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Abstract: Climate change accelerates extreme weather events, threatening global ecosystems and
human populations with unprecedented frequency and intensity. Traditional climate models rely on grid-
based numerical simulations that struggle with complex spatio-temporal dependencies and fail to capture
non-linear interactions across heterogeneous geographical regions. We propose a Spatio-Temporal
Graph Transformer Network for Climate Impact Prediction (STGT-CIP) that integrates multi-source
climate data using a novel graph-based deep learning architecture. Our framework employs three
analytically distinct components: (1) a Multi-Modal Climate Graph Constructor that builds dynamic
spatio-temporal graphs from satellite imagery, sensor networks, and reanalysis datasets; (2) a
Hierarchical Graph Transformer Encoder that captures long-range dependencies and cross-regional
climate interactions through multi-head self-attention mechanisms; and (3) an Extreme Event Prediction
Module using temporal attention and uncertainty quantification to forecast extreme weather occurrences
with calibrated confidence intervals. Validated on global climate datasets spanning 1980-2024
(N=45,000 geographical nodes), STGT-CIP achieves 94.7% accuracy in temperature anomaly
prediction, 92.3% precision in extreme rainfall detection, and reduces forecast error by 34.6% compared
to conventional numerical weather prediction models. The framework provides interpretable predictions
through attention visualization, highlighting critical climate teleconnections and regional vulnerability
patterns, thereby supporting evidence-based climate adaptation and disaster preparedness strategies..

Keywords: Climate Change Prediction, Graph Transformer Networks, Extreme Weather Forecasting,
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L. INTRODUCTION
Climate change represents one of the most pressing challenges of the 21st century, manifesting through rising global
temperatures, intensifying extreme weather events, and disrupting ecological balance [1, 2]. The frequency and severity
of hurricanes, droughts, floods, and heatwaves have increased dramatically, causing billions in economic losses and
threatening human lives [3]. Accurate prediction of climate change impacts and extreme weather events is critical for
early warning systems, infrastructure planning, and policy formulation [4].
Traditional climate modeling approaches rely on physics-based numerical weather prediction (NWP) models that solve
complex differential equations governing atmospheric dynamics [5]. While these models have achieved remarkable
success, they face fundamental limitations: (1) high computational cost limiting spatial resolution; (2) difficulty
capturing non-linear interactions across multiple scales; (3) challenges incorporating heterogeneous data sources
(satellite, ground sensors, ocean buoys); and (4) limited ability to learn from historical patterns [6].
Recent advances in deep learning offer promising alternatives for climate prediction. Convolutional neural networks
(CNNs5s) have been applied to satellite imagery analysis [7], while recurrent neural networks (RNNs) model temporal
climate sequences [8]. However, these approaches struggle with irregular spatial structures and long-range
dependencies inherent in climate systems. Graph neural networks (GNNs) naturally represent geographical
relationships [9], and transformer architectures excel at capturing long-range dependencies [10], yet their integration for
climate prediction remains underexplored.
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To address these gaps, we propose the Spatio-Temporal Graph Transformer Network for Climate Impact
Prediction (STGT-CIP), which: (1) constructs dynamic spatio-temporal graphs representing complex climate
interactions across geographical regions; (2) employs hierarchical graph transformers to capture multi-scale
dependencies and climate teleconnections; and (3) generates interpretable extreme weather predictions with uncertainty
quantification. Our contributions are:
A multi-modal climate graph construction framework integrating satellite, sensor, and reanalysis data.

A hierarchical graph transformer architecture capturing spatio-temporal climate dependencies.
An extreme event prediction module with attention-based interpretability and uncertainty quantification.
Comprehensive validation on global climate datasets demonstrating superior performance over baseline methods.

extreme event prediction.
Graph-based methods have gained traction in climate science. Wang et al. [13] applied GNNs to precipitation

II. LITERATURE SURVEY
Climate prediction has evolved from statistical methods to sophisticated numerical models and, recently, machine
learning approaches. Reichstein et al. [11] demonstrated deep learning's potential for Earth system science, achieving
improved temperature predictions but lacking spatial relationship modeling. Rasp et al. [12] developed neural network
emulators of NWP models, reducing computational cost by 1000x while maintaining accuracy, yet struggling with

forecasting, capturing spatial dependencies but limited to regional scales. Chen et al. [14]

Earth system science

predictions using data-

understanding; improved

Ref Method Main Objectives Findings Limitations
[1] IPCC | Synthesis of climate | Provide comprehensive | Confirms accelerating | Policy-focused,
(2023) science assessments | climate change status | warming trends and | limited technical ML
and projections extreme event | methodology
intensification
[2] Hansen et | Energy balance | Quantify committed | Identifies "pipeline" | Simplified climate
al. (2023) modeling + | warming from existing | warming of  ~1.5°C | feedback
observational emissions already locked in representations
analysis
[3] WMO | Global observational | Document  state  of | Records 2023 as warmest | Descriptive; not
(2024) data synthesis global climate systems | year; documents extreme | predictive modeling
event trends
[4] Reichstein | Deep learning | Improve Demonstrated DL | Limited explicit spatial
et al. (2019) (CNN/LSTM)  for | temperature/flux potential  for  process | relationship modeling;

black-box

driven approaches accuracy over statistical | interpretations
methods
[5] Bauer et | Numerical weather | Assess evolution of | Documented 1000x | High  computational
al. (2015) prediction  (NWP) | physics-based weather | improvement in forecast | cost; struggles with
review forecasting skill since 1980s non-linear extremes
[6] Rasp et al. | Neural network | Replace expensive | Achieved 1000x speedup | Limited generalization
(2018) emulators for | parameterizations with | while maintaining | to unseen regimes;
subgrid processes ML surrogates accuracy  for  cloud | extreme event
processes challenges
[7] Rasp et al. | WeatherBench Standardize evaluation | Enabled fair comparison | Focused on medium-
(2020) benchmark dataset of data-driven weather | of ML forecasting | range; limited extreme
models approaches; identified | event metrics
skill gaps

[8] Shi et al. | ConvLSTM for | Model spatio-temporal | Achieved state-of-the-art | Regional scale only;
(2015) precipitation rainfall dynamics with | short-term  precipita fggles with  long-
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spatio-temporal

weather, and mobility

structures

nowcasting recurrent networks forecasts horizon predictions
[9] Wang et | Graph neural | Review GNN | Identified GNN strengths | Most applications
al. (2021) networks survey for | applications in traffic, | in irregular spatial | remain regional,

limited global climate

forecasting use
[10] Vaswani | Transformer Replace recurrence with | Enabled parallel training; | Originally for NLP;
etal. (2017) architecture with | attention for sequence | superior long-range | requires adaptation for
self-attention modeling dependency capture geospatial data
[11] Pathak et | FourCastNet: Global data-driven | Skillful predictions up to | Massive training
al. (2022) Adaptive Fourier | weather forecasting at | 7 days; 45,000x faster | data/compute
neural operators high resolution than NWP requirements; extreme
event uncertainty
[12]  Ebert- | Survey of | Evaluate explainability | Emphasized need for | Mostly post-hoc
Uphoff & | interpretable ML for | methods for climate/Al | physically consistent, | explanations; limited
Hilburn atmospheric science | integration interpretable predictions inherent
(2020) interpretability
methods
[13] Chen et | Graph convolutional | Model tropical cyclone | Achieved 89%  track | Ignored temporal
al. (2021) networks for | trajectories using spatial | prediction accuracy at 24- | dynamics; limited to
typhoon track | graphs 72h lead times single hazard type
prediction
[14] SHAP: Unified | Provide consistent | Enabled post-hoc | Computational
Lundberg & | model interpretation | feature attribution | interpretability for | overhead; explanations
Lee (2017) framework across ML models complex predictions not guaranteed

physically consistent

III. PROPOSED MODEL DESIGN ANALYSIS

3.1 Overall Framework
The STGT-CIP framework comprises three core components (Figure 1):
Multi-Modal Climate Graph Constructor: Builds dynamic spatio-temporal graphs from heterogeneous climate data

sources.

Hierarchical Graph Transformer Encoder: Captures multi-scale spatio-temporal dependencies through attention

mechanisms.

Extreme Event Prediction Module: Generates forecasts with uncertainty quantification and interpretability.

3.2 Multi-Modal Climate Graph Construction
We construct a dynamic spatio-temporal graph G(t) = (V, &, X(t))where:
Nodes V: Represent geographical locations (grid cells, weather stations, ocean buoys)
Edges £: Encode spatial and temporal relationships
Node features X(t) € RV*F: Multi-modal climate variables at time t
Spatial edges are defined based on geographical proximity and climate similarity:

spatial __

i

=a-exp

——) + B - sim(x;,x;)(1)
Od

where d;;is the great-circle distance between nodes iand j, sim(-)is cosine similarity of climate features, and a, Bare

weighting parameters.
Temporal edges capture lagged correlations:
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where T € {1,3,7,14,30}days represents different temporal scales.
3.3 Hierarchical Graph Transformer
The hierarchical graph transformer employs multi-head self-attention to capture dependencies at multiple scales:

Local Spatial Attention (regional patterns):
T

Attention;,.4; (Q, K, V) = softmax (Q

Jax

where queries Q, keys K, and values Vare computed from neighboring nodes within radius v = 500km.
Global Spatial Attention (teleconnections):

) V(@3)

T

Attentiong;opq; (Q, K, V) = softmax (Q +M) V(4)

k

where Mis a mask encoding known climate teleconnection patterns (e.g., ENSO, NAO).

Temporal Attention (seasonal/interannual variability):
T

K
Attention,empora: (Q, K, V) = softmax (Q

+P | V(5
Nz )“

where Pencodes positional information for seasonal cycles.
The hierarchical architecture stacks these attention mechanisms:

2t = LayerNorm(Z® + MultiHead(Z ")) (6)

where ldenotes the layer index and MultiHead (-)concatenates h = 8attention heads.

Multi-Modal Climate I Hierarchical Graph Extreme Event Prediction Module
Graph Constructor [ Transformer Encoder
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Builds dynamic Captures multi-scale Generates forecasts
spatio-temporal graphs spatio-temporal with uncertainty quantification
from diverse climate sources dependencies through attention and interpretability

3.4 Extreme Event Prediction
The prediction module outputs both classification (extreme event occurrence) and regression (intensity/duration):
Classification head:

p(y=112Z) = a(W.Z+ bc)(7)

where ois the sigmoid function and y = lindicates extreme event occurrence.
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Regression head:
yreg =W,Z+b,(8)

predicting continuous variables like temperature anomaly magnitude or precipitation amount.
Uncertainty quantification uses Monte Carlo dropout:

1 T
Var®) == > (9 = 9*(9)
t=1

where T = 50forward passes with dropout enabled provide predictive uncertainty estimates.

IV.IMPLEMENTATION DETAILS
4.1 Datasets and Preprocessing
We evaluated STGT-CIP on multiple global climate datasets:
ERAS Reanalysis (1980-2024): Hourly temperature, precipitation, humidity, wind at 0.25° resolution
GPCP Precipitation: Daily global precipitation from satellite and gauge data
NOAA Extreme Events Database: Historical records of hurricanes, droughts, floods, heatwaves
CMIP6 Climate Projections: Future climate scenarios (SSP2-4.5, SSP5-8.5)
Preprocessing: Data were standardized per variable, missing values imputed using kriging interpolation, and extreme
events labeled using 95th percentile thresholds. The graph was constructed with N = 45,000no0des (0.25° grid) and
edges connecting nodes within 1000 km.

4.2 Training Protocol

Optimizer: AdamW (Ir=1e-4, weight decay=1e-5)

Loss Function: Weighted combination of binary cross-entropy (classification) and Huber loss (regression)
Batch Size: 32 (4 GPUs, mixed precision)

Regularization: Dropout (0.1), gradient clipping (norm=1.0), early stopping (patience=15 epochs)
Training Period: 1980-2010; Validation: 2011-2018; Test: 2019-2024

4.3 Evaluation Metrics

Primary: Accuracy, Precision, Recall, F1-Score for extreme event detection; RMSE, MAE for continuous predictions
Secondary: Area Under ROC Curve (AUC-ROC), Critical Success Index (CSI), False Alarm Ratio (FAR)
Uncertainty: Calibration error, prediction interval coverage probability (PICP)

V. RESULTS AND ANALYSIS
5.1 Performance Comparison
Table 2: Extreme Weather Prediction Performance on Test Set (2019-2024)

Model Accuracy (%) Precision (%) Recall (%) F1-Score AUC-ROC
Numerical Weather Prediction (NWP) 78.3 72.1 68.4 0.702 0.812
CNN-LSTM [11] 84.6 79.3 76.8 0.780 0.871
Graph Convolutional Network [13]  87.2 82.4 80.1 0.812 0.893
STGT-CIP (Proposed) 94.7 92.3 91.8 0.920 0.967

All improvements over baselines are statistically significant (p < 0.01, DeLong's test).

5.2 Temperature and Precipitation Forecasting
Table 3: Continuous Variable Prediction Error (RMSE)

Model Temperature (°C) Precipitation (mm/day) Humidity (%)==Wind Speed (m/s)

NWP 1.82 2.34 8.7
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CNN-LSTM [11] 1.34 1.89 6.8 1.7
FourCastNet [16] 1.12 1.67 6.2 1.5
STGT-CIP (Proposed)  0.73 1.08 4.1 0.9

Proposed model reduces RMSE by 34.6% compared to best baseline (FourCastNet).

5.3 Extreme Event Detection by Type
Table 4: Performance Metrics for Different Extreme Weather Categories

Heatwaves 94.2 93.8 0.940 0.887  0.061
Heavy Rainfall 91.7 90.4 0.910 0.842 | 0.093
Droughts 93.1 92.6 0.928 0.869 0.074
Tropical Cyclones | 89.4 88.9 0.891 0.807 | 0.111
Cold Spells 92.8 91.3 0.920 0.858 0.082

CSI = Critical Success Index; FAR = False Alarm Ratio (lower is better).

VI. CONCLUSION

We presented STGT-CIP, a spatio-temporal graph transformer network for climate change impact prediction and
extreme weather forecasting. Through hierarchical attention mechanisms and multi-modal data integration, the
framework achieves superior accuracy (94.7%) while providing interpretable predictions through attention
visualization. Validation on global datasets spanning 1980-2024 confirms robustness across diverse climate regimes
and extreme event types. By bridging deep learning advances with climate science requirements, STGT-CIP represents
a significant step toward reliable, interpretable, and operationally viable climate prediction systems essential for
adaptation and resilience planning.
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