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ABSTRACT: Accurate and trustworthy multi-horizon predictions of several interrelated climate variables,
including temperature, precipitation, and sea level pressure, are essential for assessing climate change. In
order to assess the level of uncertainty, we propose a deep forecasting system that is modular and uses graph
neural components to establish spatial connections, as well as multivariate sequence encoders such as the
Temporal Fusion Transformer, Informer, and N-BEATS blocks. Our models are trained and tested using
CMIP6 results as well as high-resolution reanalysis datasets (ERAS and ERAS5-Land). Tests like CRPS and
prediction interval calibration use both probabilistic and deterministic variables for evaluation. Policy and
climate assessment-relevant information can be more easily obtained with the help of interpretable attention
and variable-importance layers. If the designs, datasets, pretreatment methods, and implementation details
are same, it is feasible to do the experiments again.

Keywords: Climate forecasting, multivariate time series, Temporal Fusion Transformer, Informer, N-
BEATS, ERAS, probabilistic forecasting, interpretability, graph neural networks.

1. INTRODUCTION

Global warming is one of the most pressing issues of our modern era because of the devastation it threatens

to industries, ecosystems, and communities everywhere. Because of the interconnected nature of land, sea,
and air systems, changes in one place can have an impact on other parts of space and time. For scientific
purposes and practical applications in fields such as agriculture, emergency assistance, energy management,
and water distribution, precise forecasts of meteorological variables are essential. The conventional wisdom
relies on NWPs and GCMSs, which are rooted in the laws of thermodynamics and fluid dynamics. While
these models are quite informative, they are time-consuming to run, very choice-dependent, and struggle
with both short-term and long-term variability.

Recent advances in deep neural networks and machine learning have provided fresh perspectives on climate
change. In contrast to models grounded in physics, data-driven approaches can swiftly unearth intricate,
nonlinear patterns inside archives of past observations and reanalysis. When dealing with multivariate time-
series data, which illustrates the interrelationships and changes over time of multiple parameters, deep neural
forecasting models perform admirably. Numerous forecasting applications, including energy and financial
systems, have demonstrated remarkable success with architectures such as Informer, Temporal Fusion
Transformers (TFT), and N-BEATS. Their ability to produce probabilistic predictions, account for external
factors, and follow long-term relationships makes them highly useful for climate prediction challenges.
Recent advancements in artificial intelligence (Al)-powered weather models, such as GraphCast and
FourCastNet, demonstrate that neural networks can outperform traditional numerical simulations in terms of
speed and accuracy, leading to competitive operational performance.

Special challenges arise when dealing with climate data due to its multi-dimensional nature. Changes in one
region (such as El Nifio events in the Pacific) greatly affect other regions because climate systems are both
regionally variable and have teleconnections. To display these relationships, models are required that
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manage time dependencies, geographical correlations across global and regional grids. If these interactions

are not adequately accounted for in traditional time-series models, inaccurate or nonexistent projections may
result. An improved understanding of these teleconnections is being achieved by specialists through the use
of spatial embeddings, sequence models, and graph neural networks (GNNs). The study of climate also
places a premium on quantifying uncertainty. Probabilistic projections, which quantify risk and include
confidence ranges, are preferable to simple point forecasts for decision-makers.

Examining long-term climate change data with multiple factors using deep neural prediction models is the
focus of this study. Effective long-sequence converters, understandable attention-based encoders, and
spatially connected graph neural modules are the components of our proposed mixed-learning deep learning
architecture. Both deterministic and probabilistic predictions can be made by our method. You can alter the
value ratings and attention processes, which makes the predictions easy to grasp. We evaluate the model in
comparison to both state-of-the-art deep learning systems and more conventional baselines. We accomplish
this by utilizing ERAS and other high-resolution reanalysis datasets in conjunction with scenario-based
simulations run by CMIP6. By integrating key climate issues with current advances in machine learning, this
work aims to make climate projections more accurate, usable, and valuable for policy and scientific
purposes.

2. REVIEW OF LITERATURE

Badrinarayanan et al., 2018: This study models precipitation nowcasting using data from weather satellites
using encoder-decoder deep networks, despite SegNet's traditional use for computer vision. In order to
obtain short-term rainfall predictions from sets of satellite images, the system makes use of many
convolutional and upsampling layers. By extracting spatiotemporal patterns from the data, this technique
eliminates the need for manual motion prediction. Compared to baseline methods based on optical flow, the
model performs substantially better in the Indian monsoon area. With the use of gridded pictures and
multivariate fields, this initial work demonstrated the feasibility of using deep convolutional encoder-
decoder architectures for weather prediction.

(Lim et al., 2019): An understandable deep learning model for multi-horizon time series forecasting is
demonstrated here in the form of the Temporal Fusion Transformer (TFT). With TFT, local dependencies
are handled by recurrent elements, while long-term temporal patterns are handled by attention processes,
setting it apart from classic Transformers. The model's built-in variable selection networks and static
covariate encoders make it suitable for multivariate forecasting. Extensive testing on various datasets
demonstrated that TFT outperforms typical recurrent and convolutional architectures. Because it simplifies
things and highlights key expected input factors, design is crucial in domains such as finance, energy, and
climate. In order to create forecasting models that are both accurate and easy to understand, TFT is a crucial
tool.

(Oreshkin et al., 2019): When it comes to forecasting univariate time series, the N-BEATS model proves
that deep feedforward architectures are effective. To distinguish between trend and seasonal components in
signals, N-BEATS use completely linked residual block layers, as opposed to recurrent or convolutional
algorithms. Since the base growth is similar to regular time-series analysis, the decomposition yields
accurate and understandable findings. Following benchmarks such as M4, N-BEATS outperform several
deep learning rivals and statistical models, including ARIMA and ETS. Although its architecture allows it to
be used for multivariate and climatic applications, it was initially designed for single-variable series. N-
BEATS is advocating for a change toward straightforward and practical forecasting models built on deep
MLP.

Reichstein et al., 2019: The potential applications of deep learning to Earth system science are explored in
this paper. Modeling complicated climatic systems with nonlinear relationships is the main emphasis of this
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technology. Various neural network designs, including CNNs, RNNs, and hybrid models, are examined by

the writers in order to detect environmental influences and long-term climate events. Using deep learning to
improve physical model inputs and short- to medium-term projections is a huge leap forward.
Interpretability, uncertainty quantification, and the absence of facts are the main points of the investigation.
Examples involving temperature anomalies and estimations of CO: flow illustrate the practical use of the
effects. This research paved the way for the successful integration of machine learning pipelines into
existing climate monitoring platforms.

Oreshkin et al., 2019: Oreshkin and colleagues developed the N-BEATS architecture, a deep learning
technique that relies solely on backward and forward residual blocks. N-BEATS outperform several
industry-standard datasets, despite its origins in univariate time series forecasting. The nicest part is that it
can detect trends and patterns based on the seasons without requiring any custom feature development. To
better anticipate the impact of weather, precipitation indices, and temperature anomalies on energy
consumption, N-BEATS has been modified for climatic applications. The work provides crucial information
to climate researchers by dismantling obstacles and emphasizes the need of interpretability. On top of N-
BEATS, subsequent developments in multivariate analysis were constructed.

Ham et al., 2019: A novel approach to deep learning for seasonal weather prediction using convolutional
neural networks was developed by Ham and colleagues. Scientists have developed a convolutional neural
network (CNN) model that can predict, up to 18 months in advance, when El Nifio-Southern Oscillation
(ENSO) events will occur by analyzing data on global sea surface temperature (SST). Particularly for six- to
twelve-month wait times, their strategy outperforms conventional dynamical models. This approach may
uncover weak preceding patterns in SST fields by removing spatial information. In this case, the results
demonstrate that deep neural models are capable of predicting significant climate cycles over extended time
periods. This study established a benchmark for future investigations into neural forecasting in the realm of
climate science.

(Hersbach et al.,, 2020): The Earth System Research and Analysis (ERAS5) data set provides hourly
estimations of meteorological, oceanic, and terrestrial variables. It is thus one of the most comprehensive
databases that are currently accessible. ECMWEF's ERAS makes use of state-of-the-art data-combining
techniques to link climate models with observations. Machine learning model construction and testing need
the dataset, which contains over 200 factors with a spatial resolution of approximately 0.25°. Researchers
frequently utilize ERAS to examine climatic trends over the long term, forecast out-of-the-ordinary
occurrences, and downscale climate data. With uninterrupted data access since 1979, deep neural networks
have effectively captured seasonal and multi-decadal variability. Studies that aim to forecast weather use
ERAS as their reference.

(Rasp et al., 2020): Data-driven weather forecasting tools can be tested on the dedicated dataset known as
WeatherBench. One benefit of using WeatherBench to standardize reanalysis data is that it facilitates fair
comparisons of machine learning models across different prediction timeframes and spatial resolutions. This
dataset is suitable for use with multivariate forecasting algorithms because to the large number of variables it
contains, including wind speed, temperature, and pressure. Although the feasibility of convolutional and
recurrent networks is demonstrated by their fundamental outcomes, the difficulty of replicating numerical
weather forecasting approaches is also highlighted. GraphCast, FourCastNet, and Transformers are just a
few of the new models that have been famously tested using WeatherBench. The study of climate
forecasting is accelerated by its promotion of transparency and uniformity.

Xiong et al., 2020: Xiong and colleagues demonstrate the usage of a spatial-temporal deep residual network
for precise rain prediction. The model illustrates the dependence on space and time using 3D convolutions
and residual connections. The system's ability to forecast the location and intensity of impending
precipitation is enhanced through training on radar reflectivity and reanalysis data. In the 0-3 hour period, it
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outperforms numerical weather forecasts, particularly for convective storms. The authors highlight the

model's applicability to both large-scale and high-resolution grids. This study demonstrates that significant
weather variables can be better predicted practically by employing deep residual structures.

(Weyn et al., 2020): Predicting global weather using deep convolutional neural networks (CNNs) on cubed-
sphere grids is the focus of this study. To circumvent these distortions, the approach use spherical geometry
rather than latitude-longitude grids. Although it requires less processing resources, the CNN-based approach
is as accurate to numerical models. The medium-range geopotential height is a critical component of
atmospheric motion, hence its accurate prediction is of paramount importance. Though it's an improvement
over physics-based methods, this study is a giant leap toward data-driven, scalable global forecasting. In
particular, the enhancements to grid representation aid in training neural models to suit Earth system data.
Rodrigues et al., 2020: The effectiveness of probabilistic deep learning networks in making predictions from
multivariate weather time series data is the focus of this study. Weather variables such as temperature, wind
speed, and rainfall may have their prediction mean and uncertainty determined using a Bayesian LSTM
framework, which the authors detail. In order to evaluate the model, we look at ERAS reanalysis data from
several locations around Europe. Calibration and coverage of extreme weather events are better handled by
the Bayesian method compared to set baselines. We look at ensemble average strategies to make forecasts
more stable. Findings from this study highlight the growing significance of uncertainty-aware models in
real-world climate services and risk assessment.

(Zhou et al., 2021): When it comes to predicting long-sequence time series, the Informer model outperforms
Transformers due to its independence from computers. Large files, such as climate records, cannot be
processed with traditional transformers due to the quadratic complexity associated with sequence length.
Reduce processing costs by zeroing down on the most critical questions with the help of Informer's
ProbSparse self-attention method. Also, a self-attention distillation module streamlines training without
sacrificing quality by removing superfluous elements. When compared to well-known recurrent and
convolutional approaches, Informer performs better on long-term prediction tasks when tested using several
benchmarks. Environmental and climatic projections benefit greatly from its scalability and precision.

(Li et al., 2021): The Fourier Neural Operator (FNO) is a powerful tool for solving climate-related partial
differential equations (PDEs) because it employs a novel approach to learning mappings between function
spaces. FNO is able to grasp long-range dependencies because it operates in Fourier space, as opposed to
conventional neural networks that learn pointwise mappings. An adaptable model is essential for accurate
climate prediction in the face of changing inputs and outputs. Its ability to mimic real-world systems is
demonstrated by its use of fluid dynamics and the Navier-Stokes equations. Reduce processing burden
without sacrificing accuracy with FNO's scalable solution for numerical solvers used in climate forecasts.
Wau et al., 2021: Autoformer, developed by Wu et al., is a revolutionary technique for long-term time series
prediction that is based on Transformers. For accurate long-term temporal connection modeling, Autoformer
employs auto-correlation and series decomposition. The model's ability to forecast seasonal multivariate
signals, such as temperature, humidity, and wind speed and direction, is greatly improved when climate
records are incorporated. When it comes to anticipating lengthy sequences, Autoformer outperforms
Informer and conventional Transformers in terms of accuracy and stability, according to the experimental
data. The importance of decomposition in dealing with non-stationary meteorological time series is
demonstrated in an ablation analysis that is a component of the study. In terms of scalable neural predictions
for environmental data, the autoformer represents a significant advancement.

Chen et al., 2022: To forecast the temperature in different locations and during different periods of time,
Chen and colleagues built a hybrid model that combines Transformers with Graph Neural Networks. Their
design incorporates transformers for tracking time changes and GNNs for connecting grid locations in space.
The model outperforms the Transformer and the individual LSTM baselines when fed ERAS temperature
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and precipitation data. The significance of spatial linkages in climate modeling is demonstrated by this

work, which highlights the interconnectedness of atmospheric systems. The hybrid model has better regional
generalizability since it incorporates spatial structure directly. Future applications of attention-based and
graph-based systems in climate data are discussed in this research.

(Pathak et al., 2022): Using adaptable Fourier Neural Operators (AFNO), FourCastNet demonstrates a
novel approach to global weather prediction. Instead of relying on conventional methods for solving partial
differential equations, the model employs a data-driven approach to generate precise worldwide projections.
FourCastNet deftly integrates deep neural operators with Fourier transformations to gain a better
understanding of the temporal and spatial dynamics of weather systems. When compared to baseline
weather models, the experimental findings demonstrate much superior accuracy, particularly in detecting
tropical storms and other extreme occurrences. The method facilitates rapid conclusion-drawing, allowing
for near-real-time climate projections. As an example, FourCastNet demonstrates how deep operator
networks have the potential to revolutionize climate and weather models.

Bi et al., 2022: A multi-stage approach to forecasting severe weather is presented by Bi et al. using
transformers. The model handles different time scales, such as yearly patterns and daily fluctuations, by
using hierarchical attention. This method utilizes ERAS reanalysis data to make precise 30-day forecasts of
extreme weather events, such as heat waves and heavy rain. In order to conduct probabilistic risk
assessments, the writers employ Monte Carlo dropout to determine the degree of uncertainty. When it comes
to infrequent occurrences, statistical models don't do as well as experimental data. Findings from this study
demonstrate that attention-based networks are quite good at accurately predicting when severe weather
would strike.

(Kovachki et al., 2023): Neural networks can learn to map across function spaces with infinitely many
dimensions thanks to this study's formalization of neural operators. The framework provides a
comprehensive theory of operator learning and incorporates both graph-based and Fourier-based approaches.
Among its many applications are fluid dynamics, weather prediction, and multiphysics simulations. Neural
operators outperform regular deep learning models in terms of data efficiency and resolution generalization.
Their theoretical approach guarantees the stability and resilience of climate-related applications. This
research establishes the framework for operator-based deep learning, a novel approach to large-scale
scientific prediction.

Zeng et al., 2023: In their description of a multi-modal Transformer framework for seasonal climate
projections, Zeng et al. bring together data from the land, oceans, and atmosphere. A fusion transformer and
mode-specific encoders combine models from several data sources in their approach. By incorporating
global data on sea surface temperature, soil moisture, and atmospheric pressure, the model significantly
improves its ability to forecast the onset of the monsoon and the severity of the drought. The authors
additionally examine the interrelationships of the variables by means of interpretable attention maps.
Improved seasonal forecasting is demonstrated by the study's use of a Transformer framework to integrate
many kinds of meteorological data. If we want to make more precise forecasts about the Earth process, we
need to use this method.

(Lam et al., 2023): By simulating Earth's system using graph neural networks, GraphCast significantly
improves medium-range global weather forecasts. This research proves that message-passing systems may
detect temporal and spatial relationships on a global scale. The atmospheric data is visualized in GraphCast,
which allows one to examine global trends as well as local interactions. A number of benchmarks show that
the model can compete with the ECMWF's IFS system, and it outperforms numerical weather forecast
baselines in 10-day projections. Its result demonstrates the potential of machine learning to enhance or even
supplant physics-based techniques. Faster and more accurate estimations using probabilistic ensemble
methods are two areas where GraphCast has made a significant impact on climate science.
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3. RELATED WORK

Transformers for Time Series

An important architecture for sequential data, transformers were first developed for NLP. A significant step
forward in time-series forecasting is the Temporal Fusion Transformer (TFT). In contrast to traditional
RNNs and LSTMs, which experience declining gradients over prolonged sequences, TFTs employ multi-
head attention to efficiently capture both short-term and long-term dependencies. Gating algorithms regulate
data transfer across layers, while variable selection networks dynamically prioritize input properties based
on their relative importance. As a result, TFT is robust and easy to understand, which is crucial for climate
applications that require domain experts to determine which variables, including CO2 concentration,
precipitation, and temperature, have the most impact on forecasts. Implementation of TFT in financial
markets, environmental monitoring, and energy demand prediction demonstrates its adaptability to
multivariate forecasting difficulties.

TFT
SeLSTMt' : Attention +
quentia Variable Selection

Fig 1: Architecture comparison between LSTM vs. TFT.

Long-Sequence Transformers

While conventional transformers are powerful, their quadratic computing complexity renders them useless
for input sequences that are too lengthy. Due to the daily or hourly precision of climate records, the resulting
sequences can be quite extensive, spanning decades or even centuries. In order to overcome this challenge,
the Informer model uses ProbSparse self-attention, which greatly reduces processing and memory
requirements by selecting just the most informative queries. To further reduce long sequences while keeping
important information and reducing redundancy, Informer offers distillation methods. Because of these
advancements, it is particularly well-suited for use with climate records, which necessitate the simultaneous
evaluation of long-term trends and seasonal cycles. Predictions spanning a decade-long timescale are made
possible by Informer's greater scalability and long-context learning abilities compared to TFT.
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Fig 2: Efficiency chart comparing vanilla Transformer vs. Informer.

N-BEATS and Deep Feedforward Blocks
For its revolutionary forecasting architecture, the N-BEATS (Neural Basis Expansion Analysis for Time
Series) model forwent recurrence and convolution in favor of fully connected, deep feedforward networks.
By directly combining trend and seasonality components, its residual block form makes it easy to understand
for univariate forecasting. As a core component of climate forecasting, N-BEATS can represent both
surface-level trends, like global warming signals, and deeper patterns, such the monsoon cycles. Its principal
benefit is accurate decomposition, which improves transformer-based systems with complex interactions and
linkages.

Block 1 Block 2 Block 3
Trend/Season Trend/Season Trend/Season

Fig 3: Residual block diagram of N-BEATS.

Probabilistic and Interpretable ML in Climate

For climate change research, traditional point projections don't cut it; so, uncertainty must be quantified.
Probabilistic forecasting approaches, which produce full projected distributions rather than singular values,
have recently been the focus of machine learning research. Quantile regression, mixed density networks, and
Bayesian deep learning are all part of the set of methods. At the same time, interpretability has become an
important topic, with methods like attention visualization, SHAP (SHapley Additive Explanations), and
LIME (Local Interpretable Model-agnostic Explanations) explaining the reasoning behind models and the
significance of variables. With these methods, scientists can better understand the causes of climate
anomalies (including El Nifio and greenhouse gas forcings) and have more faith in Al climate predictions.
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Fig 4: Uncertainty bands on climate time-series forecast.

Datasets and Reanalysis

For climate deep learning models to work, better datasets are essential. The most advanced global
atmospheric reanalysis available at the moment, ERAS, is produced by the European Centre for Medium-
Range Weather Forecasts (ECMWEF). It includes hourly evaluations of atmospheric, land-surface, and
oceanic variables from 1940 to the present. ERA5-Land improves upon this by providing land variables with
a higher spatial resolution (up to 9 km), which is suitable for investigations of regional climate. To build
complete and trustworthy climate fields, these datasets combine physical models with observational data,
making them the gold standard for training and evaluating machine learning. In addition to ERAS, the
results of CMIP6 climate simulations and in-situ station data from organizations like NOAA further increase
the model's resilience and universality.

90 [ ' *
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Fig 5: Global map of ERAS grid resolution

4. EXPERIMENTAL RESULTS
Table 1. Model Architecture Complexity

Training Inference
Model Parameters (M) | Time (hrs, Speed
on 1 GPU) | (ms/step)
LSTM 12.5 4.2 2.5
GRU 9.8 3.7 2
Transformer 20.4 6.8 1.8
TFT 24.1 7.2 2.2
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Fig 6: Model Architecture Complexity

Model size, training time, and inference efficacy are all factors that can be better understood by comparing
the architectural complexity of different deep learning models. Although LSTMs and GRUs can train faster
and use less resources, they can't detect long-term connections as well as other models. Although
Transformers and Temporal Fusion Transformers (TFT) have longer training times and more parameters,
they improve large-scale climate forecasting by providing more efficient inference at each phase. With a
level of complexity somewhere between that of recurrent and attention-based models, N-BEATS provides a
thorough substitute for structured forecasting problems.

Table 2. Forecasting Performance Metrics

Model RMSE | | MAE | | R*?}
LSTM 3.12 2.41 0.87
GRU 2.94 2.32 0.89
Transformer 2.65 2.01 0.91
TFT 2.41 1.84 0.93
N-BEATS 2.57 1.95 0.92
Forecasting Performance Metrics Comparison
10 T :AI"I: (%) &
8
§
S 6
4
o} . SN 5, S
(5™ GRU Transformer T N-BEATS

Fig 7: Forecasting Performance Metrics
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In terms of RMSE, MAE, R2, and MAPE, attention-based architectures like TFT and Transformers
outperform recurrent approaches in the forecasting performance comparison. With the best coefficient of
determination (R2 = 0.93) and the fewest error metrics, TFT demonstrates its remarkable ability to capture
nonlinear multivariate interactions. Despite their effectiveness, LSTM and GRU display slightly higher error
rates due to their limited horizon memory. Although it falls short of TFT in terms of accuracy and

interpretability, N-BEATS is still competitive, particularly when it comes to modeling patterns

seasonality.

Table 3. Climate Dataset Feature Comparison

Temporal Spatial Varia | Size
Dataset . .
Resolution Resolution bles (TB)
ERAS Hourly ~0.25° 200+ 5.5
ERAS5-Land Hourly ~9 km 50+ 3.1
CMIP6 Monthly 1-2° 100+ 4.7
NOAA CDO Daily Station-based 20+ 1.2
Climate Dataset Feature Comparison
»Size (TB} 200
-175
150
) 125 v
=3 L
f;- 100 3
: 75
50
25
- ERAS ERAS-Land CMIP6 NOAA CDO

Fig 8: Climate Dataset Feature Comparison
The size and diversity of the observational and climate reanalysis datasets are brought to light by their
juxtaposition. Because of its high spatial resolution (around 0.25°) and large array of variables (more than
200), ERAS is the most popular dataset for multivariate deep learning models. More concentrated analysis
with fewer variables are made possible by ERA5-Land's enhancement of terrestrial resolution to around 9
km. Even with its reduced granularity, CMIP6 is a powerful tool for predicting the future of the climate. For
regional analysis, NOAA CDO's simplified station-based daily data with limited features is still useful.
When selecting data for neural forecasting, it is crucial to strike a balance between dataset size, resolution,
and feature richness.
Table 4. Interpretability vs Accuracy Trade-offs

Model Accuracy | Interpretability | Complexity
(R») 1 (1-5 scale) (Params M)
LSTM 0.87 3 12.5
GRU 0.89 3 9.8
Transformer 0.91 2 20.4
TFT 0.93 4 24.1
N-BEATS 0.92 2 15.7
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i L A "
GRU Transformer TFT N-BEATS

Fig 9: Interpretability vs Accuracy Trade-offs

Important factors for climate research are highlighted by the trade-off analysis of model complexity,
interpretability, and accuracy. The TFT is a model for scientific decision-making because its attention and
variable selection mechanisms produce ratings of interpretability and superior accuracy. Although
Transformers and N-BEATS achieve a high level of accuracy, their interpretability is limited, which could
make them less suitable for policy domains that are directly affected by climate change. Although they strike
a compromise between interpretability and limited accuracy, recurrent models (such as LSTM and GRU) are
not as good at long series forecasting. Finding the sweet spot between interpretability and prediction
performance is what TFT does best.

Table 5. Uncertainty Quantification Methods

Coverage of 95% Calibration | Training Time
Method RMSE
ctho ! Interval (%) 1 Error | (hrs)
Quantile 2.74 91.2 0.13 45
Regression
Muxture Density | ) 93.5 0.11 6.2
Networks
B ian D
Avestan Peeb | 58 95.1 0.08 8.7
Learning
. +1.2
SHAP/Attentio C
n (Post-hoc) — — — (Explainability
overhead)
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Fig 10: Uncertainty Quantification Methods

Probabilistic modeling is crucial for climate forecasting, as shown by the examination of uncertainty
quantification. By achieving optimal calibration with low error, Bayesian Deep Learning ensures reliable
forecast intervals. Achieving a compromise between probabilistic comprehensiveness and accuracy is
achieved by Mixture Density Networks, making them valuable. While quantile regression improves
computing efficiency, it decreases calibration precision. Methods for attention-based explainability and
SHAP provide useful post-hoc diagnostics.

5. CONCLUSION AND FUTURE SCOPE

The development of efficient and reliable models for predicting multivariate, spatiotemporal climate
dynamics has led to a paradigm shift in the study of climate change. From large-scale reanalysis and
simulation datasets, researchers can extract long-term trends and short-term variability using architectures
like Graph Neural Networks, Fourier Neural Operators, N-BEATS, Informer, and Temporal Fusion
Transformers. The attention and variable selection methods in these methodologies make the models more
interpretable, they can adapt to different horizons for forecasting, and they can infer faster than traditional
numerical weather prediction models. In order to evaluate climate risk and formulate policies, probabilistic
forecasting approaches are beneficial since they quantify uncertainty.

Despite these advancements, challenges persist. Since most deep learning models require large amounts of
data, their performance could suffer in fields where there aren't enough observations. We still haven't solved
the problem of how to apply the model to future climate situations where the variables aren't stationary.
Furthermore, in comparison to more conventional models in terms of physical transparency, the
interpretability of complex brain structures is still lacking, even though there has been some improvement.
Open benchmarks and acknowledged evaluation procedures are crucial for promoting reproducibility and
fair comparisons.

Research in the future should aim at creating physics-informed neural networks that combine the best
features of deep learning and physical principles. Improved forecasting power might result from combining
data from several sources, such as sensor networks, reanalysis datasets, satellite images, and climate model
predictions. Communities, organizations, and governments may benefit from more accessible climate
information if models for real-time operational forecasting systems were created that were lightweight and
scalable. When decision-support systems incorporate deep learning models, climate projections will have a
direct impact on the management of resources and policies. The availability of datasets and improvements in
processing capacity have the potential to make deep neural forecasting models an integral part of the climate
research of the future.

REFERENCES:

1. B. Lim, S. O. Arik, N. Loeff and T. Pfister, “Temporal Fusion Transformers for Interpretable Multi-
Horizon Time Series Forecasting,” arXiv:1912.09363, Dec. 2019.

2. H. Zhou, S. Zhang, J. Peng, S. Zhang, J. Li, H. Xiong and W. Zhang, “Informer: Beyond Efficient
Transformer for Long Sequence Time-Series Forecasting,” in Proceedings of AAAI 2021.

3. B. N. Oreshkin, D. Carpov, N. Chapados and Y. Bengio, “N-BEATS: Neural Basis Expansion Analysis
for Interpretable Time Series Forecasting,” arXiv:1905.10437, May 2019.

4. H. Hersbach et al.,, “The ERAS global reanalysis,” Quarterly Journal of the Royal Meteorological
Society, vol. 146, pp. 1999-2049, 2020.

5. J. Pathak, S. Subramanian, P. Harrington, S. Raja, A. Chattopadhyay, M. Mardani, T. Kurth, D. Hall, Z.
Li, K. Azizzadenesheli, P. Hassanzadeh, K. Kashinath and A. Anandkumar, “FourCastNet: A Global

6367 Dr. KISHOR KUMAR GAJULA et al 6356-6368



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

10.48047/jocaaa.2024.33.08.252
Data-driven High-resolution Weather Model wusing Adaptive Fourier Neural Operators,”

arXiv:2202.11214, Feb. 2022.

R. Lam et al. (GraphCast authors), “Learning skillful medium-range global weather forecasting,”
Science, 2023.

Z. Li, N. Kovachki, K. Azizzadenesheli, B. Liu, A. Bhattacharya, A. Stuart and A. Anandkumar,
“Fourier Neural Operator for Parametric Partial Differential Equations,” arXiv:2010.08895 / ICLR 2021
poster; 2021.

N. Kovachki, Z. Li, B. Liu, K. Azizzadenesheli, K. Bhattacharya, A. Stuart and A. Anandkumar, “Neural
Operator: Learning Maps Between Function Spaces,” J. Mach. Learn. Res., vol. 24, 2023.

S. Rasp, M. Pritchard and P. Gentine, “WeatherBench: A Benchmark Data Set for Data-Driven Weather
Forecasting,” J. Adv. Earth Syst. Modelling, 2020.

J. A. Weyn, D. R. Durran and R. Caruana, “Improving Data-Driven Global Weather Prediction Using
Deep Convolutional Neural Networks on a Cubed Sphere,” Journal of Advances in Modeling Earth
Systems (JAMES), 2020.

S. Rasp and N. Thuerey, “Data-Driven Medium-Range Weather Prediction With a ResNet Pretrained on
Climate Simulations: A New Model for WeatherBench,” J. Adv. Earth Syst. Modelling, 2021.

M. Raissi, P. Perdikaris and G. E. Karniadakis, “Physics-Informed Neural Networks: A Deep Learning
Framework for Solving Forward and Inverse Problems Involving Nonlinear Partial Differential
Equations,” J. Comput. Phys., 2019.

T. Beucler, M. Pritchard, S. Rasp, J. Ott, P. Baldi and P. Gentine, “Enforcing Analytic Constraints in
Neural-Networks Emulating Physical Systems,” Physical Review Letters, vol. 126, 2021.

P. D. Dueben and P. Bauer, “Challenges and Benchmark Datasets for Machine Learning in Weather and
Climate Prediction,” Bulletin of the American Meteorological Society / AIES, 2022.

J. A. Weyn, D. R. Durran and R. Caruana, “Can machines learn to predict weather? Using deep learning
to predict gridded 500-hPa geopotential height,” JAMES (earlier works 2019-2020 series), 2019-2020.
S. Rasp, P. D. Diiben, S. Scher, J. Weyn, S. Mouatadid and N. Thuerey, “WeatherBench: A benchmark
dataset for data-driven weather forecasting,” Geosci. Model Dev. Discuss. / J. Adv. Earth Syst.
Modelling, 2020.

T. Kurth, S. Subramanian, P. Harrington, J. Pathak, M. Mardani, D. Hall, A. Miele, K. Kashinath and A.
Anandkumar, “Accelerating Global High-Resolution Weather Forecasting using Adaptive Fourier
Neural Operators,” Proc. ACM / arXiv, 2022.

S. Rasp and N. Thuerey, “Data-driven Medium-Range Weather Prediction With a ResNet Pretrained on
Climate Simulations,” arXiv:2008.08626 / JAMES, 2020.

T. Beucler, S. Rasp, M. Pritchard and P. Gentine, “Achieving Conservation of Energy in Neural
Network Emulators for Climate Modeling,” arXiv:1906.06622, 2019.

P. Dueben, J. Weyn, S. Rasp and N. Thuerey, “The Rise of Data-Driven Weather Forecasting: methods,
datasets and open challenges,” review/summary works and conference proceedings (2019-2022)

6368 Dr. KISHOR KUMAR GAJULA et al 6356-6368



