement the subgroup analysis, we employ feature
attribution methods based on Shapley values [40], which provide a principled way to quantify
the contribution of each climate or environmental factor to the divergence score, both locally and
globally.

Local contribution. Shapley values originate from cooperative game theory and measure the
contribution of an element to a total score by considering its marginal effect across all possible
combinations. In our setting, the elements correspond to the attribute-value conditions defining a
subgroup, while the target quantity corresponds to the subgroup divergence A,,.

Given a subgroup described by J = {a; = vy,..., a; = v;}, the contribution of each attribute-value
pair a = v € J to the subgroup divergence is defined as [31]:

pa=oin= 3 PEWLETIZD 0 0 (a=o)) - anml.
Ycj\{a=v} g

Here, Y denotes a subset of attribute-value conditions selected from J excluding condition (a,v).
Therefore, Y represents a partial subgroup description, while Y U {a = v} corresponds to the same
subgroup description after adding the condition a = v. The term A, (YU{a = v}) — A, (Y) measures
the marginal contribution of condition a =, v when added to the partial subgroup description Y. The
weighting factor averages this contribution across all possible orderings of the subgroup conditions.

Intuitively, the local attribution score quantifies how much a specific climate or environmental
factor contributes to the divergence observed for a subgroup. Positive values indicate that the con-
dition factors the subgroup divergence, while negative values indicate that it reduces or counteracts
it. The magnitude reflects the strength of the contribution.

For example, consider the subgroup J = {(temperature = high), (precipitation = low)}. The
corresponding attribution scores quantify whether the observed divergence is mainly associated
with high temperature, low precipitation, or their combination, and to what extent each condition
contributes to the divergence.
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Global contribution. Subgroup-specific contribution explains the contribution of environmental
conditions within a specific subgroup, representing a local contribution of the attribute-value
pairs in a subgroup to the subgroup itself. We are also interested in identifying which conditions
consistently contribute to divergence across the overall subgroup exploration. This score follows
the global divergence formulation of [31], adapted to our setting, where attribute-value conditions
define climate subgroups and A, is the divergence of the performance metric m.

Given an attribute-value condition a = v, we define its global contribution as:

JIHAAL = 1T = 1)!
A]!

®(a=0) =
JeJ:a=v¢]

[An(JU{a=0})-An()],

where |A| denotes the total number of environmental attributes, and W

weighting term accounting for all possible orderings of the subgroup conditions.

Intuitively, ®(a = v) measures the average marginal effect of adding condition a = v across the
subgroup descriptions explored during subgroup discovery. The higher the value, the more the
attribute-value term contributes to the divergence in performance. A positive contribution of a
term indicates that it is associated with a performance metric m higher than the average on the
overall dataset.

is a Shapley

5.3.2  Per-channel Saliency. A central goal in explainable artificial intelligence is to identify which
input components most significantly influence a model’s predictions. Beyond interpretability,
this analysis has practical implications, such as identifying less informative channels that could
potentially be removed to reduce computational overhead and data acquisition requirements in
our spatiotemporal setting. A common strategy for estimating input relevance is perturbation-
based analysis, which involves perturbing the input and measuring the resulting change in the
model’s output. Perturbation-based techniques [5, 11, 56] provide an intuitive and model-agnostic
mechanism for estimating the contribution of input dimensions according to their impact on the
model outputs.

In this work, we adopt a perturbation-based strategy to compute per-channel saliency, aimed at
quantifying the contribution of each input channel to the predictive performance of the model. We
adapted the methodology proposed in [33] to the spatiotemporal setting considered in this work.

Let x € RTXCXHXW denote the input tensor, where T is the number of temporal frames, C the
number of channels, and H X W the spatial resolution. For a given test sample, we first compute the
model’s baseline prediction § = M(x, DEM, Climate), and evaluate it using a suite of performance
metrics. To assess the importance of channel ¢ € {1,...,C}, we generate a perturbed input x(=9)
by zeroing out the c-th channel across all time steps. We then recompute the model output as
g<—0> = M(x(‘c), DEM, Climate).

The saliency score of channel ¢ for a given sample is defined as the change induced by the
perturbation in a target performance metric m:

H(=¢)

Ame =m(g,y) —m(§ ", y),

where y denotes the ground-truth target, i is the original model output, and 7~ is the output
obtained after perturbing channel c. A larger positive value of Am, indicates that channel ¢ con-
tributes more strongly to the predictive performance of the model, since removing the channel
causes a larger degradation in the evaluation metric. Conversely, values close to zero indicate that
the model is relatively insensitive to the information carried by that channel. Negative values may
also occur, indicating that perturbing the channel improves the evaluation metric, suggesting that
the corresponding information may be noisy, redundant, or detrimental to the model.
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To obtain a dataset-level estimate of channel importance, we average the saliency scores across
the test set. This process is extended to the DEM input, which is ablated entirely to measure its
global contribution.

Overall, this saliency analysis provides both local (per-sample) and global (dataset-level) in-
terpretability, helping to identify which input modalities most influence the model decisions in
spatiotemporal tasks.

6 Experimental Results

In this section, we present the experimental settings and the results compared to simple statistical
methods, namely constant prediction and persistence. Constant prediction is simply predicting
that no change will happen in the future. Persistence for robustness is computed as the differ-
ence between the last known timestep and the median of the previous (thresholded with ¢ for
classification).

6.1 Experimental Settings

ACTU is pretrained for 50 epochs on the Landsat subset, and fine-tuned for 20 epochs on Sentinel-2
with a cosine decaying learning rate scheduler with a 5% warmup. The maximum learning rate
is 5e-4 for the pretraining and 5e-6 for the fine-tuning. The batch size was set to 8. The loss for
classification is a combo loss composed of equally weighted generalized dice and focal losses. The
vision backbone for the encoder is ConvNextV2 [49], in base (ACTU) and large (ACTU-L) versions.
The time series of images could have a variable length because of missing images for a given
timestep of a minimum quality. We kept only the time series with at least 80% of the timesteps. The
input time series is zero-imputed to ensure a regular timestep (zero is assigned to no-data on the
original image sources). The target is calculated between the two non-imputed time series to avoid
introducing additional noise. Since the satellites have different resolutions and quality, we apply
random rotation, random translation, and random resize crop to ensure robustness, generalizability,
and possible minor misalignment. We standardize per-channel the input data.

To avoid overwhelming the model with redundant information and to limit multicollinearity
among highly correlated variables (e.g., AET and PET, VP and VPD), we select a subset of five
climate variables that jointly cover the primary physical drivers of surface water change: maximum
temperature (tmmx), which governs evaporative demand and ice/snow melt; actual evapotranspira-
tion (aet), which quantifies direct water loss from the surface; runoff (ro) and precipitation (pr),
which control water inflow; and soil moisture (soil), which captures subsurface storage and lagged
hydrological response [6, 18, 36].

We also use these five variables for the analysis in Section 5.3.1. Since this analysis requires
categorical attributes to define subgroups, we discretized each variable into three interpretable bins.
Specifically, we computed the standard deviation of each climate variable over the input time series
to quantify temporal variability. These variability scores were discretized by frequency into three
levels—low (L), medium (M), and high (H)—thus enabling the construction of climate subgroups
with distinct fluctuation profiles.

In our experiments, we threshold at t = 0.1 (i.e., ~85th percentile) to remove possible sensor
noises, atmospheric effects, phenological changes, and coregistration errors. A key requirement
for training a neural network is the generation of a consistent change mask across the entire
diverse study area. A fixed threshold ensures that the definition of ‘change’ is uniform. While
this approach is necessary for large-scale change detection, it is acknowledged that the precise
magnitude of MNDWI difference that corresponds to a ‘relevant’ real-world change can still exhibit
some variability due to the diverse nature of water bodies, atmospheric conditions, and local
landscape characteristics across the US, Europe, and Brazil.
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6.2 Evaluation Metrics

We evaluate classification tasks using precision (P), recall (R), and F1-score (F) for each class. Since
the regression problem is pixel-wise, and many areas have values near zero, it can be considered
“unbalanced”. We evaluate the regression quality with Mean Absolute Error (MAE) and the Pearson
Correlation (PC). We also compute MAE on the top-10 (MAE@10) and top-20 (MAE@20) highest
valued pixels to account for the imbalance of the values. We threshold the regressed values at
t = 0.1 (as for classification) and ¢t = 0.2, where we compute precision (P@t), recall (R@t), and
F1-score (F@t). This allows us to assess the trade-offs between detecting relevant pixels and the
accuracy of those detections at different sensitivity levels.

6.3 Change Detection

Table 5 presents the binary change detection results, highlighting the performance of various model
configurations. All ACTU model variants demonstrate a substantial and statistically significant
improvement in detecting changes (CHG) compared to the Constant and Persistence baselines. For
instance, the baselines achieve F1-scores of 0 and 34.98, respectively, whereas all ACTU configura-
tions surpass an F1-score of 45 for this class. The inclusion of climate variables (C) with the base
ACTU model improves the no-change class (NoCHG) F1-score but results in a slight decrease in
the CHG F1-score. Conversely, incorporating only DEM data (D) enhances the CHG F1-score, the
highest among the standard ACTU variants for this metric, while also slightly improving NoCHG
performance. When both DEM and climate data are utilized, the model achieves the highest CHG
Recall (62.33), proving its superior capability in identifying actual change instances, though its
F1-score (48.67) is marginally lower than the DEM-only configuration. The larger backbone model,
ACTU-L, shows a modest improvement in CHG precision. Generally, a larger backbone does not
seem to provide consistent improvements over the base version.

Table 5. Change detection results for models optionally using DEM (D) and climate variables (C). ¢ indicates
statistically significant difference (p < 0.01) with respect to persistence according to the t-test. ? indicates the
statistical difference comparing ACTU-L with the same configuration of ACTU.

‘ ‘ No Change (NoCHG) ‘ Change (CHG)

Model /D Cc| P R F | P R F

Constant | N N | 8154 100 89.25 0 0 0

Persistence | N N | 88.73 41.64 54.07 23.86 81.77 34.98
ACTU N N |9051¢ 8278 85.66% | 44.87% 60.65% 48.79%
ACTU N Y |8892¢ 8586% 86.6¢ | 45.459 53.19 45834
ACTU Y N | 9057 82897 85757 | 45199 61.01¢ 49.38%
ACTU Y Y |9053% 81.71% 85.08% | 43.68% 62.33¢ 48.67%
ACTU-L N N |90.03% 843" 86.43% | 4546 57.340 47.94°
ACTU-L Y Y| 8928 8495 86.37° | 45.03% 54.39" 46.49%

6.4 Direction Classification

Table 6 details the performance for the direction classification task, categorizing changes into
negative (NEG), no change (NONE), or positive (POS). All ACTU model variants achieve statistically
significant and considerable improvements over the Constant and Persistence baselines. This is
particularly evident for POS and NEG, where the Persistence achieves 17.48 and 11.61, respectively,
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Table 6. Direction classification results for models optionally using DEM (D) and climate variables (C). ¢
indicates statistically significant difference (p < 0.05) with respect to persistence according to the t-test. ?
indicates the statistical difference comparing ACTU-L with the same configuration of ACTU.

‘ Negative Change (NEG) ‘

No Change (NONE)

‘ Positive Change (POS)

Model D C| P R F | P R F | P R F

Constant | N N 0 0 0 8154 100 89.25 0 0 0

Persistence | N N | 14.94 4737 1748 | 88.73 41.64 5407 | 925 3118 11.61
ACTU N N| 2757 49.38% 30.27% | 90.23% 84.58% 86.67% | 27.73% 19.84¢ 19.47%
ACTU N Y |29.849 36537 27757 | 88.44 87.5% 87.42% | 26.16° 24.12% 21.38“
ACTU Y N | 28.18% 34.43% 2581% | 87.73% 88.65% 87.549 | 27.39¢ 20.25% 19.09%
ACTU Y Y| 2836% 37.35¢ 27.28% | 88.18¢ 88.17¢ 87.6% | 27.98% 22.06% 20.77%
ACTU-L N N | 28420 3821% 27620 | 885% 88.01° 87.76" | 28.25% 22.04® 20.88°
ACTU-L Y Y| 2752% 3484P 2531% | 88.15 88.09 87.55 | 27.13% 21.28% 19.44°

compared to ACTU 30.27 and 19.47. All models excel at identifying NONE, with ACTU variants
consistently reaching F1-scores around 86-87. However, accurately classifying the direction of
change (POS and NEG) is inherently more challenging, as reflected by their lower F1-scores
compared to NONE across all models. Introducing climate variables notably improves the F1-score
for POS, though it slightly reduces performance for NEG. Conversely, adding DEM data alone does
not yield a clear F1-score improvement for either change direction class, slightly decreasing NEG
and POS F1-scores. The combined use of DEM and climate data results in a robust NONE F1-score
(87.6) and a POS F1-score (20.77). The larger ACTU-L model shows modest F1 improvements for
NONE (87.76) and POS (20.88) over its smaller counterpart, but a decrease for NEG. These results
suggest that while ACTU is strongest for detecting negative changes, incorporating climate data
is particularly beneficial for identifying positive changes. The overall task of precise direction
classification remains complex, with input data types showing varied impacts on different change
categories.

6.5 Magnitude Regression

Table 7 details the magnitude regression performance, where all ACTU model variants demonstrate
statistically significant and substantial improvements over the Constant and Persistence baselines
across all reported metrics. The standard ACTU model achieves a low MAE of 0.0261 and a PC
of 46.45. While the incorporation of DEM (D), climate (C) variables, or both tends to slightly
increase overall MAE and decrease PC, the inclusion of DEM markedly improves the F1-scores
when regression outputs are thresholded to identify significant changes. Specifically, F@0.1 and
F@0.2 improve due to enhanced recall. This indicates that while the base model excels at general
magnitude prediction, DEM input is particularly beneficial for more accurately identifying pixels
undergoing substantial change. The larger backbone model, ACTU-L, emerges as the top-performing
configuration. It improves MAE for the top 10% and 20% highest magnitude changes and achieves
the highest F1-scores for thresholded significant changes. Although its overall MAE is marginally
higher than ACTU, its PC is slightly better. In contrast, ACTU-L with climate and dem, while
improving general MAE and PC over its smaller counterpart ACTU, does not reach the thresholded
performance levels of ACTU-L.
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Table 7. Magnitude regression results for models optionally using DEM (D) and climate variables (C). ¢
indicates statistically significant difference (p < 0.05) with respect to persistence according to the t-test. ?
indicates the statistical difference comparing ACTU-L with the same configuration of ACTU.

Model |D C| MAE MAE@10 MAE@20 PC |P@0.1 R@0.1 F@0.1 P@0.2 R@0.2
Constant | N N | .0351 142 .1038 - 0 0 0 0 0

Persistence | N N | .1281 .1892 171 31.81 | 23.86 81.77 3498 1338 75.72
ACTU N N|.0261¢ .0873¢ 06119 46.45% | 51.97% 41.619 43.04% 45279 24.48%
ACTU N Y| .0266%  .0911¢ 06399 4449 | 51.329 41599 42.77% 42349 18.12¢
ACTU Y N | .0297¢  .0886% 06439 44.46% | 49.36% 45.09¢ 43.64% 40.67¢ 28.26%
ACTU Y Y| .0315¢ .0884 06349 41419 | 46.92% 45187 42.67% 39.57¢ 27.91¢
ACTU-L N N | .0275°  .0843° 0589  46.62 | 50° 47.19® 4561° 44.45° 27.55°
ACTU-L Y Y| .0282% 0923 0660 43.45% | 51.63 38.48° 40.65% 4324 21.41°

6.6 Ablation Studies on Regression Loss

To understand the contribution of the proposed composed loss Lt, we report in Table 8 the com-
parison with its loss components alone and the employment of a standard regression loss (Huber
loss, the same used in the other derivative losses). We compare the ACTU without any additional
information for simplicity. Comparing the Huber loss (L) to the multiscale version (Lys), Lys
provides better recalls and so better F1-scores, and lower values of MAEs in the top-highest values.
The wavelet loss (L) provides good performance in regression, but struggles with classification
metrics. This is probably due to the frequency domain, which lacks any spatial information. The
linear combination Lt proves its benefits in regression metrics when looking at MAE and PC (at
least +2% improvement). Looking at classification metrics, it enhances the precision while affecting
the recall. The F@0.1 remains not significantly affected by the recall loss, while F@0.2 is enhanced.
It can be easily seen that it blends the highest recall of spatial loss (Lyss), with the highest precision
of frequency loss (L), providing a balanced contribution of both. This loss proved to be a good
alternative; still, a more extensive search could be performed in the future to select even better
hyperparameters.

Table 8. Comparison between the wavelet loss (Ly), multiscale loss (Lys), their combination L, and standard
application of the regression loss (L). * indicates statistically significant difference (p < 0.01) with respect to
Lt according to the t-test.

Model | MAE MAE@10 MAE@20 PC |P@0.1 R@0.1 F@0.1 P@0.2 R@0.2 F@0.2

Lt ‘ .0261 .0873 .0611 46.45 ‘ 51.97 4161 43.04 45.27 2448 26.85
L .029* .0861% .06* 429" | 46.14 45.65" 4225 39.89" 2425 24.61"
Lys .0291*  .0839* .0585*  43.82" | 45.85" 49.84" 44.83 39.38° 27.2 26.75"
Ly .0285* .1047* .0765" 42.1* | 51.24  25.11" 29.88* 38.51" 16.24" 18.42*

7 XAl Analysis

In this section, we present the insights derived from the XAI analysis on the behavior of ACTU
network. We begin studying how predictive performance varies across interpretable climate regimes
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Table 9. Discretization thresholds used to define low (L), medium (M), and high (H) variability bins for climate
subgroup discovery.

Variable L-M M-H Max

Tnax -0.74 0.04 0.82
Precip. -131 -0.26 0.79
Runoff -027 0.63 1.54
Soil -3.41 -0.93 1.55
AET -0.61 0.03 0.68

using subgroup discovery and Shapley-based feature attribution. We then quantify the contribution
of each spectral channel and DEM through perturbation-based per-channel saliency.

7.1 Climate Subgroups and Feature Attribution

Climate Subgroups. We identify climate subgroups associated with the strongest deviations from
the global model behavior that consistently challenge the model across different tasks. These
understandings enable us to outline critical samples characterized by hard-to-learn environmental
patterns. We first perform subgroup discovery on the five climate variables, discretized based
on their intra-series variability. The discretization thresholds used for the subgroup analysis are
reported in Table 9. Each subgroup is defined by combinations of discretized variability levels for
the five climate variables used by the model: precipitation (pr), temperature (tmmx), runoff (ro),
evapotranspiration (aet), and soil moisture (soil).

Table 10 reports the most and least performant subgroups for the change detection and direction
classification, evaluated using the F1-score, and regression tasks, evaluated using the MAE. Each
subgroup reflects a set of environmental conditions under which the model exhibits the greatest
divergence in performance, highlighting systematic weaknesses that recur across samples. Along-
side each subgroup, we report the corresponding Divergence score, which quantifies the severity
of the model’s underperformance on that specific subgroup. For example, the first group has a
F1-score for the NEG class by 0.24 lower than the average. All the divergence scores of the reported
subgroups are statistically significant as computed via the Welch-t test as defined in [31].

Overall, the discovered subgroups reveal that model performance is not uniformly distributed
across climate regimes. For change detection, the best-performing subgroups (Row 3) are character-
ized by high precipitation, along with medium runoff and soil moisture, whereas low precipitation,
low runoff regimes with medium evapotranspiration, soil moisture, and maximum temperature
are associated with poor change-detection performance (Row 4). For direction classification, low-
prediction rates are particularly difficult under high evapotranspiration, high precipitation, and
low runoff (Row 6), while stable areas are poorly predicted under medium precipitation, high
runoff, and high temperature (Row 7). In regression, the largest errors are associated with high
evapotranspiration, low precipitation, low soil moisture, and high temperature (Row 12), suggesting
that dry, evaporatively demanding regimes remain challenging for magnitude estimation.

We further inspect the samples contained in the worst-performing subgroups to identify recurrent
problematic regions. As summarized in Table 11, Great Salt Lake and Utah Lake appear consistently
among the hardest cases for change detection, direction classification, and regression. Rainy Lake
and Woods Lake are mainly associated with failures on stable or no-change predictions, while
Lake Texoma and Pyramid Lake recur in subgroups with poor regression and positive-change
performance. These patterns indicate that the discovered climate regimes capture meaningful and
geographically coherent failure modes rather than isolated outliers.
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Table 10. Most and least performant subgroups across C, D, and R tasks. Positive divergence indicates
above-average performance, while negative divergence indicates below-average performance.

Task Target/Class Rank Subgroup pattern Score Dri
C No change (F) Top Precip.=High, Runoff=Medium, Soil=Medium 0.94
C No change (F;) Bottom Precip.=Medium, Runoff=High, Tmax=High 0.68
C Change (F;) Top Precip.=High, Runoff=Medium, Soil=Medium 0.67
AET=Medium, Precip.=Low,
C Change (F) Bottom Runoff=Low, Soil=Medium, Tmax=Medium 0.28
D Decrease (Fy) Top Runoff=Medium, Soil=Medium, Tmax=High 0.48
D Decrease (F;) Bottom AET=High, Precip.=High, Runoff=Low 0.04
D Stable (F;) Top Precip.=Medium, Soil=High 0.94
D Stable (F;) Bottom Precip.=Medium, Runoff=High, Tmax=High 0.70
D Increase (F;) Top AET=Medium, Precip.=Medium, Runoff=Low, Soil=Low 0.35
D Increase (F;) Bottom AET=Low, Precip.=Medium, Soil=Medium, Tmax=Medium  0.07
R Change Magnitude (MAE) Top AET=Low, Precip.=Medium, Soil=Medium, Tmax=Medium  0.04
R Change Magnitude (MAE) Bottom AET=High, Precip.=Low, Soil=Low, Tmax=High 0.02

Table 11. Lakes associated with the worst-performing climate subgroups across the three tasks: change
detection (C), direction classification (D), and regression (R), with the affected classes (for C and D) and MAE
metric for R.

Lake ©) (D) R)
Great Salt Lake ~ Change  Increase Change Magnitude
Utah Lake Change  Increase Change Magnitude
Rainy Lake No Change  Stable —

Woods Lake No Change  Stable —
Lake Texoma — Increase Change Magnitude
Pyramid Lake — Increase Change Magnitude

Feature Attribution. We compute the local and global feature-value contributions via Shapley
values to quantify the contribution of each attribute-value pair to the overall divergence. This allows
us to identify which factors are most responsible for performance variations across subgroups.

Local subgroup contributions. Figure 9 reports local contribution via Shapley values for the best-
and worst-performing subgroups across tasks. These explanations clarify which climate conditions
contribute most to each subgroup’s divergence. In the binary task, high precipitation supports
strong performance for both no-change (9a, left) and when coupled with medium runoff for change
classes (9b, left), whereas high runoff mostly contributes to lower-than-average performance to no
change detection (9a, right), while medium AET for change one (9b, right). In the direction task, high
precipitation is the term contributing most to the subgroup with lower-than-average predictions
for the decrease value (9c, right), whereas mid soil contributes most to the subgroup with lower-
than-average predictions for the increase value (9, right). For regression (9f), favorable subgroups
are mainly explained by soil moisture and medium precipitation, whereas high evapotranspiration,
low precipitation, and high temperature contribute to larger errors.
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Fig. 9. Local Shapley explanations for the highest- and lowest-performing subgroups across all tasks. Blue bars
indicate positive feature contributions, while red bars indicate negative contributions. Each panel compares
the top subgroup (left) and bottom subgroup (right) according to divergence from the global average metric.

Global Shapley explanations. While the local analysis quantifies how each condition contributes
to the divergence of a specific subgroup, it requires examining one subgroup at a time and therefore
provides only a local view of model behavior. To obtain a broader picture of the climate factors
that systematically affect performance, we can use the Global Shapley values over all discovered
subgroups.

Figure 10 and Table 10 summarize the most influential feature—bin combinations. Across tasks,
runoff and evapotranspiration emerge as recurrent drivers of performance variation. High runoff is
often associated with reduced performance, especially for stable and increasing classes, while high
evapotranspiration negatively affects several direction and regression metrics. Conversely, moderate
or low precipitation and runoff regimes frequently correspond to improved predictive behavior.
These results suggest that the model is more reliable under moderate hydrological variability, while
extreme or internally inconsistent climate regimes expose systematic weaknesses.

Divergence distribution analysis. To better characterize the variability of subgroup behaviors,
Figure 11 reports the distribution of subgroup divergence scores across all evaluated metrics
and classes for the binary, direction, and regression models, considering F1-score, precision, and
recall for the classification tasks, and MAE for regression. The violin plots reveal that divergence
distributions are strongly asymmetric across tasks. In the binary task (11a), recall-related metrics
exhibit the largest variance, especially for the change class, indicating that certain climate regimes
strongly amplify or suppress the model’s ability to detect changes. In the direction task (11b), the
decrease and increase classes show substantially broader divergence distributions than the stable
class, confirming that directional prediction is considerably more sensitive to climate variability.
For regression (11c), the divergence distribution is comparatively narrow and centered near zero,
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Fig. 10. Global Shapley explanations aggregated across all discovered subgroups for the binary, regression,
and direction prediction tasks. Each panel highlights the most influential feature—bin combinations con-
tributing positively (blue) or negatively (red) to model performance. Panels (a)-(b) show binary classification
performance for the Non-water and Water classes, respectively; panel (c) shows regression performance for
change magnitude prediction (MAE sign-flipped so positive values indicate improvement); and panels (d)—(f)
show direction classification performance for the Decrease, Stable, and Increase classes. Across tasks, high
runoff and high AET conditions are consistently associated with reduced performance, whereas moderate or
low precipitation/runoff regimes frequently correspond to improved predictive behavior.

suggesting more stable behavior across climate conditions despite a few strongly challenging
regimes. Overall, these distributions confirm that the model errors are not uniformly distributed
but concentrated within specific environmental settings.

7.2 Per-channel Saliency

We perform a per-channel saliency analysis to evaluate the contribution of each input modality. We
perform perturbation-based per-channel saliency to quantify the importance of each input channel.
For classification tasks, saliency is measured as the drop in F1-score when a channel is ablated, while
for regression it is measured through the change in magnitude prediction performance. Figure 12
reports the mean contribution of each spectral band and DEM across tasks.
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s and classes for the binary,

direction, and regression models. Positive divergence values indicate subgroups performing above the global
average, while negative values indicate below-average performance. For regression, MAE divergence is sign-

flipped so that positive values consistently correspond to better performance.

The results reveal a strong task- and class-dependent structure. In

the regression task, NIR

provides the largest contribution, followed by SWIR1 and SWIR2, confirming the importance
of infrared information for estimating water-related magnitude changes. In the binary task, the
Change class relies heavily on NIR and SWIR bands, whereas the No Change class shows weaker and
more distributed dependencies across RGB channels. Direction classification exhibits the strongest
class-specific behavior: NIR strongly supports decreasing-change detection but negatively affects

increasing changes, while SWIR channels contribute positively to stable
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Fig. 12. Per-channel saliency analysis across regression, binary, and direction tasks. Bars show the mean
performance drop after perturbing each input channel, with error bars indicating the standard error of
the mean (SEM). NIR and SWIR bands make the greatest contributions, particularly for regression and
change detection, whereas direction classification shows strong class-specific dependencies. In particular, NIR
strongly supports detecting decreases but negatively affects detecting increases. DEM contributes weakly or
negatively across most tasks, suggesting limited complementary information under the current setting.

DEM contributes weakly or negatively across most tasks, suggesting that static elevation provides
limited complementary information once the spectral time series is available. Overall, the saliency
analysis confirms that infrared channels are central for dynamic water-change prediction, while
RGB channels mainly provide contextual information for stable-region discrimination.

This analysis highlights the distinct and complementary roles of spectral bands across tasks. NIR
and SWIR are crucial for detecting dynamic changes and maintaining high correlation with ground
truth signals, while RGB channels remain essential for stable predictions and class discrimination.
Moreover, the varying impact of NIR on different direction classes underscores the importance of
task-specific channel sensitivity when designing interpretable Earth observation models.

7.3 Gated fusion analysis

To investigate whether the auxiliary modalities are actively leveraged by the model, we analyzed the
distribution of gate activation values « across the full test set. Across all four levels, « follows a sharp
unimodal distribution tightly centered around 0.5 with small standard deviations (u € [0.499, 0.503],
o € [0.022,0.055]), with no evidence of bimodality or systematic deviation toward either modality as
shown in Figure 13. This indicates that the gated fusion has converged to a near-uniform weighting,
functionally equivalent to simple feature averaging, rather than learning spatially adaptive decisions.
Combined with the inconclusive modality ablation results, this finding strongly suggests that the
auxiliary inputs do not carry sufficient complementary signal to drive meaningful gate adaptation
under the current training regime.

8 Discussion and Implications

The results presented in this work collectively advance our understanding of both the capability
and the internal mechanics of spatio-temporal models for surface water dynamics forecasting.

Performance gains and multi-modal integration. ACTU consistently and significantly outperforms
both the constant and persistence baselines across all three tasks, confirming that learned spatio-
temporal representations from historical satellite imagery can meaningfully anticipate future
surface water dynamics. The gated fusion analysis reveals that the model converges to near-uniform
weighting across all pyramid levels, suggesting that the auxiliary inputs do not provide sufficient
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complementary signal under the current data regime. We identify two candidate explanations: the
DEM is temporally misaligned in most of the cases and co-varies weakly with the optical time
series, and many TERRACLIMATE variables (e.g., runoff and soil moisture) are outputs of linear
water balance models, known to underperform in the non-linear hydrological regimes that our
subgroup analysis identifies as the hardest cases.

Spectral band importance and task dependency. The per-channel saliency analysis reveals a clear
and physically grounded hierarchy: NIR and SWIR channels are the primary drivers of change
detection and regression performance, consistent with their known sensitivity to water absorption
and surface moisture. Conversely, RGB channels contribute more to stable-region prediction, likely
because they capture land cover context that anchors no-change predictions. The notable inversion
of NIR saliency between negative and positive change classes (where NIR aids NEG detection but
affects POS detection) points to a non-trivial spectral interaction that needs further investigation
with domain experts, possibly related to vegetation responses confounding water surface signals.

Climate variability and systematic failure modes. The climate subgroup discovery reveals that
model performance is not uniformly distributed across environmental regimes: certain combinations
of climate conditions consistently produce larger performance divergences, indicating that ACTU
learns representations that generalize better to some hydrological contexts than others. This could
be a consequence of the geographic and climatic composition of the training data, where some
regimes are more represented than others, or of complex hydrological interactions that are not
fully captured by the included input variables.

Implications of the composite regression loss. The ablation on the regression loss component
shows that the combination of multiscale and wavelet losses achieves a better precision-recall
trade-off than either component alone. The multiscale term promotes spatially coherent predictions
at coarse resolution, reducing false positives from noise, while the wavelet term penalizes errors in
high-frequency structures such as shoreline boundaries.

Broader applicability. While ACTU is evaluated on lakes and rivers across Europe, North America,
and South America, the modular architecture allows the model to be deployed in other settings
with only optical imagery. Additionally, the pretraining strategy on Landsat-5 and fine-tuning on
Sentinel-2 demonstrates a viable transfer learning pathway across sensor generations, which is of
practical relevance as new satellite missions come online.
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9 Limitations

Despite the advances presented, several limitations should be acknowledged to guide future re-
search.

Dataset Construction. While our heuristic selection provides a scalable way to filter all possible
areas around the globe, it is important to mention that not every patch must contain a meaningful
change: while the median change value is strongly skewed toward zero, it is relevant to note this
reflects the real rarity of strong changes, while subtle or no change is more common. Since only lakes
> 100 km? and rivers with a Strahler flow order < 4 are included, smaller water bodies that could be
ecologically and agriculturally significant are excluded. Additionally, the dataset relies exclusively
on optical imagery. While they are spectrally rich, cloud cover and atmospheric interference remain
fundamental obstacles. Synthetic Aperture Radar (SAR) data (which is cloud-independent) could be
included as additional information.

Geographic and climatic coverage. HYDROCHRONOS covers Europe, the United States, and Brazil,
which, while geographically diverse, leaves significant hydrological regimes underrepresented (e.g.,
arid regions of Africa and Central Asia, monsoon-driven systems of South and Southeast Asia,
and Arctic/subarctic permafrost areas). The concentration of lakes in the US and Europe and the
exclusive focus on rivers in Brazil introduces a structural imbalance between the fine-tuning and
test splits that may affect generalization to tropical lake systems. Future extensions of the dataset
should prioritize coverage of these underrepresented regions.

Temporal resolution and sensor gap. The dataset relies on yearly composites from two distinct
sensors (Landsat-5 and Sentinel-2), with a deliberate exclusion of the 2011-2014 period to avoid
Landsat-7 striping artifacts. This gap interrupts temporal continuity and prevents the modeling of
dynamics occurring in that interval. Additionally, restricting image acquisition to the May—August
window (chosen to minimize seasonal variability in the Northern Hemisphere) introduces a sys-
tematic bias that may miss important flood or drought cycles that peak outside this window.

DEM Limitations. The Copernicus GLO-30 DEM is a static, single-timestep layer derived from
TanDEM-X acquisitions collected between 2011 and 2015 [3]. Terrain changes occurring outside
this window, such as reservoir construction, large-scale land subsidence, or sedimentation, are not
captured.

MNDWI-based target. The use of MNDWI as an annotation-free proxy for water dynamics is
pragmatic at scale but introduces well-known confounds: ice, snow, turbid water, and certain
vegetation types can produce MNDWI signals that mimic or suppress water extent changes. While
the median-based target aggregation reduces single-image noise, systematic confounds at the
patch level (e.g., perennial ice cover at high-latitude lakes) cannot be fully eliminated. The fixed
global threshold ¢ = 0.1 further means that the definition of “relevant change” is uniform across
climatically and ecologically heterogeneous settings. Adaptive or region-specific thresholds may
better reflect real-world significance but require expert validation.

Climate data approximation. TERRACLIMATE provides climate data at approximately 4.6 km
spatial resolution, significantly coarser than the 30 m satellite imagery. Beyond resolution, several
variables are themselves outputs of a simplified linear water balance model rather than direct
observations, which may introduce systematic errors. Higher-resolution reanalysis products (e.g.,
ERAS5-Land) or in situ gauge data could provide more physically consistent climate forcing in future
work.
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XAI analysis. The XAl analysis also leaves room for further refinement. Local subgroup ex-
planations require inspecting one subgroup at a time, providing a detailed but inherently local
view of model behavior; yet global Shapley analysis complements this perspective by aggregating
contributions across all discovered subgroups. Moreover, subgroup discovery depends on the dis-
cretization of continuous climate variables. In this work, we use frequency-based bins to obtain
balanced groups, but domain-expert thresholds could define more physically meaningful climate
regimes and further improve interpretability. Finally, the per-channel saliency analysis evaluates
each input channel independently. Future work could extend the XAI framework to account for
feature interactions and joint modality effects.

Model architecture and scalability. ACTU employs ConvLSTM for temporal aggregation, which
is more suited and efficient for short sequences, but it may not scale well to longer historical
contexts or higher-frequency temporal inputs. Attention-based temporal encoders could offer
better scalability if there is any need for longer time series.

Additionally, the current evaluation considers only a single-step forecast (T + 1 period). Multi-step
or probabilistic forecasting, which is more relevant for operational water resource management,
remains an open direction.

Hyperparameter sensitivity. The composite regression loss Lt introduces additional hyperparame-
ters (A, @, wavelet weights W) that were set based on preliminary experiments and domain priors. As
noted in the ablation study, a more exhaustive search could yield further improvements. Similarly,
the climate variable subset of five was chosen based on domain knowledge and multicollinearity
reduction, but a systematic feature selection procedure could validate or revise this choice.

Task Complexity. Regressing the signed change T (rather than |T|) proved unsuccessful in pre-
liminary experiments and was deferred to future work, limiting the model’s ability to produce
signed change maps in a regression setting, which would be more directly interpretable for water
gain/loss analysis in operational contexts.

10 Conclusion

Our findings lay a foundation for advancing predictive spatio-temporal modeling in hydrology and
for fostering research in water resource management in an era of significant environmental change.
HyproCHRONOS provides the first large-scale, multi-modal dataset explicitly designed for long-term
surface water dynamics forecasting, integrating decades of Landsat and Sentinel-2 imagery with
climate variables and DEM data. ACTU establishes a multimodal baseline that combines visual
features, climate variables, and elevation, and our detailed analysis of its architecture, training
strategy, loss functions, and gating mechanism clarifies key design choices for spatio-temporal
predictive modeling. Our comprehensive XAI study identifies salient spectral bands and quantifies
the impact of climate variables, revealing both strengths and limitations of the model and providing
actionable insights for future work.

In future work, we plan to investigate additional tasks (e.g., MNDWI regression), and develop
models specifically tailored to extreme events. Integrating data from radar altimetry, such as
SWOT, could provide water surface elevation, while in situ measurements from river gauges could
complement spectral data and improve physical consistency.
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