
Introduction

Background and Context
The global climate system is experiencing accelerating 
disruptions of unparalleled magnitude. According to 
the Intergovernmental Panel on Climate Change (IPCC) 
Sixth Assessment Report (2021), global mean surface 
temperatures have risen approximately 1.1°C above 
pre-industrial levels, with projections indicating a 1.5°C 
threshold crossing as early as the mid-2030s under 
current emissions trajectories. These changes manifest 
across interconnected Earth system components: rising 

sea levels threatening coastal populations, shifting 
precipitation patterns undermining agricultural security, 
expanding wildfire regimes devastating forest ecosystems, 
and intensifying tropical cyclone activity imposing 
disproportionate socioeconomic burdens on vulnerable 
communities (Masson-Delmotte et al., 2021). The urgency 
to understand, predict, and mitigate these dynamics has 
catalyzed an interdisciplinary convergence of climate 
science, environmental engineering, and computational 
intelligence.

Traditional climate modeling has long relied upon 
physics-based General Circulation Models (GCMs), which 
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simulate Earth system processes through systems of 
partial differential equations governing atmospheric, 
oceanic, and land surface dynamics. While GCMs have 
yielded foundational insights into climate sensitivity 
and long-term trend projection, they are constrained 
by significant limitations: high computational costs, 
dif f iculty assimilating multi-source observational 
heterogeneity, grid-resolution trade-offs that impair local-
scale predictions, and inherent uncertainty propagation 
over extended simulation horizons (Reichstein et al., 2019). 
These limitations have become increasingly consequential 
as policymakers require high-resolution, near-real-time 
climate intelligence to guide adaptation investments and 
emissions reduction strategies.

Artificial intelligence represents a paradigmatic 
complement to physics-based modeling approaches. 
Machine lear ning (ML) and deep lear ning (DL) 
architectures can identify complex, nonlinear patterns 
within petabyte-scale observational datasets that elude 
parametric statistical methods. Convolutional Neural 
Networks (CNNs) have demonstrated capacity to extract 
spatiotemporal features from satellite remote sensing 
imagery; Recurrent Neural Networks (RNNs) and their 
long short-term memory (LSTM) variants excel at modeling 
temporal dependencies in climate time series; Graph 
Neural Networks (GNNs) offer promising frameworks 
for representing the relational topology of Earth system 
components; and transformer architectures, adapted from 
natural language processing, are increasingly applied to 
long-range climate forecasting tasks (Rolnick et al., 2022). 
The integration of these AI methodologies with domain-
specific physical constraints—through hybrid neural-
physical models—promises to combine the generalization 
power of data-driven learning with the mechanistic fidelity 
of process-based simulation.

Despite rapid methodological advances, the systematic 
evaluation of AI performance across diverse climate 
prediction tasks and environmental sustainability 
applications remains fragmented. Existing studies 
frequently focus on isolated use cases—precipitation 
nowcasting, wildfire risk mapping, or renewable energy 
forecasting—without providing integrated assessments 
of comparative model performance, dataset dependencies, 
and deployment constraints. This study addresses that 
gap by conducting a comprehensive mixed-methods 
investigation into AI applications across the climate 
prediction pipeline, from raw data assimilation through 
actionable sustainability intelligence.

Hypotheses
This research is guided by the following testable 
hypotheses:
•	 H1: Deep learning models, specif ical ly LSTM 

networks, will demonstrate statistically significant 

improvements (p < 0.05) in global mean surface 
temperature prediction accuracy compared to 
traditional GCM baselines, as measured by mean 
absolute error (MAE) and root mean square error 
(RMSE) over a 10-year predictive horizon.

•	 H2: Ensemble machine learning models will achieve 
classification accuracy exceeding 88% in identifying 
extreme precipitation events from ERA5 reanalysis 
data, outperforming single-algorithm approaches 
and conventional threshold-based detection methods.

•	 H3: Hybrid neural-physical models integrating 
data-driven learning with process-based physical 
constraints will demonstrate superior carbon flux 
estimation performance compared to purely data-
driven or purely physics-based approaches, as 
quantified by reductions in estimation error relative 
to observational benchmarks.

•	 H4: Qualitative analysis of AI deployment case studies 
will reveal systematic patterns of implementation 
barriers related to data infrastructure deficits, 
interpretability requirements, and institutional 
capacity constraints that disproportionately affect 
climate-vulnerable developing nations.

Significance of the Study
The significance of this research is multidimensional. 
Scientifically, it advances methodological rigor in AI-climate 
integration by providing standardized benchmarking 
across multiple algorithms and datasets. Technologically, 
the identification of high-performing architectures and 
their performance envelopes provides concrete guidance 
for AI system design in environmental applications. Policy-
wise, the qualitative findings on deployment barriers 
generate actionable recommendations for international 
climate technology transfer frameworks, including those 
operating under Article 10 of the Paris Agreement.

From an equity perspective, this study is among 
the first to systematically document the differential 
AI adoption capacity between high-income and lower-
income nations within climate applications—a dimension 
of environmental justice that has received insufficient 
attention in the technical literature. As AI tools become 
increasingly central to national climate adaptation 
planning, ensuring equitable access to these capabilities 
is not merely an ethical imperative but a prerequisite for 
achieving the global emissions pathways necessary to limit 
warming to 1.5°C.

Finally, the research contributes to the broader mission 
of operationalizing data-driven sustainability intelligence 
by demonstrating that AI-augmented climate modeling is 
not merely an academic exercise but a deployable, scalable 
technology capable of informing infrastructure resilience 
planning, ecosystem conservation prioritization, and 
carbon market integrity verification in near real time.
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Literature Review

AI in Climate Change Prediction
The application of machine learning to climate prediction 
has a history spanning three decades, but has undergone 
exponential acceleration following the advent of deep 
learning architectures and the proliferation of large-scale 
observational datasets. Reichstein et al. (2019) provided 
a foundational synthesis of deep learning applications 
across Earth system science, demonstrating that hybrid 
approaches combining physics-based constraints with 
data-driven parameterization offer superior predictive 
performance compared to either paradigm alone. 
Their work established the conceptual scaffolding for 
subsequent neural-physical model development and 
highlighted the critical role of physical plausibility 
constraints in preventing overfitting to idiosyncratic 
training data artifacts.

Temperature and precipitation prediction have 
attracted particularly intensive AI research investment. 
Salimans et al. (2022) applied convolutional neural 
networks to global temperature anomaly prediction, 
achieving 15% RMSE reduction relative to CMIP5 multi-
model ensemble medians in 5-year forecasting tasks. 
Alternatively, Ham et al. (2019) demonstrated that a CNN 
trained on CMIP5 historical simulations could predict El 
Niño–Southern Oscillation (ENSO) events up to 18 months 
in advance with skill exceeding persistence forecasts and 
traditional dynamical models—a result with profound 
implications for seasonal climate prediction services 
underpinning agricultural planning across tropical 
regions.

Transformer architectures have recently emerged as 
particularly powerful tools for climate sequence modeling. 
Nguyen et al. (2023) introduced ClimaX, a foundation 
model for weather and climate that leverages pre-training 
on diverse climate datasets and achieves state-of-the-art 
performance across multiple downstream prediction 
tasks including surface temperature forecasting, wind 
speed prediction, and atmospheric pressure mapping. 
This work represents a significant departure from task-
specific model development toward general-purpose 
climate AI, raising important questions about transfer 
learning efficiency and the minimum dataset requirements 
for effective fine-tuning on regional climate prediction 
challenges.

Machine Learning for Extreme Weather Event 
Detection
Extreme weather events—including tropical cyclones, heat 
waves, atmospheric rivers, and flash floods—represent the 
most immediate human and ecological consequences of 
climate change and are among the most computationally 
challenging phenomena to predict accurately. Traditional 
numerical weather prediction (NWP) models excel at 

short-range deterministic forecasting but struggle with 
the probabilistic characterization of rare extremes at the 
tails of climate distributions.

Liu et al. (2016) pioneered the application of deep 
learning to extreme weather pattern identification using 
climate simulation datasets, developing a CNN capable 
of detecting tropical cyclones, atmospheric rivers, and 
weather fronts in 20-category classification tasks with 
89–99% accuracy. This established proof-of-concept 
for pattern recognition approaches to extreme event 
detection. Subsequent work by Racah et al. (2017) 
extended this framework using semi-supervised learning 
to address label scarcity—a persistent constraint in 
extreme event datasets where by definition rare events 
generate limited training examples.

For precipitation extremes specifically, Buda et al. 
(2020) demonstrated that gradient-boosted decision 
trees trained on multi-source meteorological features 
(atmospheric reanalysis, radar reflectivity composites, 
and radiosonde profiles) achieved area under the 
ROC curve (AUC) scores of 0.94 for 24-hour extreme 
precipitation forecasting over the contiguous United 
States—significantly outperforming operational NWP 
ensemble spread-based probability estimates. The 
interpretability advantages of gradient boosting, which 
provides SHAP-based feature importance attribution, 
proved valuable for meteorological validation of model 
behavior.

AI Applications in Environmental Sustainability
Beyond climate prediction, AI has been deployed across 
the environmental sustainability landscape in applications 
spanning biodiversity monitoring, renewable energy 
optimization, carbon market analytics, and ecosystem 
service valuation. Rolnick et al. (2022) provided a 
comprehensive taxonomy of AI applications across the 
climate mitigation and adaptation pipeline, identifying 
13 high-leverage application domains where machine 
learning could materially accelerate decarbonization 
and resilience building. Their analysis estimated that 
AI-enabled optimization in electricity systems alone could 
reduce global CO₂ emissions by 0.5–2.0 GtCO₂ annually 
through improved renewable energy integration, demand 
response coordination, and grid stability management.

In carbon cycle science, Tramontana et al. (2016) 
demonstrated that machine learning models trained on 
FLUXNET eddy covariance measurements could upscale 
site-level carbon f lux observations to global gross 
primary productivity estimates with performance metrics 
comparable to process-based land surface models. This 
work validated the utility of data-driven approaches for 
closing critical gaps in global carbon accounting—gaps 
that represent fundamental uncertainties in net-zero 
emissions pathway assessments. More recently, deep 
learning applications to satellite-based forest biomass 
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estimation have enabled high-resolution global above-
ground carbon stock mapping at unprecedented spatial 
scales, supporting REDD+ monitoring frameworks and 
voluntary carbon market verification protocols.

Water resource management represents another 
domain of intensive AI application. Kratzert et al. 
(2019) demonstrated that LSTM networks trained on 
precipitation-runoff data from 531 basins across the United 
States achieved median Nash-Sutcliffe efficiency (NSE) 
scores of 0.69—significantly outperforming the SAC-SMA 
process model widely used in operational hydrology. 
Critically, LSTM models maintained performance in 
ungauged basins through transfer learning, suggesting 
substantial potential for improving hydrological prediction 
in the data-sparse tropical and arid regions where water 
scarcity impacts are most acute.

Challenges and Ethical Considerations in AI-
Climate Applications
The transformative potential of AI in climate science is 
tempered by substantive technical and ethical challenges 
that the research community is only beginning to 
systematically address. Training data representativeness 
is a foundational concern: climate observational networks 
remain geographically biased toward temperate, high-
income regions, creating systematic underrepresentation 
of tropical, polar, and oceanic domains where climate 
change impacts are often most severe (Rolnick et al., 2022). 
AI models trained on biased observational samples risk 
underperforming precisely where accurate predictions 
are most urgently needed.

Model interpretability presents both scientific and 
governance challenges. Black-box deep learning models 
may achieve high predictive accuracy while obscuring the 
physical mechanisms driving their predictions, making it 
difficult for domain scientists to validate model behavior 
against physical understanding or identify failure modes 
under distribution shift (Rudin, 2019). The development 
of explainable AI (XAI) methods—including SHAP value 
analysis, attention weight visualization, and concept 
activation vectors—represents an active research frontier 
with direct implications for the scientific credibility and 
policy utility of AI climate tools.

Computational resource requirements represent 
a significant equity barrier. State-of-the-art climate 
AI models require substantial GPU infrastructure 
and cloud computing access that remain inaccessible 
to research institutions in many climate-vulnerable 
developing nations. This asymmetry threatens to 
concentrate AI-driven climate intelligence in high-income 
countries while leaving lower-income nations—which 
bear disproportionate climate impacts—dependent on 
imported model outputs rather than locally calibrated, 
contextually relevant prediction systems (Vinuesa et al., 
2020).

Methodology

Research Design
This study employs a concurrent mixed-methods 
research design (Creswell & Plano Clark , 2018), 
integrating quantitative experimental evaluation of 
AI model performance with qualitative assessment of 
deployment contexts, implementation barriers, and 
stakeholder perspectives. The mixed-methods approach 
is epistemologically motivated by the recognition that 
the scientific utility of AI climate tools cannot be fully 
characterized through performance metrics alone; the 
practical impact of these tools is equally shaped by 
institutional, infrastructural, and political economy 
factors that require qualitative investigation.

The quantitative component follows a comparative 
experimental design in which five AI model classes 
are systematically evaluated against three traditional 
baseline approaches across four climate prediction tasks 
using standardized benchmark datasets. Model selection 
encompasses the principal architectures currently 
deployed in climate AI research, enabling structured 
comparison across the spectrum from interpretable 
ensemble methods to complex deep learning architectures. 
Baseline comparisons employ the operational prediction 
systems most widely used in climate services, ensuring 
that performance differences represent practically 
meaningful improvements over established practice.

The qualitative component employs directed content 
analysis of 24 peer-reviewed AI-climate deployment case 
studies published between 2018 and 2025, supplemented 
by thematic synthesis of grey literature including IPCC 
technical reports, World Meteorological Organization 
guidance documents, and multilateral climate technology 
transfer program evaluations. This approach enables 
characterization of cross-cutting implementation patterns 
that inform the ecological validity and scalability of 
findings from the quantitative component.

Datasets
Five benchmark datasets were selected to represent 
the principal data modalities employed in AI-driven 
climate prediction research (Table 1). Dataset selection 
criteria encompassed: (a) temporal coverage sufficient 
for robust train-test-validation partitioning; (b) global or 
hemisphere-scale spatial coverage; (c) public availability 
supporting reproducibility; and (d) established use in 
peer-reviewed AI-climate benchmarking studies.

AI Models Evaluated
Five AI model classes were selected for evaluation, chosen 
to span the interpretability-performance spectrum and to 
represent the principal algorithmic paradigms currently 
applied in climate AI research (Table 2). For each model 
class, hyperparameter optimization was performed 
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Table 1: Climate Datasets Used in Model Training and Evaluation
Dataset Source Temporal Coverage Spatial Resolution Primary Variable(s)

ERA5 Reanalysis ECMWF / Copernicus 1940–Present 0.25° × 0.25° Temperature, precipitation, 
wind, humidity

CMIP6 Ensemble WCRP / PCMDI 1850–2100 (hist+proj) ~100 km Multi-variable Earth system

NOAA GHCN-M NOAA NCEI 1880–Present Station-based (~5°) Surface temperature anomalies

NASA GISS GISTEMP NASA GISS 1880–Present 2° × 2° Global surface temperature

Global Carbon Project GCP / ICOS 1959–Present Global aggregate CO₂ emissions, land/ocean flux

MODIS Terra/Aqua NASA EOSDIS 2000–Present 250 m – 1 km Land cover, vegetation indices, 
LST

using Bayesian optimization over 150 trial runs, with 
performance evaluated via 5-fold cross-validation on the 
training partition. Final model performance is reported 
on held-out test sets comprising the final 20% of each 
dataset’s temporal extent, ensuring that evaluation 
reflects genuine out-of-sample predictive performance 
rather than in-sample fit.

Data Collection Methods
All quantitat ive datasets were obtained through 
institutional data access agreements and publicly available 
repositories. ERA5 reanalysis data were accessed via the 
Copernicus Climate Change Service (C3S) Climate Data 
Store API at native 0.25° horizontal resolution and hourly 
temporal resolution, subsequently aggregated to monthly 
means for temperature and precipitation prediction tasks. 
CMIP6 historical and scenario projections were retrieved 
from the Earth System Grid Federation (ESGF) node 
network, with model selection restricted to institutions 
providing complete runs for both SSP2-4.5 and SSP5-8.5 
scenarios through 2100.

MODIS vegetation index and land surface temperature 
products were acquired through NASA’s Land Processes 
Distributed Active Archive Center (LP DAAC) at 16-day 
composite temporal resolution and 500 m spatial 
resolution. Global Carbon Project emissions and flux 
datasets were obtained from the annual GCP Carbon Budget 
data release (Friedlingstein et al., 2022), incorporating 

revised historical emissions inventories and atmospheric 
inversion-based land and ocean flux estimates through 
2023. All datasets underwent standardized preprocessing 
including gap filling via spatial kriging interpolation, 
temporal resampling to consistent monthly means, and 
z-score normalization by climatological period (1981–
2010) prior to model training.

Qualitative data were collected through systematic 
literature review following PRISMA guidelines, with the 
initial search conducted across five databases (Web of 
Science, Scopus, IEEE Xplore, Google Scholar, and NASA 
Technical Reports Server) using Boolean query terms 
combining AI/ML keywords with climate application 
domains. Initial screening of 1,847 records yielded 24 
case studies meeting inclusion criteria for deployment 
context analysis, sampling criteria including: published 
peer review in Q1/Q2 journals or tier-1 conference 
proceedings (NeurIPS, ICML, ICLR); clear description of 
deployment context and data infrastructure; reporting 
of model performance metrics; and explicit discussion of 
implementation challenges.

Data Analysis Procedures
Quantitative performance assessment employed a 
standardized evaluation framework. For regression tasks 
(temperature and carbon flux prediction), performance 
metrics included MAE, RMSE, coefficient of determination 
(R²), and Nash-Sutcliffe efficiency (NSE). For classification 

Table 2: AI Models and Architectures Evaluated
Model Architecture Primary Application Key Hyperparameters

LSTM-Climate Long Short-Term Memory 
RNN

Temp. time-series prediction Layers: 3, Units: 256, Dropout: 0.2

ConvLSTM Convolutional LSTM Spatiotemporal prediction Filters: 64, Kernel: 3×3, Seq: 12

XGBoost-Ensemble Gradient Boosted Trees Extreme event classification Trees: 500, Depth: 6, LR: 0.05

Random Forest Bagged Decision Trees Variable importance ranking Trees: 300, Features: sqrt(n)

Transformer-Climate Multi-head attention + FFN Carbon flux estimation Heads: 8, Layers: 6, d_model: 512

Hybrid NeurPhys Physics-constrained NN GCM parameterization Phys. penalty: λ=0.3, Epochs: 200
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Table 3: Global Mean Surface Temperature Prediction Performance (10-Year Horizon)
Model / Baseline MAE (°C) RMSE (°C) R² NSE vs. GCM Baseline 

(ΔMAE%)

LSTM-Climate 0.31 0.47 0.94 0.91 −23.7%*

ConvLSTM 0.34 0.51 0.93 0.89 −16.5%*

Transformer-Climate 0.33 0.49 0.94 0.90 −19.0%*

XGBoost-Ensemble 0.38 0.56 0.91 0.87 −6.8%*

Random Forest 0.41 0.59 0.90 0.85 +0.7%

Hybrid NeurPhys 0.35 0.52 0.93 0.89 −13.9%*

— Baselines —

GCM Ensemble Median 0.407 0.586 0.89 0.84 reference

Persistence Forecast 0.78 1.02 0.71 0.52 +91.7%
Note. * denotes statistically significant improvement (p < 0.05, Diebold-Mariano test with BH correction). Evaluation period: 2010–2022 
(held-out test set).

tasks (extreme event detection), evaluation metrics 
encompassed accuracy, precision, recall, F1 score, and AUC-
ROC. Statistical significance of performance differences 
between AI models and baselines was assessed using 
Diebold-Mariano tests for forecast accuracy comparison, 
with Benjamini-Hochberg false discovery rate correction 
for multiple comparisons at α = 0.05.

Feature importance analysis was conducted using 
SHAP (SHapley Additive exPlanations) values for tree-
based models and integrated gradients for neural network 
models, enabling attribution of predictive contributions 
to individual input variables. Temporal stability of 
model performance was assessed through rolling 
window validation experiments, evaluating performance 
across consecutive 2-year test windows to characterize 
sensitivity to non-stationarity in the underlying climate 
system. Qualitative data analysis followed a directed 
content analysis framework, with deductive coding 
categories derived from the technology adoption and 
climate technology transfer literatures, supplemented 
by inductive codes emerging from the case study corpus.

Ethical Considerations
This study operates exclusively with publicly available, 
anonymized observational and model output datasets, 
and does not involve human subjects research requiring 
institutional review board (IRB) oversight. Nonetheless, 
the research team is committed to several ethical 
principles governing responsible AI development and 
deployment in climate contexts.

Transparency and reproducibility are operationalized 
through the planned public release of all preprocessing 
scripts, model implementation code, and trained model 
weights under MIT open-source license upon manuscript 
acceptance. The computational carbon footprint of model 
training—estimated at approximately 2.3 tCO₂e for the full 
experimental pipeline on GPU infrastructure—is explicitly 
reported, consistent with emerging norms for AI research 
environmental accountability. Equity considerations 
have shaped the dataset selection to prioritize global 
rather than exclusively Northern Hemisphere coverage, 
and the discussion of implementation barriers explicitly 
addresses differential access to AI capabilities across 

Table 4: Extreme Precipitation Event Classification Performance

Model Accuracy (%) Precision Recall F1 Score AUC-ROC

XGBoost-Ensemble 91.4 0.88 0.91 0.89 0.97

Random Forest 87.6 0.85 0.87 0.86 0.94

LSTM-Climate 89.2 0.87 0.89 0.88 0.96

ConvLSTM 88.7 0.86 0.88 0.87 0.95

Transformer-Climate 90.1 0.89 0.88 0.88 0.96

Hybrid NeurPhys 88.9 0.87 0.89 0.88 0.95

Threshold Baseline 74.3 0.71 0.76 0.73 0.82
Note. Threshold Baseline uses 95th percentile precipitation exceedance criterion. Classification target: daily precipitation ≥ 99th 
climatological percentile (≥ ~50 mm/day at midlatitudes).
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Table 5: Carbon Flux (GPP) Estimation Performance Across FLUXNET Sites

Model MAE (gC m⁻² day⁻¹) RMSE (gC m⁻² day⁻¹) R² Bias (gC m⁻² day⁻¹)

Transformer-Climate 0.82 1.09 0.92 −0.04

LSTM-Climate 0.89 1.18 0.91 +0.07

Hybrid NeurPhys 0.86 1.13 0.91 +0.02

XGBoost-Ensemble 0.94 1.24 0.89 +0.12

Random Forest 0.97 1.29 0.88 +0.15

MODIS BESS (Baseline) 1.00 1.34 0.87 +0.18

Linear Regression 1.20 1.61 0.79 +0.31

national income levels. The research team acknowledges 
the risk of unintended consequences from climate AI 
misapplication and advocates for domain expert co-design 
in all operational deployment contexts.

Results

Temperature Prediction Performance
Table 3 presents comparative performance metrics for 
global mean surface temperature prediction across all 
evaluated models and baseline approaches. All AI models 
demonstrate statistically significant improvements over 
the persistence baseline (p < 0.001). LSTM-Climate achieves 
the lowest MAE of 0.31°C and RMSE of 0.47°C, representing 
23.7% and 19.8% respective improvements over the 
multi-model GCM ensemble baseline. The Transformer-
Climate model achieves comparable accuracy (MAE = 
0.33°C) with substantially lower computational inference 
cost, suggesting favorable efficiency for operational 
deployment. The Hybrid NeurPhys model, while not 
achieving the lowest absolute error, demonstrates superior 
physical plausibility scores as evaluated by independent 

domain expert assessment, with 94.2% of predictions 
maintaining physically consistent spatial covariance 
structures versus 78.6% for LSTM-Climate.

Extreme Event Classification Results
Table 4 presents performance metrics for extreme 
precipitation event classification using ERA5 data. 
XGBoost-Ensemble achieves the highest overall accuracy 
(91.4%) and F1 score (0.89), confirming Hypothesis 
H2. The model’s strong recall (0.91) is particularly 
operationally significant, as false negatives (missed 
extreme events) carry greater societal cost than false 
positives in flood warning applications. Transformer-
Climate achieves comparable AUC-ROC (0.96) with slightly 
lower recall (0.88), suggesting strong discriminative 
capacity with marginally higher miss rates at the optimal 
classification threshold.

Carbon Flux Estimation Results
Figure 1 (described below) presents observed versus 
modeled terrestrial carbon flux estimates across 150 
FLUXNET eddy covariance tower sites. Transformer-
Climate achieves the lowest mean absolute error in carbon 

Table 6: Qualitative Coding Results: AI-Climate Deployment Barriers and Enablers (n = 24 Case Studies)

Theme Frequency (n) Proportion (%) Representative Excerpt

Data infrastructure quality 21 87.5% “Insufficient ground-truth coverage undermined validation 
confidence”

Model interpretability 19 79.2% “Operational users required physical justification for 
predictions”

Computational resource access 17 70.8% “GPU cluster unavailability limited retraining frequency”

Institutional capacity 16 66.7% “Lack of ML expertise within meteorological agencies”

Cross-sector data sharing 14 58.3% “Siloed data governance impeded multi-agency integration”

Regulatory / policy alignment 12 50.0% “No existing framework for AI-generated forecast 
certification”

Equity and access concerns 11 45.8% “Model outputs not calibrated for local climate conditions”

Long-term maintenance 10 41.7% “Model drift undetected due to absent monitoring protocols”

Successful integration factors 18 75.0% “Strong researcher-practitioner co-design essential to 
success”
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flux estimation (MAE = 0.82 gC m⁻² day⁻¹), representing an 
18.2% improvement over the MODIS-based GPP product 
(MAE = 1.00 gC m⁻² day⁻¹) and a 31.4% improvement over 
simple linear regression (MAE = 1.20 gC m⁻² day⁻¹). Table 
5 presents complete carbon flux estimation results across 
model classes.

Figure 1. Scatter plot of AI-predicted versus observed 
gross primary productivity (GPP) across 150 FLUXNET 
sites for the Transformer-Climate model (left panel) and 
MODIS BESS baseline (right panel). Points are colored by 
climate zone (tropical: blue; temperate: green; boreal: 
orange; arid: red). The Transformer-Climate model 
demonstrates substantially reduced scatter in tropical 
forest sites (RMSE = 0.71 gC m⁻² day⁻¹) compared to 
the MODIS baseline (RMSE = 1.24 gC m⁻² day⁻¹), with 
systematic bias reduction particularly evident in dense 
canopy environments where MODIS spectral saturation 
degrades retrieval accuracy.

Qualitative Results: Deployment Barriers and 
Enablers
Content analysis of 24 AI-climate deployment case studies 
yielded four primary thematic clusters describing factors 
shaping implementation success and failure (Table 6). Data 
infrastructure quality emerged as the most frequently 
cited determinant of deployment success, mentioned in 21 
of 24 case studies (87.5%), with inadequate ground truth 
data and inconsistent data pipeline reliability identified 
as particularly consequential barriers in lower-income 
country contexts. Model interpretability requirements 
were cited in 19 cases (79.2%), with meteorological and 
environmental agencies consistently requiring that model 
predictions be explainable to non-specialist policymakers 
and the public as a prerequisite for operational adoption.

Discussion

Interpretation of Quantitative Results
The finding that LSTM-Climate achieves 23.7% MAE 
reduction versus the GCM ensemble in 10-year temperature 
prediction confirms Hypothesis H1 and extends prior work 
by Ham et al. (2019) and Salimans et al. (2022) to longer 
prediction horizons. The superiority of LSTM over the 
persistence baseline by a factor of 2.5 in MAE demonstrates 
that the model has successfully learned meaningful climate 
dynamics rather than merely capturing recent trends—a 
non-trivial achievement at decadal scales where internal 
variability compounds forced response signals. The high 
NSE scores (≥ 0.85 for all deep learning models) further 
attest to genuine predictive skill, exceeding the 0.65 NSE 
threshold commonly adopted in hydrology as evidence of 
acceptable model performance.

The strong performance of XGBoost-Ensemble in 
extreme precipitation classification (91.4% accuracy, 
AUC = 0.97) confirms Hypothesis H2 and aligns with 

the findings of Buda et al. (2020), who reported AUC of 
0.94 for 24-hour extreme precipitation forecasting over 
the United States. The extension of this finding to global 
ERA5 data at monthly classification scales suggests that 
gradient-boosted tree methods possess generalizable 
feature extraction capacity for precipitation extremes 
that is not region-specific. The SHAP analysis (not shown 
in Table 4 but reported in the supplementary materials) 
reveals that the three most predictive features for extreme 
precipitation classification are 850 hPa specific humidity 
anomaly (mean |SHAP| = 0.34), sea surface temperature 
anomaly in the preceding 3-month window (mean |SHAP| 
= 0.28), and 500 hPa geopotential height anomaly (mean 
|SHAP| = 0.22)—physically interpretable precursors 
consistent with established synoptic climatology.

The Transformer-Climate model’s leadership in 
carbon flux estimation (MAE = 0.82 gC m⁻² day⁻¹, 18.2% 
improvement over MODIS baseline) confirms Hypothesis 
H3 for the specific comparison of Transformer versus 
satellite-based baseline, though the margin of superiority 
over the Hybrid NeurPhys model (MAE = 0.86) was not 
statistically significant at p = 0.05 after BH correction 
(p = 0.11), suggesting that both architectures represent 
viable approaches for operational carbon flux estimation. 
The systematic positive bias observed in simpler models 
(linear regression bias = +0.31 gC m⁻² day⁻¹) is consistent 
with known spectral saturation artifacts in MODIS-based 
GPP retrievals in dense tropical forests, and the near-zero 
bias of Transformer-Climate (−0.04 gC m⁻² day⁻¹) suggests 
that attention mechanisms successfully identify and 
correct for these systematic errors.

Comparison with Existing Literature
The performance results reported here are broadly 
consistent with, and in several cases extend, findings from 
the existing AI-climate literature. The LSTM temperature 
prediction MAE of 0.31°C compares favorably to Salimans 
et al.’s (2022) CNN-based MAE of approximately 0.36°C, 
suggesting that explicit temporal modeling through 
recurrent architectures offers additional predictive value 
beyond spatial pattern recognition alone for multi-year 
temperature forecasting. However, it is important to note 
that direct comparisons across studies are complicated 
by differences in prediction horizon, geographic domain, 
and evaluation period—a methodological fragmentation 
that represents a significant impediment to cumulative 
knowledge building in this field.

The qualitative finding that data infrastructure 
quality is the dominant barrier to AI-climate deployment 
(87.5% of case studies) substantially reinforces Rolnick 
et al.’s (2022) taxonomy, which identified data access 
and quality as cross-cutting constraints across all 13 
high-leverage AI-climate application domains. Notably, 
this study provides more granular characterization 
of the infrastructure barrier, distinguishing between 
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data pipeline reliability constraints (more prevalent in 
Global South deployments), ground truth data scarcity 
(particularly acute for ocean and polar applications), 
and data governance fragmentation across institutional 
silos (consistently reported in multi-agency operational 
forecasting contexts).

The finding that model interpretability is required by 
79.2% of operational deployment contexts is higher than 
might be expected given the technical literature’s focus 
on predictive performance metrics, and echoes Rudin’s 
(2019) argument that the case for interpretable models in 
high-stakes decision contexts is routinely underweighted 
by academic researchers optimizing benchmark metrics. 
The frequency of interpretability requirements in climate 
services and environmental management contexts—where 
predictions directly inform infrastructure investment, 
evacuation decisions, and resource allocation—suggests 
that the technical community’s current emphasis on 
performance-only evaluation frameworks requires 
reorientation toward co-designed utility metrics.

Implications
The study’s findings carry implications across scientific, 
technological, policy, and equity dimensions. Scientifically, 
the demonstrated superiority of hybrid neural-physical 
models in physical plausibility assessment—even where 
their absolute error metrics are not the lowest—argues for 
greater emphasis on physics-constrained AI architectures 
in climate applications where model trust and scientific 
defensibility are prerequisites for adoption. The finding 
that transformer architectures achieve competitive 
performance across both time series prediction and spatial 
pattern recognition tasks suggests that investment in 
climate-specific foundation models, analogous to ClimaX 
(Nguyen et al., 2023), represents a high-return research 
direction.

Technologically, the strong performance of gradient-
boosted ensemble methods in classification tasks—
combined with their superior interpretability via SHAP 
analysis—argues for their prioritization in near-term 
operational deployment contexts, particularly in national 
meteorological services where computational resources 
are constrained and stakeholder trust requirements 
are high. The deployment of transformer and LSTM 
architectures is better positioned as a medium-term 
strategy as interpretability toolkits for deep learning 
continue to mature.

F r om a p ol ic y  p er s p e c t i ve ,  t he  s y s t em at ic 
documentation of equity gaps in AI-climate deployment 
capacity reinforces the case for dedicated technology 
transfer mechanisms under the Paris Agreement’s Article 
10 framework and the establishment of open-source, 
computationally lightweight AI climate toolkits specifically 
designed for low-resource deployment environments. The 
finding that successful deployments consistently feature 
researcher-practitioner co-design (75% of success cases) 

provides actionable guidance for structuring international 
climate technology cooperation programs.

Limitations
Several limitations constrain the generalizability of these 
findings. First, the quantitative evaluation is restricted 
to global-scale prediction tasks; performance at regional 
and local scales—where climate adaptation decisions 
are typically made—may differ substantially, and future 
work should explicitly benchmark AI performance across 
spatial scales from global to watershed-level. Second, the 
case study corpus, while assembled through systematic 
literature review, is subject to publication bias: successful 
AI-climate deployments are more likely to be published 
than failures, potentially leading to overestimation of 
deployment success rates and undercharacterization of 
barrier severity.

Third, the temporal scope of the training data 
(predominantly 1980–2010 for historical baselines) means 
that model performance in the post-2020 climate—which is 
characterized by the increasing emergence of novel climate 
states outside the historical distribution—remains to be 
established. This distribution shift problem represents 
a fundamental challenge for all data-driven climate 
modeling approaches and will require active monitoring 
and adaptive retraining protocols in operational settings. 
Fourth, the computational carbon footprint analysis 
reported here is based on estimated GPU utilization; 
actual training costs may vary substantially depending 
on hardware efficiency, cluster utilization rates, and 
renewable energy mix of data center electricity supply.

Directions for Future Research
Building on these findings, the research community should 
prioritize several directions. First, systematic multi-scale 
benchmarking studies that evaluate AI climate model 
performance from global to local scales using consistent 
methodological frameworks would substantially advance 
the field’s capacity for cumulative knowledge building. 
Second, the development and open-source release of 
computationally efficient AI climate toolkits—designed 
for deployment on commodity hardware without GPU 
requirements—would directly address the computational 
equity barriers documented in this study’s qualitative 
analysis.

Third, longitudinal evaluation of AI climate model 
performance under distribution shift conditions—tracking 
predictive skill as the climate evolves away from the 
historical training distribution—represents a critical but 
underexplored research frontier with direct implications 
for model reliability in the high-warming scenarios that 
now constitute plausible near-term trajectories. Fourth, 
participatory co-design research involving AI scientists, 
climate domain experts, operational forecasters, and 
frontline adaptation practitioners from climate-vulnerable 
communities would help to reorient the field’s evaluation 
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frameworks toward metrics of practical utility rather than 
benchmark performance alone. Finally, interdisciplinary 
research into governance frameworks for AI climate 
tool certification, liability, and equitable access would 
complement the technical advances documented in this 
study with the institutional infrastructure necessary for 
responsible at-scale deployment.

Conclusion
This study has provided a comprehensive empirical and 
qualitative assessment of artificial intelligence applications 
in climate change predict ion and environmental 
sustainability, addressing a critical gap in the literature 
through integrated mixed-methods investigation of model 
performance, deployment contexts, and equity dimensions. 
The quantitative findings demonstrate that contemporary 
AI architectures—particularly LSTM networks, gradient-
boosted ensembles, and transformer models—achieve 
statistically significant performance improvements 
over traditional climate modeling approaches across 
temperature prediction (23.7% MAE reduction), extreme 
precipitation classification (91.4% accuracy), and carbon 
flux estimation (18.2% error reduction) tasks. These 
results confirm all four study hypotheses and provide a 
rigorously benchmarked evidence base for AI integration 
into operational climate services.

The qualitative findings add critical contextual depth 
by documenting the systematic implementation barriers—
data infrastructure deficits, interpretability requirements, 
computational resource inequities, and institutional 
capacity constraints—that currently limit the translation 
of AI’s demonstrated technical potential into operational 
climate resilience impact. The finding that researcher-
practitioner co-design is consistently associated with 
successful deployment outcomes provides actionable 
guidance for the international climate technology 
cooperation community.

Taken together, these findings underscore a dual 
imperative for the research and policy communities: 
accelerating the technical development of interpretable, 
computationally efficient, and physically consistent AI 
climate tools, while simultaneously addressing the equity 
and governance dimensions that determine whether 
these tools will serve the global communities most 
urgently in need of climate intelligence. The confluence 
of unprecedented observational data availability, rapidly 
advancing AI architectures, and acute global climate 
need creates a historic opportunity to harness data-
driven intelligence as a cornerstone of humanity’s climate 
response. Realizing this opportunity demands not only 
technical innovation but a sustained commitment to 
equity, transparency, and co-design that centers the needs 
of climate-vulnerable communities in the AI development 
pipeline.

Fut u r e r ese a r ch shou ld pu r s ue mu lt i-sc a le 

AI benchmarking , open-source low-resource tool 
development, longitudinal performance tracking under 
distribution shift, and participatory co-design frameworks. 
The integration of these directions will be essential 
to transforming AI’s climate prediction potential into 
equitable, reliable, and sustained contributions to global 
environmental sustainability.
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