INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

Vol 2 Issue 1 (2026)

https://ijmle.org/

Koopman Fourier Diffusion for Storm River Forecasting During
Extreme Storm Events

Lydia Hayes, Julian Harrison
Faculty of Science, University of Melbourne, Melbourne, Australia
Abstract:

Accurate prediction of river water levels over extended temporal horizons remains a formidable
challenge in hydrological forecasting, particularly under the volatile conditions induced by severe
storm events. Traditional physical models and conventional deep learning architectures often
struggle to capture the complex, non-linear dynamics inherent in rapid hydrological fluctuations.
This paper proposes a novel framework that integrates Koopman operator theory and Fourier
analysis within a diffusion-based generative model to achieve robust, long-horizon river level
forecasting. By utilizing the Koopman operator, the methodology maps the intricate, non-linear
hydro-meteorological state space into an infinite-dimensional linear space, where the system
dynamics become significantly more tractable. Simultaneously, the Fourier transform decomposes
these dynamics in the frequency domain, enabling the model to capture multi-scale periodic
patterns such as seasonal variations and flash storm impulses. The diffusion model acts as the core
predictive engine, leveraging the linearly transformed frequency features to genmerate highly
accurate future state trajectories through a learned denoising process. Comprehensive evaluations
against established benchmarks demonstrate that the proposed architecture not only minimizes
accumulation errors in long-term predictions but also exhibits superior stability and
responsiveness during extreme weather anomalies. The approach establishes a new paradigm for
resilient infrastructure planning and disaster mitigation.
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INTRODUCTION

1.1 Background on River Level Forecasting

The accurate forecasting of river levels constitutes a fundamental pillar of water resource
management, civil infrastructure protection, and disaster mitigation planning. River systems are
highly dynamic entities governed by a multitude of interacting factors, including upstream
precipitation, soil moisture saturation, topological gradients, and local human interventions [1].
For decades, authorities have relied on such forecasts to regulate dam operations, issue timely
flood warnings, and ensure the steady supply of agricultural and municipal water resources [2].
Conventional forecasting methodologies have largely been dominated by physically based
hydrological models, which attempt to simulate the water cycle using rigorous conservation laws

]
124 |

—


https://ijmle.org/

INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

of mass and momentum. While these mechanistic approaches offer valuable interpretability and
adhere strictly to the laws of physics, they require extensive spatial and temporal data regarding
catchment characteristics, which are often sparsely monitored or entirely unavailable in developing
regions. Furthermore, the inherent computational complexity of these systems often limits their
utility for real-time applications requiring rapid horizon updates. As urbanization expands and
encroaches upon natural floodplains, the economic and human costs associated with forecasting
inaccuracies have grown exponentially, necessitating the development of more responsive and
highly accurate predictive frameworks.

1.2 Challenges of Extreme Weather and Storms

The overarching difficulty of river level forecasting is severely exacerbated by the increasing
frequency and intensity of extreme weather events, primarily driven by global climate shifts [3].
Storms introduce massive, sudden influxes of precipitation that rapidly alter the hydrological state,
leading to non-linear surges in river discharge and water levels. These flash flood scenarios are
notoriously difficult to predict using standard autoregressive models, which typically assume a
degree of stationarity or rely on historical patterns that do not account for unprecedented anomalies
[4]. Under storm conditions, the time lag between peak rainfall and peak river discharge can shrink
drastically, reducing the critical window available for emergency response. Moreover, heavy
storms often trigger cascading effects, such as landslides or the sudden breach of natural debris
dams, injecting further volatility into the time series data. Traditional machine learning approaches,
including standard recurrent neural networks, frequently suffer from error accumulation when
forced to predict across long horizons under such erratic conditions. They tend to smooth out the
sharp peaks characteristics of storm surges, thereby underestimating the maximum water levels
and potentially failing to trigger necessary civil defense mechanisms. Overcoming this requires an
architecture capable of explicitly decoupling the underlying stable cyclical trends from the sudden,
high-frequency impulses generated by severe meteorological disturbances.

1.3 Introduction to Koopman Operator and Fourier Transforms

To address the severe non-linearities presented by storm-induced river fluctuations, recent
theoretical advancements have looked toward the Koopman operator. Originating from the study
of dynamical systems, the Koopman operator posits that any non-linear dynamical system can be
fully described by an infinite-dimensional linear operator acting on the space of observable
functions [5]. In practical terms, this allows researchers to transform complex, chaotic time series
data into a higher-dimensional space where the state transitions can be approximated linearly. This
linearization is profoundly beneficial for long-horizon forecasting, as it circumvents the
compounding errors that plague non-linear recurrent models. Complementing this approach,
Fourier analysis provides a robust mechanism for decomposing time series data into its constituent
frequency bands. By applying Fourier transforms to the sequence data, it becomes possible to
isolate the low-frequency components, which correspond to seasonal or annual hydrological
trends, from the high-frequency components, which correspond to sudden precipitation events or
sensor noise. The integration of these two mathematical frameworks presents a unique opportunity:
the Koopman operator manages the systemic non-linearities, while the Fourier transform ensures
that multi-scale temporal dependencies are accurately captured and processed.

1.4 Objectives and Contributions

This research introduces a novel predictive framework designed to overcome the limitations of
existing methodologies by fusing Koopman operator theory, Fourier feature extraction, and
diffusion-based generative modeling [6]. The primary objective is to achieve stable, high-fidelity
river level forecasts across long temporal horizons, specifically during periods of extreme storm
activity. The key contributions of this paper are multifold. First, it proposes a unified architecture
that maps raw hydro-meteorological inputs into a linearized, frequency-aware latent space.
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Second, it replaces conventional deterministic prediction heads with a probabilistic diffusion
model, allowing the system to capture the inherent uncertainty and stochasticity of storm events.
Third, the study provides extensive empirical validation using real-world catchment data,
demonstrating that the proposed method significantly outperforms current state-of-the-art models
in capturing sharp river level peaks without sacrificing long-term trend accuracy. The findings hold
substantial implications for the future of automated flood warning systems and resilient
environmental monitoring.

2. Literature Review and Background

2.1 Traditional Hydrological Modeling Approaches

Historically, the domain of hydrological forecasting has been anchored by physical and conceptual
models. These frameworks attempt to replicate the complex processes of rainfall, interception,
infiltration, runoff, and routing through a series of differential equations [7]. Prominent examples
include the Soil and Water Assessment Tool and the Variable Infiltration Capacity model. While
these mechanistic models provide deep insights into the physical behavior of river basins and
ensure mass balance, their deployment is highly resource-intensive. The calibration process
requires vast amounts of high-resolution spatial data, including soil types, land use patterns, and
high-fidelity digital elevation models [8]. In regions lacking robust sensor networks, the
performance of these models degrades significantly. Furthermore, physical models are often rigid,
making it difficult to rapidly integrate new streams of real-time meteorological data [9]. The
deterministic nature of these traditional approaches also limits their ability to natively express the
uncertainty bounds of a forecast, a critical requirement for risk assessment during extreme weather
events. Consequently, while they remain invaluable for long-term climate impact studies, their
utility in dynamic, short-to-medium range storm forecasting is increasingly being supplemented
or replaced by data-driven alternatives.

2.2 Machine Learning in Time Series Forecasting

The advent of deep learning has revolutionized time series analysis across multiple disciplines,
and hydrology is no exception. Early applications utilized multilayer perceptrons and support
vector regressors to map precipitation inputs directly to river level outputs [10]. However, these
shallow architectures struggled to capture the sequential dependencies inherent in hydrological
data. The subsequent introduction of recurrent neural networks, particularly Long Short-Term
Memory networks, marked a significant leap forward. These models excel at maintaining hidden
states over time, allowing them to account for the antecedent moisture conditions of a catchment
basin [11]. Despite their success, traditional recurrent architectures face two major hurdles in the
context of storm forecasting. First, they process data sequentially, which inherently limits their
ability to capture very long-range dependencies due to vanishing gradients, even with gating
mechanisms. Second, when predicting multiple steps into the future, recurrent models typically
rely on autoregressive decoding, where the prediction of the current step is fed back as the input
for the next. During storm events, where the data distribution shifts violently, this autoregressive
process leads to rapid error accumulation, causing the model predictions to drift away from reality
over long horizons.

2.3 Diffusion Models for Sequence Prediction

Diffusion models have recently emerged as the vanguard of generative artificial intelligence,
initially achieving unprecedented success in image and audio synthesis. The core principle of a
diffusion model involves a forward process that gradually adds Gaussian noise to the data until it
becomes pure noise, followed by a learned reverse process that iteratively denoises the data to
reconstruct the original signal [12]. Researchers have begun adapting these probabilistic models
for continuous time series forecasting. Unlike deterministic models that output a single point
estimate, diffusion models generate a full probability distribution over future trajectories. This is

]
126 |

—



INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

highly advantageous for river level forecasting, as it provides decision-makers with a range of
possible scenarios and associated confidence intervals. Furthermore, diffusion models avoid the
autoregressive error accumulation problem by generating the entire prediction sequence
simultaneously in a non-autoregressive manner [ 13]. However, applying standard diffusion models
directly to raw temporal data is computationally expensive and often results in overly smooth
predictions that fail to capture the sharp spikes associated with flash floods. Therefore, significant
conditioning and feature engineering are required to adapt diffusion mechanisms to the specific
dynamics of hydrological systems.

2.4 The Role of the Koopman Operator in Nonlinear Dynamics

The integration of Koopman operator theory into deep learning has provided a powerful
mechanism for understanding and predicting non-linear dynamical systems. The theory
demonstrates that the dynamics of a non-linear system can be represented by a linear, albeit
infinite-dimensional, operator acting on a space of observable functions [14]. In modern
computational frameworks, deep neural networks are employed to discover a finite set of these
observable functions, effectively embedding the chaotic time series into a latent space where the
temporal evolution is strictly linear. This linearization is a massive advantage for forecasting. In a
linear space, predicting multiple steps into the future becomes a simple matter of matrix
exponentiation, completely bypassing the compounding errors associated with non-linear iterative
predictions. For river level forecasting under storm conditions, the Koopman operator allows the
model to separate the underlying physical dynamics of the river basin from the chaotic external
forcing introduced by the storm, providing a stable backbone for long-horizon extrapolation.

2.5 Frequency Domain Analysis via Fourier Methods

Time series data, particularly in environmental contexts, is composed of interacting signals across
multiple frequencies. Relying solely on the time domain limits a model's ability to isolate these
distinct components. Fourier transforms address this by converting time sequences into the
frequency domain, representing the data as a sum of sinusoidal waves [15]. In the context of deep
learning, Fourier neural operators and discrete Fourier transform layers have been utilized to
enhance feature extraction. By processing data in the frequency domain, models can efficiently
capture global periodic dependencies, such as seasonal rainfall patterns or daily tidal influences,
using only a few low-frequency parameters. Conversely, high-frequency components can be
isolated to study rapid, transient events like flash storms. By embedding Fourier analysis within a
neural architecture, the predictive model gains a holistic view of the data's temporal structure,
significantly improving its robustness against the noisy and erratic inputs characteristic of extreme
weather scenarios.

3. Methodology and Analytical Framework

3.1 Data Collection and Preprocessing

The foundation of the proposed forecasting architecture relies on a rigorous data collection and
preprocessing pipeline. The dataset encompasses multivariate hydro-meteorological time series
sourced from a diverse array of sensor networks deployed across a major river basin characterized
by its susceptibility to severe seasonal storms [16]. The primary target variable is the river water
level, recorded at hourly intervals. To provide sufficient context for the predictive model, a suite
of exogenous variables is collected concurrently. These include upstream discharge rates, localized
precipitation volumes, soil moisture indices, and meteorological forecasts comprising temperature,
humidity, and atmospheric pressure. Given the realities of remote sensor deployment, the raw data
frequently contains anomalies, such as missing values due to transmission failures or erratic spikes
caused by sensor malfunctions [17]. A comprehensive preprocessing strategy is therefore
implemented. Missing values are imputed using a localized linear interpolation method for brief
gaps, while longer periods of missing data are reconstructed utilizing an auxiliary historical
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matching algorithm to ensure the preservation of cyclical trends. Subsequent to imputation, all
variables are subjected to a robust scaling procedure. Unlike standard min-max scaling, which can
compress the normal data range when extreme storm outliers are present, the robust scaling utilizes
the interquartile range to normalize the inputs, thereby preserving the magnitude of storm-induced

anomalies without skewing the baseline data distribution.
Table 1: Hydrological Dataset Characteristics

Variable Category Data SourceMissing Rate Normalization
Frequency Method
River Water Level Hourly 1.2 Percent Interquartile Scaling
Precipitation Volume |Hourly 0.8 Percent Interquartile Scaling
Soil Moisture Index  |Daily 2.5 Percent Linear Interpolation
Atmospheric Pressure [Hourly 0.5 Percent Z-Score
Standardization

3.2 Formulation of the Koopman Operator Mapping

Once the multivariate time series is preprocessed, it is passed into the Koopman operator block,
which serves as the primary mechanism for linearizing the complex hydrological dynamics. Let
the state of the river system at any given time step be represented by a multidimensional vector
encompassing the water level and all exogenous forcing variables. The transition of this state to
the next time step is governed by an unknown, highly non-linear dynamical function [18]. The
objective of this methodological component is to learn a mapping function, parameterized by a
deep neural network, that lifts this original state into a high-dimensional observable space.
Within this latent observable space, the temporal evolution of the system is constrained to be
strictly linear, governed by the Koopman matrix. The neural network architecture employed for
this lifting process consists of multiple dense layers with specialized activation functions designed
to maintain invertibility, ensuring that the latent representation can be accurately mapped back to
the physical river level space [19]. During the training phase, the loss function explicitly penalizes
deviations from linearity in the latent space. By forcing the latent representations of consecutive
time steps to adhere to a linear transformation, the model discovers the fundamental, invariant
physical laws governing the river basin's response to meteorological inputs. This linear backbone
enables the model to project the system state far into the future through simple matrix
multiplication, thereby establishing a highly stable trajectory for long-horizon forecasting even
when the input data is disrupted by storms.

3.3 Integration of Fourier Features

While the Koopman operator stabilizes the non-linear temporal dynamics, it must be augmented
to handle the distinct multi-scale periodicities of the river system. To achieve this, a Fourier
transform module is integrated in parallel with the Koopman block. The preprocessed time series
sequence of a specified look-back window is subjected to a Discrete Fourier Transform, converting
the temporal sequence into a spectrum of complex-valued frequency components [20]. This
transformation reveals the dominant frequencies driving the hydrological system. The low-
frequency components typically represent the slow-moving, foundational trends of the basin, such
as groundwater baseflow and seasonal accumulation. The high-frequency components capture the
rapid, erratic fluctuations, such as those caused by intense, short-duration rainfall during a storm
[21]. Instead of processing all frequencies equally, the proposed architecture employs a learned
frequency filtering mechanism. A specialized neural layer applies varying attention weights to
different frequency bands, emphasizing the critical components while suppressing extraneous
high-frequency noise that does not contribute to the actual physical response of the river [22]. The
filtered frequency representations are then subjected to an inverse Discrete Fourier Transform,

]
128 |

—



INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

mapping them back to the time domain. These enriched, frequency-aware temporal features are
concatenated with the linearized Koopman states, creating a highly comprehensive latent
representation that encapsulates both the stable linear dynamics and the complex periodic patterns
of the storm events.

3.4 The Diffusion Generative Process

The concatenated latent representations derived from the Koopman and Fourier modules serve as
the conditional input for the core predictive engine: the diffusion model. Unlike traditional
regression heads that output a single deterministic future trajectory, the diffusion model generates
a probability distribution of future river levels, providing essential uncertainty quantification [23].
The generation process is defined by two distinct phases. The forward diffusion process takes the
ground truth future trajectory of the river level during training and incrementally adds Gaussian
noise over a predefined number of diffusion steps until the trajectory is completely obscured into
a normal distribution. The reverse denoising process, which is the actual predictive mechanism
during inference, begins with a sequence of pure Gaussian noise. A heavily parameterized neural
network, typically an adaptation of a U-Net architecture optimized for one-dimensional sequence
data, is trained to iteratively predict and subtract the noise at each step [24]. Crucially, this
denoising network is conditioned on the rich latent features extracted by the Koopman and Fourier
blocks. At each denoising step, the network utilizes the linearized system dynamics and the multi-
scale frequency patterns to guide the removal of noise, gradually sculpting the random sequence
into a coherent, physically plausible forecast of future river levels. Because the diffusion model
generates the entire future sequence simultaneously over the reverse steps, it completely
circumvents the autoregressive error accumulation that degrades standard models during long-
horizon forecasts.

3.5 Model Architecture and Training Paradigm

The complete architecture operates as an end-to-end differentiable system. The input sequence
passes simultaneously through the Koopman lifting network and the Fourier analysis module.
Their outputs are fused using a cross-attention mechanism that dynamically weighs the importance
of the linear dynamical state against the specific frequency anomalies present in the current input
window. This fused tensor provides the conditional context for the denoising U-Net [25].

The training paradigm requires a carefully constructed multi-objective loss function. The total loss
is a weighted sum of three distinct components. The first is the reconstruction loss of the Koopman
autoencoder, ensuring that the lifting process retains all necessary information to decode back to
the physical state. The second is the linearity loss, which enforces the strict linear progression of
the latent states over time. The third, and most substantial, is the diffusion noise estimation loss,
which measures the mean squared error between the actual noise added during the forward process
and the noise predicted by the U-Net during the reverse process. By jointly optimizing these
objectives, the model learns a perfectly synchronized internal representation where the stability of
the Koopman operator and the frequency awareness of the Fourier transform directly enhance the
generative capability of the diffusion process, resulting in highly accurate forecasts under volatile
storm conditions.

4. Experimental Results and Discussion

4.1 Evaluation Metrics and Baseline Comparisons

To rigorously assess the performance of the proposed architecture, a comprehensive evaluation
framework was established. The model was benchmarked against a diverse array of established
forecasting methodologies. These included traditional statistical approaches such as
Autoregressive Integrated Moving Average models, standard deep learning architectures including
Long Short-Term Memory networks and Temporal Convolutional Networks, as well as state-of-
the-art transformer-based time series models designed for long-sequence prediction [26].
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The evaluation utilized standard statistical metrics to quantify prediction accuracy. Mean Absolute
Error was employed to measure the average magnitude of the errors without considering their
direction, providing a baseline understanding of overall precision. Root Mean Square Error was
utilized to heavily penalize large forecasting deviations, which is particularly critical in storm
scenarios where missing a peak water level can have catastrophic consequences [27]. Additionally,
the Nash-Sutcliffe Efficiency coefficient was calculated, a standard hydrological metric that
assesses the relative magnitude of the residual variance compared to the measured data variance.
An efficiency coefficient closer to one indicates a model that perfectly matches the observed data.
The forecasting horizons evaluated extended up to ninety-six hours, pushing the limits of the
models' predictive capabilities under dynamic storm forcing.

4.2 Performance Under Storm Conditions

The superiority of the proposed framework becomes most apparent during the analysis of specific
extreme weather events within the test dataset. Under normal, clear-weather conditions, most
baseline models, particularly the transformer architectures, perform adequately, maintaining low
error rates over short horizons. However, the introduction of severe storm data reveals critical
vulnerabilities in conventional approaches [28]. When a major precipitation event occurs, the river
level exhibits a rapid, non-linear ascent followed by an extended recession curve. The baseline
recurrent models consistently struggle to anticipate the steepness of the ascent, resulting in a
delayed forecast that dangerously underestimates the peak water level. They tend to exhibit a
smoothing effect, treating the storm impulse as an outlier to be averaged out. Furthermore, the
transformer models, while better at capturing the initial spike, often fail to accurately model the
subsequent recession, predicting a faster return to baseline than physically occurs [29].
Conversely, the proposed methodology accurately tracks both the sudden escalation and the
gradual descent of the water levels. The integration of the Fourier features allows the model to
immediately recognize the high-frequency impulse of the storm rain, while the Koopman operator
provides the linear stability required to accurately project the subsequent recession curve based on
the fundamental basin dynamics [30]. The diffusion generative process ensures that the predicted
trajectory remains physically realistic, avoiding the erratic, jagged predictions sometimes
produced by deterministic models under stress.

Koopman Fourier Diffusion Architecture
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Figure 1: Comprehensive Schematic of the Koopman Fourier Diffusion Architecture

]
130 |

—



INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

4.3 Long-Horizon Forecasting Capabilities

Extending the forecast horizon introduces compounding complexities. For a standard
autoregressive model, an error made at hour twelve is fed back into the system, magnifying the
error at hour twenty-four, and so forth. By hour seventy-two, the predictions of the baseline
recurrent models often diverge entirely from the ground truth, rendering them useless for long-
term emergency planning [31]. The proposed framework effectively mitigates this degradation.
Because the temporal dynamics are projected into a linear Koopman space, advancing the state
into the future is a highly stable operation. The model does not rely on feeding its own noisy
predictions back into itself. Instead, the entire ninety-six-hour trajectory is generated holistically
through the reverse diffusion process, guided by the stable linear projection. Empirical results
demonstrate that while the Mean Absolute Error of all models inevitably increases as the horizon
extends, the rate of degradation for the proposed model is significantly lower than that of the
baselines. At the ninety-six-hour mark, the proposed architecture maintains a Nash-Sutcliffe
Efficiency coefficient that remains within operational utility, whereas all traditional deep learning
baselines fall below acceptable thresholds [32].
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Figure 2: Comparative Analysis of Long

4.4 Ablation Studies and Component Analysis

To validate the contribution of each architectural component, an extensive ablation study was
conducted. The complete model was systematically deconstructed, and the performance of various
modified iterations was assessed. The first ablation removed the Fourier transform module, relying
solely on the Koopman operator and the diffusion process. The second iteration removed the
Koopman operator, utilizing only Fourier features to condition the diffusion model. The final test
replaced the probabilistic diffusion engine with a standard deterministic multi-layer perceptron
prediction head [33].

Table 2: Ablation Study Results

Model Configuration Mean Absolute Error [Root Mean SquareNash-Sutcliffe
Error Efficiency

Complete Architecture |0.142 0.198 0.931

Without Fourier|0.175 0.241 0.884

Module
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Without Koopman|0.188 0.265 0.852
Block
Deterministic Head 0.210 0.301 0.811

The results clearly indicate that every component is critical to achieving state-of-the-art
performance. The removal of the Fourier module primarily degraded the model's responsiveness
to sudden storm spikes, validating its role in capturing high-frequency inputs. The absence of the
Koopman block resulted in severe performance deterioration over longer forecasting horizons,
confirming its necessity for maintaining stable temporal dynamics. Replacing the diffusion model
with a deterministic head not only eliminated the ability to quantify uncertainty but also increased
overall error rates, demonstrating the superior generative capabilities of the denoising process in
synthesizing complex, multi-step trajectories.
5. Conclusion
This research presents a highly advanced, integrated framework for predicting river water levels
across extended temporal horizons, specifically tailored to handle the extreme volatility of severe
storm events. By successfully merging Koopman operator theory with Fourier analysis and
diffusion-based generative modeling, the proposed architecture directly addresses the most
persistent challenges in hydrological forecasting. The Koopman operator provides a profound
mathematical advantage by linearizing the highly complex, chaotic dynamics of the river basin,
effectively halting the error accumulation that paralyzes traditional non-linear models over long
horizons. Simultaneously, the inclusion of Fourier features empowers the system to dissect the
multi-scale periodicities of environmental data, ensuring rapid and accurate responses to high-
frequency storm impulses [34]. The deployment of a probabilistic diffusion model as the core
predictive engine not only yields unparalleled accuracy in trajectory generation but also provides
essential uncertainty bounds, offering a robust tool for risk management. The extensive empirical
evaluations confirm that this unified methodology significantly outperforms existing state-of-the-
art architectures in both precision and stability under extreme weather conditions.
6. Limitations and Future Research Directions
Despite the substantial advancements demonstrated by the proposed framework, certain
limitations remain that warrant further investigation. The current architecture relies entirely on
one-dimensional temporal data collected from specific sensor locations. Consequently, it does not
explicitly model the vast spatial dependencies of the broader catchment area, such as topological
gradients or distributed soil saturation levels, which are critical factors in widespread flood
dynamics. Additionally, the computational overhead required to train the diffusion model and
perform the iterative reverse denoising process during inference is considerable, potentially
complicating its deployment on resource-constrained edge computing devices in remote
monitoring stations. Future research will focus on expanding the methodology into the spatio-
temporal domain by integrating graph neural networks to capture the topological relationships
between multiple interconnected sensor nodes. Furthermore, efforts will be directed toward
optimizing the diffusion sampling process to accelerate inference times without compromising the
fidelity of the generated forecasts, thereby ensuring that this powerful predictive tool can be
deployed ubiquitously across global environmental monitoring networks.
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