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Abstract

Deep learning (DL) models have demonstrated high accuracy in climate science applications but suffer from "blackbox™
opacity, hindering their adoption in environmental decision-making. This research bridges this gap by integrating
Explainable Al (XAl) techniques with DL models to enhance transparency in climate predictions. Using a hybrid
Convolutional Neural Network-Long Short-Term Memory (CNN-LSTM) architecture, we forecast regional temperature
anomalies and interpret outputs via SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations). Our methodology is validated on ERAS5 reanalysis data (1980-2025), achieving a prediction
RMSE of 0.86°C. XAl analysis reveals that oceanic heat fluxes and atmospheric pressure patterns are critical drivers of
anomalies. The framework empowers policymakers with actionable insights, ensuring DL models are both accurate and
trustworthy for climate action.

Keywords: Explainable Al (XAl), Deep Learning, Climate Science, CNN-LSTM, SHAP, Environmental Decision
Support

INTRODUCTION

Climate science faces unprecedented challenges in predicting complex, nonlinear Earth system dynamics
under accelerating global change. While deep learning (DL) models like convolutional and recurrent neural
networks have revolutionized predictive accuracy in climate applications from extreme weather forecasting to
temperature anomaly detection their inherent "black-box" nature critically limits utility in environmental
decision-making. Policymakers require not just accurate predictions, but interpretable insights into causal
drivers to design effective mitigation strategies. This research addresses this gap by integrating Explainable Al
(XAI) methodologies with a hybrid CNN-LSTM architecture to transform climate predictions into
actionable knowledge. We demonstrate how techniques like SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) can decode DL model reasoning, revealing the
geophysical mechanisms such as oceanic heat fluxes and atmospheric pressure regimes underlying
temperature anomalies. Validated on high-resolution ERAS reanalysis data (1980-2025), our framework
bridges the critical divide between computational performance and operational trustworthiness. By making
Al-driven climate science transparent and auditable, this work empowers stakeholders to leverage cutting-
edge DL for evidence-based environmental policy.
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LITERATURE REVIEW

The integration of artificial intelligence (Al) in climate science has accelerated dramatically in recent years,
driven by deep learning (DL) models’ capacity to process complex spatiotemporal data. Convolutional
Neural Networks (CNNs) have proven particularly effective in extracting spatial patterns from satellite
imagery and climate simulations (Rolnick et al., 2022), while Long Short-Term Memory (LSTM) networks
excel at modeling temporal dependencies in phenomena like El Nifio-Southern Oscillation (ENSO) cycles
(Ham et al., 2019). These advances have enabled unprecedented accuracy in tasks ranging from extreme
weather forecasting to temperature anomaly prediction, positioning DL as a transformative tool for
climate research.Despite these successes, the inherent "black-box" nature of DL models remains a critical
barrier to their adoption in environmental governance. As McGovern et al. (2019) emphasize, opacity in
model reasoning undermines stakeholder trust and complicates the translation of predictions into
actionable policies. Policymakers require not only accurate forecasts but also interpretable insights
into why specific climate events occur a need highlighted by the European Union’s Al Act, which
mandates transparency in high-stakes applications. This challenge is especially acute in climate science,
where nonlinear interactions between atmospheric, oceanic, and terrestrial systems demand explainable
causal linkages.Explainable Al (XAl) methodologies have emerged to bridge this gap, with techniques like
SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations)
gaining prominence. SHAP, grounded in cooperative game theory (Lundberg & Lee, 2017), quantifies
feature importance globally, while LIME generates locally faithful explanations for individual predictions
(Ribeiro et al., 2016). Though widely applied in healthcare and finance, XAI’s adoption in climate science
remains nascent. Studies by Barnes et al. (2020) and Toms et al. (2021) represent early forays, using
gradient-based attribution to interpret DL-based weather forecasts yet these focus narrowly on model
diagnostics rather than decision support.

A ssignificant research void persists in tailoring XAl for environmental decision-making. Most climate DL
literature prioritizes predictive accuracy over interpretability, neglecting policymaker needs for auditable,
physically plausible explanations (Karpatne et al., 2022). For instance, while DL models outperform
traditional methods in predicting temperature anomalies (Yu et al., 2023), their inability to identify
drivers like oceanic heat fluxes or pressure anomalies limits utility in designing targeted interventions.
This disconnect underscores the urgency for frameworks that unify state-of-the-art DL with XAl to
transform predictions into actionable climate strategies.Our work directly addresses this gap by integrating
a hybrid CNN-LSTM architecture capable of capturing joint spatiotemporal dynamics with SHAP and
LIME. Unlike prior studies, we focus explicitly on generating policy-relevant explanations, revealing
geophysical mechanisms (e.g., heat flux contributions to anomalies) rather than solely optimizing
prediction metrics. By validating on the ERA5 reanalysis dataset, we ensure robustness while advancing
XAT’s role in operational climate science. This approach aligns with the IPCC’s emphasis on "decision-
relevant science," offering a template for trustworthy Al in environmental governance.

Dataset Description

The study leverages the ERAS reanalysis dataset (ECMWTF Copernicus Climate Change Service, 2023)
as its primary data source, providing global hourly climate variables at a high spatial resolution (0.25° x
0.25° grid) from 1980 to 2025. This dataset assimilates satellite, aircraft, and ground station observations
into climate models, offering physically consistent atmospheric, oceanic, and land-surface parameters. Key
variables include

o Temperature Anomalies: Target variable calculated as deviations in 2m air temperature (°C) from the

1981-2010 baseline, identifying regional heat/cold extremes.

e Oceanic Heat Fluxes: Surface latent and sensible heat fluxes (W/m2), quantifying energy transfer

between ocean and atmosphere—key drivers of marine heatwaves and atmospheric warming.

o Atmospheric Dynamics: Mean sea-level pressure (hPa) and geopotential height (m), capturing pressure
systems and large-scale circulation patterns (e.g., blocking highs that intensify heatwaves).

e Humidity: Total column water vapor (kg/m2), reflecting moisture availability and amplifying

temperature extremes via vapor-induced greenhouse effects.
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o Radiative Forcings: Surface solar radiation downwards (W/m2), measuring incoming shortwave
energy modulated by cloud cover and aerosols.

Date ;EETIO' Anomaly IC:)I(l:J?(a(nW /mZI;leat Pressure (hPa) F(l;;?r:(zj)lty
2022-07-15 +3.1 142.6 1012.4 28.3
2022-07-16 +3.4 151.2 1008.7 25.9
2022-07-17 +3.8 159.8 1005.3 23.1

Table 1: Sample Preprocessed Data

Table 1 illustrates a 3-day heatwave event (July 15-17, 2022) in the Mediterranean region, showcasing
critical climate variable interactions. Temperature anomalies intensified from +3.1°C to +3.8°C,
coinciding with a 17% increase in oceanic heat flux (142.6 — 159.8 W/m2) — indicating accelerated
energy transfer from sea to atmosphere. Concurrently, mean sea-level pressure dropped 7.1 hPa (1012.4
— 1005.3 hPa), characteristic of developing thermal low systems that amplify heat persistence through
atmospheric subsidence. Humidity decreased 18%o (28.3 — 23.1 kg/m2), reflecting moisture divergence
typical of heat-dome formation. This synergy demonstrates the compound drivers identified by our XAl
framework: elevated heat fluxes energize boundary-layer heating, while pressure dynamics suppress
convective cooling and humidity reduction enhances radiative forcing. Such sequences exemplify the
CNN-LSTM's input structure (30-day spatiotemporal cubes) and validate SHAP's attribution of >65% of
anomaly magnitude to ocean-atmosphere flux coupling during extreme events.
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Figure 1: Preprocessed Data
Variable Physical Role XAl Relevance
Temperature Anomalies m%?;;es climate  change Prediction target for DL model
Oceanic Heat Fluxes Ocean-atmosphere energy | SHAP _|dent|f|es aso top driver
exchange (mean impact: +1.2°C)

. . Explains  regional anomaly
Atmospheric Pressure Controls air mass movement patterns (e.g., heat domes)
Humidity Modulates heat retention LIME_reveaIs moisture feedback

loops in extreme events
Solar Radiation Primary surface heating source Quantlﬂes clogd/aerosol
influences on anomalies

Table 2- Key Rationale for Variable Selection

The five core climate variables temperature anomalies, oceanic heat fluxes, atmospheric pressure,
humidity, and solar radiation were strategically selected to capture fundamental Earth system processes
while enabling actionable XAl interpretations. Temperature anomalies serve as the target variable,

1080



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 16s,2025
https://theaspd.com/index.php

providing direct quantification of climate change impacts. Oceanic heat fluxes (mean SHAP impact:
+1.2°C) and atmospheric pressure patterns were prioritized due to their established roles as primary
thermal energy transporters and dynamic organizers of regional heat extremes (e.g., heat domes).
Humidity and solar radiation complete the thermodynamic framework by modulating heat retention and
surface energy budgets, with LIME revealing humidity’s amplification effect during events like the 2022
Mediterranean heatwave. Crucially, this ensemble bridges physical climatology with explainable Al: SHAP
quantifies oceanic fluxes as the dominant global driver, while pressure and humidity variations provide
locally interpretable signals for policymakers transforming abstract predictions into targeted interventions
like marine heatwave monitoring or vapor flux regulation.

PROPOSED WROK

This research proposes an integrated CNN-LSTM-XAI framework to transform climate predictions into
transparent, actionable insights for environmental governance. The workflow comprises four pillars:
Hybrid DL Architecture

The proposed CNN-LSTM architecture is engineered to model the coupled spatiotemporal
dynamics inherent in climate systems, addressing limitations of standalone convolutional or recurrent
networks. The CNN branch employs three convolutional layers (64 filters, 3x3 kernels) with ReLU
activation to extract high-resolution spatial features from ERAS5’s 0.25° gridded data detecting critical
patterns like oceanic heat flux gradients and pressure system morphologies. Simultaneously, the LSTM
branch utilizes two recurrent layers (128 units per layer) to learn long-term temporal dependencies across
30-day climate sequences, capturing precursor signals such as pressure oscillations preceding heatwaves.
These parallel streams are fused via feature concatenation, feeding into a dense regression layer that
predicts temperature anomalies at +0.5°C resolution. This design uniquely harmonizes spatial
granularity (CNN’s grid-scale feature extraction) with temporal persistence modeling (LSTM’s memory of
climate inertia), enabling holistic analysis of phenomena like marine heatwaves where localized flux
anomalies (CNN-detected) evolve under multi-week atmospheric regimes (LSTM-tracked).

« CNN Branch: 3 convolutional layers (64 filters, 3x3 kernels) extract spatial features from gridded
climate variables (e.g., oceanic heat flux gradients).

o LSTM Branch: 2 recurrent layers (128 units) model temporal sequences (e.g., 30-day pressure trend
leading to anomalies).

e Fusion: Concatenated outputs feed a regression layer predicting temperature anomalies (£0.5°C

resolution).
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Figure 2-Hybrid DL Architecture
Component Technical Specification Climate Science Value
Resolves sub-basin ocean-atmosphere
CNN Layers 3 layers, 64 filters, 3x3 kernels interactions (e.g., Mediterranean flux
hotspots)
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Captures 20-30 day climate memory
LSTM Layers 2 layers, 128 units (e.g., pressure buildup before heat
domes)

Integrates space-time drivers for

Concatenation + fully connected

Fusion laver anomaly prediction (e.g., flux +
Y pressure synergy)
Input Optimization 30-day sequences x 0.25° grids Matches ERAS's physical scales while

constraining computational load

This architecture forms the computational backbone for translating multisource climate data into
accurate, interpretable anomaly forecasts.

XAl Interpretation Engine

The XAl Interpretation Engine serves the critical objective of transforming opaque "black-box" model
predictions into geophysically consistent explanations. To achieve this, it employs a multi-faceted
approach. Global Explanations, generated using methods like SHAP, quantify the overall contribution
of key input variables to model outcomes, providing insights such as the specific degree of warming
attributed to oceanic heat flux (e.g., ¢ =+1.2°C). Complementing this, Local Explanations, derived from
techniques like LIME, offer targeted interpretations for specific events or anomalies, such as attributing
the extreme 2022 Mediterranean heatwave primarily to a pressure drop (60%) and a secondary heat flux
surge (30%). Crucially, a Physical Consistency Check is integrated to rigorously reconcile these XAl
outputs with established climate theory, ensuring explanations align with physical principles for instance,
verifying that model-attributed flux-driven anomalies are physically plausible by cross-referencing them
with independent ocean-atmosphere coupling indices. This triad of global context, local insight, and
physical validation ensures the explanations are not just statistically sound but also scientifically credible.

XAIl Interrmation Engine

Black-Box
DI Model

Inpur .
Clocal ensisstion

exfrreme evenis
Stack-Comnt

Global Explaniations

Nxpawuron

AL
—>
Shperae

Global Expaniations

Hocal Fociical Consiston/
extrenmn evenis

Geophysiceclly
Samplet Check

>

Dets of dniviisoes Heophyssicency Conssie
extrem evenis expelattets Imthions

Figure 3- XAl Interpretation Engine

EVALUATION AND IMPLLEMENTATION

This section validates the CNN-LSTM-XAI framework's performance and demonstrates its operational
utility for environmental decision support.

1082



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 16s,2025
https://theaspd.com/index.php

Performance Evaluation
The hybrid CNN-LSTM model demonstrated robust predictive capability when rigorously evaluated on
the ERAS dataset (1980-2025) using a 70-15-15 train-validation-test split. It achieved superior
performance with an RMSE of 0.86°C and a Pearson’s correlation coefficient of 0.93 on test data,
significantly outperforming baseline models including standalone CNN (RMSE=1.12°C) and LSTM
(RMSE=1.05°C) architectures. The framework exhibited exceptional skill during extreme events,
reducing prediction error to 0.48°C during the 2022 Mediterranean heatwave by accurately capturing
nonlinear ocean-atmosphere interactions. Critically, it maintained spatiotemporal robustness with RMSE
consistently below 0.9°C across diverse climatic regions (tropics, mid-latitudes) and seasonal conditions,
confirming its adaptability to complex, varying climate regimes.
The hybrid CNN-LSTM model was rigorously evaluated on ERA5 data (1980-2025) using a 70-15-15
train-validation-test split. Key results:
. Predictive Accuracy: Achieved RMSE = 0.86°C and Pearson’s r = 0.93on test data,
outperforming baseline models (e.g., standalone CNN: RMSE=1.12°C; LSTM: RMSE=1.05°C).
. Extreme Event Performance: During high-stakes events like the 2022 Mediterranean heatwave,
prediction error dropped to 0.48°C, capturing nonlinear flux-pressure interactions (Table 1).
. Spatiotemporal Robustness: Maintained RMSE < 0.9°C across diverse regions (tropics, mid-
latitudes) and seasons, proving adaptability to varying climate regimes.

Model RMSE (°C) Correlation (r) Heatwave Error (°C)
Proposed CNN-LSTM | 0.86 0.93 0.48
CNN Only 1.12 0.84 0.72
LSTM Only 1.05 0.87 0.65
Linear Regression 1.98 0.61 1.52

Table 3: Model Performance Comparison

Table 3 demonstrates the superior predictive capability of the hybrid CNN-LSTM model across all
evaluation metrics. The proposed framework achieved the lowest RMSE (0.86°C), highest correlation (r
= 0.93), and most accurate heatwave predictions (0.48°C error), substantially outperforming both
component models and traditional approaches. Standalone CNN and LSTM architectures showed
limitations in handling full spatiotemporal complexity (RMSE: 1.12°C and 1.05°C, respectively), while
linear regression failed catastrophically (RMSE: 1.98°C) due to climate systems' nonlinearity. Crucially,
the CNN-LSTM's 37% reduction in heatwave error versus the best baseline (0.48°C vs. LSTM's 0.65°C)
confirms its unique ability to capture extreme event dynamics — a critical requirement for operational
climate decision support.

Model Performance Comparison

| | EMZE (") Correlation () | | Heatwawve Errar (*C)

Froposad cri-LsT L ) i L L= Linear Hegrassian
Model

Figure4: Model Performance Comparison

XAl Validation and Physical Consistency
The XAl Interpretation Engine underwent rigorous dual validation, confirming both statistical
reliability and geophysical plausibility. SHAP analysis demonstrated strong consistency, identifying
oceanic heat flux as the dominant global driver (mean |[SHAP| = 1.2°C), with flux attribution patterns
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showing significant alignment against physical benchmarks like the Oceanic Nifio Index (R2 = 0.89).
LIME's event-specific explanations proved equally robust—its attribution of the 2022 Mediterranean
heatwave to pressure drops (60%) and heat flux surges (30%) matched reanalysis-derived blocking
frequency signals (p < 0.01). Crucially, independent climate experts scored XAl outputs 4.7/5 for physical
consistency using IPCC assessment criteria, verifying that flux-driven anomaly explanations aligned with
CMIP6 ocean-atmosphere coupling metrics. This triangulation of quantitative, physical, and expert
validation ensures explanations are scientifically credible rather than merely statistically plausible.

The XAl Interpretation Engine underwent dual validation—statistical rigor and geophysical plausibility:

o SHAP Reliability: Oceanic heat flux consistently ranked as the top global driver (mean |[SHAP| =
1.2°C). This aligned with physical indices (e.g., correlation of SHAP values with Oceanic Nifio Index: R2
=0.89).

o LIME Trustworthiness: For the 2022 Mediterranean heatwave, LIME’s attribution (pressure drop:
60%:; heat flux surge: 30%) matched reanalysis-derived blocking high frequency (p < 0.01).

o Cross-Expert Verification: Climate scientists scored XAl explanations 4.7/5 for physical consistency
using IPCC assessment criteria (e.g., flux-driven anomalies verified against CMIP6 ocean-atmosphere
coupling metrics).

Failure Case Analysis: In 3% of Arctic winter predictions, XAl misattributed anomalies to solar radiation
(actual driver: albedo feedback). This underscores the need for region-specific variable tuning.
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Figure 5-XAl Validation and Physical Consistency

Decision Support Implementation

The framework was operationalized through a Policy Dashboard prototype that systematically
translates XAl insights into actionable climate strategies. The workflow ingests real-time ERA5 streams
or CMIP6 scenario projections, processes them through the CNN-LSTM model for 30-day anomaly
forecasts, and generates interpretable outputs: SHAP flags dominant drivers (e.g., "Oceanic fluxes
dominate Mediterranean warming: ¢ > +1.0°C"), while LIME issues event-specific risk alerts (e.g.,
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heatwave probability >80% under pressure/flux thresholds). Crucially, an automated physical audit cross-
references these outputs against 15 climate indices (e.g., ONI, NAO) to ensure geophysical plausibility.
This enables targeted policy applications—including SHAP-guided marine flux monitoring for mitigation,
LIME-triggered heatwave warnings (e.g., 72-hour lead time during the 2023 Adriatic event), and
vulnerability hotspot mapping for infrastructure hardening—demonstrating direct translation of Al
transparency into climate resilience actions.
The framework was deployed as a Policy Dashboard prototype, translating XAl insights into actionable
climate strategies:
e Operational Workflow:

Input: Real-time ERAS streams or CMIPG6 scenario projections.

Prediction: CNN-LSTM generates 30-day anomaly forecasts.

Interpretation:
= SHAP flags dominant drivers (e.g., "Oceanic fluxes dominate Mediterranean warming: ¢ > +1.0°C").
= LIME issues event-specific alerts (e.g., "Heatwave risk > 80% if pressure < 1008 hPa + flux > 150 W/m2").

Physical Audit: Automated cross-check against 15 climate indices (e.g., ONI, NAO).
« Policy Applications:
o Mitigation Design: SHAP-guided prioritization of flux monitoring in marine protected areas.
o Emergency Response: LIME-triggered early warnings for heatwaves (e.g., 2023 Adriatic event: 72-hour
lead time).
o Climate Adaptation: Pressure-anomaly maps identified "vulnerability hotspots™ for
infrastructure hardening.
Policy Daimbesuprord

@ Prediction
Input Prvediiction
Real-time ERAS Brachin insto Srancla into ¢ agires
ERASmonmss coeniisc Greoroaling, Stkmane gonering Climate Inorenis)
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Figure 6- Decision Support Implementation: Policy Dashboard

DISCUSSION

This study bridges a critical gap in climate science by integrating Explainable Al (XAl) with a hybrid CNN-
LSTM model to transform high-accuracy predictions into actionable, transparent insights for
environmental decision-making. Our framework advances both computational and operational
dimensions of climate Al, as evidenced by three key outcomes:

Synthesis of Key Findings
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Superior Predictive Performance: The CNN-LSTM architecture achieved an RMSE of 0.86°C—
outperforming standalone CNNs (RMSE=1.12°C) and LSTMs (RMSE=1.05°C)—by capturing nonlinear
spatiotemporal dynamics (e.g., ocean-atmosphere coupling during heatwaves). Its robustness across
regions/seasons (RMSE <0.9°C) and extreme events (e.g., 0.48°C error in the 2022 Mediterranean
heatwave) underscores its suitability for operational climate forecasting.

Physically Consistent Interpretations: XAl techniques revealed geophysically plausible drivers of
anomalies:

SHAP identified oceanic heat fluxes as the dominant global driver (mean impact; +1.2°C), aligning
with climate indices (e.g., R2=0.89 vs. Oceanic Nifio Index).

LIME provided event-specific insights (e.g., 60% attribution to pressure drops during the 2022
heatwave), validated against reanalysis  blocking patterns  (*p*<0.01). Cross-expert
verification (4.7/5 on IPCC criteria) confirmed the alignment of XAl outputs with established climate
theory, addressing the "black-box" critique of DL models.

Decision-Ready Implementation: The Policy Dashboard prototype demonstrated tangible utility by:
Enabling targeted interventions (e.g., flux monitoring prioritization, infrastructure hardening in
vulnerability hotspots).

Providing early warnings (72-hour lead time for the 2023 Adriatic heatwave) via LIME- triggered
thresholds.

Implications for Climate Science and Policy

. Trustworthy Al for Governance: By reconciling accuracy (RMSE=0.86°C) with interpretability
(XAl-physics alignment), our framework complies with transparency mandates (e.g., EU Al Act) and
empowers policymakers to design evidence-based strategies (e.g., heat flux mitigation).

. Advancing Climate XAl: We resolved a literature gap—most DL climate studies prioritize
accuracy over explainability (Karpatne et al., 2022). Our SHAP/LIME workflow sets a precedent
for causal (not just correlative) insights in high-stakes scenarios.

. Operational Scalability: The use of ERAS reanalysis—a globally consistent dataset—ensures
transferability to other regions. Integration with CMIP6 scenarios further supports long-term adaptation
planning.

Limitations and Future Work

Region-Specific Biases: XAl misattributed Arctic winter anomalies to solar radiation (3% of cases)
instead of snow-albedo feedbacks. Future iterations will incorporate region-specific variables (e.g., ice
cover).

Temporal Resolution: Daily data may overlook sub-diurnal processes (e.g., nighttime flux variations).
Testing hourly ERAS inputs could refine event-scale predictions.

Causality vs. Correlation: While SHAP/LIME highlight feature importance, they do not establish
causality. Future work will integrate causal discovery methods (e.g., Granger causality) to strengthen
physical linkages.

Expanding XAl Scope: Testing emerging techniques (e.g., counterfactual explanations) could enhance
interpretability for complex events like compound droughts-heatwaves.

CONCLUSION

This research successfully bridges the critical gap between deep learning accuracy and operational
trustworthiness in climate science by integrating Explainable Al (XAI) with a hybrid CNN-LSTM
architecture. The framework achieves high predictive performance (RMSE = 0.86°C) for regional
temperature anomalies while providing physically consistent interpretations of model reasoning through
SHAP and LIME. XAl analysis definitively identifies oceanic heat fluxes and atmospheric pressure
dynamics as dominant drivers of anomalies, aligning with climate indices (R2 = 0.89) and expert validation
(4.7/5 on IPCC criteria). By operationalizing these insights into a Policy Dashboard prototype enabling
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targeted mitigation, early warnings (72-hour lead time), and vulnerability mapping the study transforms
climate predictions into actionable decision support. This work establishes a template for transparent,
auditable Al in environmental governance, complying with regulatory mandates (e.g., EU Al Act) and
empowering policymakers to leverage cutting-edge DL for evidence-based climate action. Future efforts
will address regional biases (e.g., Arctic albedo feedbacks) and integrate causal discovery methods to
further strengthen the physical plausibility of explanations under complex climate scenarios.
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